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Summary 
 

Background and aims: Protein kinases C (PKC) and A (PKA) are central signalling 
molecules in T cell activation and are involved in regulating gene expression. A viral 
accessory protein, viral protein R (Vpr), may interfere with their functions in human 
immunodeficiency virus type 1 (HIV-1)-infected T cells. The aim of the study was to 
design and apply pre-processing and analysis methods for cDNA microarray data to 
explore changes caused by PKC and PKA activation on Jurkat T cell gene expression 
and the influence of Vpr therein.  
 
Methods: The microarray data analysis included removing missing and saturated 
intensity values. Background correction and averaging replicate spot intensities were 
ensured to be suitable methods to increase data reliability. Aberrantly deviating replicate 
observations were excluded before the averaging. Lowess normalisation was used to 
centralise the data and to correct non-linearity.  The data was also standardised. Genes 
having at least 2-fold change in expression were considered differentially expressed. 
Their ontologies were studied. 
 
Results: The influence of Vpr on gene expression could not be explored. 76 genes were 
induced and 15 genes repressed by the diacylglycerol (DAG)/PKC signalling. 15 genes 
were induced and 10 genes repressed by the cyclic-adenosine-monophosphate 
(cAMP)/PKA signalling. Some genes were regulated by both. Many genes induced by 
DAG/PKC signalling are associated with processes central for T cell activation.   
 
Conclusions: The methodology presented can assist in future design and analysis of 
microarray data. The results support the previous knowledge that DAG/PKC signalling 
is involved in mediating processes important for T cell activation.  Suggested additional 
microarray experiments could reveal more genes regulated by both signalling pathways 
and increase the statistical significance of the presented results. 
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Tiivistelmä 
 

Tutkimuksen tausta ja tavoitteet: Proteiinikinaasit C (PKC) ja A (PKA) ovat 
keskeisiä signaalimolekyylejä T-soluaktivaatiossa ja osallistuvat geenien ilmentymisen 
säätelyyn. Ihmisen immuunikatovirus 1:n (HIV-1) apuproteiini Vpr saattaa vaikuttaa 
näiden kinaasien toimintaan viruksen infektoimissa T-soluissa. Tutkimuksen tavoitteena 
oli esikäsitellä ja analysoida cDNA-sirumittauksia ja tutkia siten PKC:n ja PKA:n 
aktivaation aiheuttamia muutoksia Jurkat T-solujen geenien ilmentymisessä sekä Vpr-
proteiinin vaikutuksia niihin. 
 
Tutkimusmenetelmät: Mittausaineiston analyysissa hylättiin puuttuvat ja saturoituneet 
intensiteettihavainnot. Taustakorjauksen suorittamisen ja replikaattihavaintojen 
keskiarvojen laskemisen todettiin lisäävän mittausaineiston luotettavuutta. Toisistaan 
huomattavasti poikkeavat replikaattihavainnot poistettiin ennen keskiarvojen 
laskemista. Mittausaineisto keskitettiin ja muunnettiin lineaariseksi Lowess-
normalisoinnilla sekä standardisoitiin. Niiden geenien ilmentymisen tulkittiin 
muuttuvan, joiden transkriptio mittausaineiston mukaan kasvoi tai väheni vähintään 
kaksinkertaisesti. Näiden ontologioita tutkittiin. 
 
Tutkimustulokset: Vpr-proteiinin vaikutusta geenien ilmentymiseen ei voitu tutkia 
mittausaineiston avulla. 76 geenin transkriptio kasvoi ja 15 geenin transkriptio väheni 
diasyyliglyseroli (DAG)/PKC-signaloinnin aktivaatiossa. 15 geenin transkriptio kasvoi 
ja 10 geenin transkriptio väheni syklinen adenosiinimonofosfaatti (cAMP)/PKA               
-signaloinnin aktivaatiossa. Joidenkin geenien transkriptio muuttui molempien 
vaikutuksesta. Useat DAG/PKC-signaloinnin indusoimat geenit liittyvät                       
T-soluaktivaatiolle keskeisiin biologisiin prosesseihin. 
 
Johtopäätökset: Esitetyt analyysimenetelmät voivat edistää tulevien 
mikrosirumittausten suunnittelua ja analysointia. Tulokset tukevat aiempaa tietoa, että 
DAG/PKC-signalointi osallistuu T-soluaktivaatiolle tärkeiden biologisten prosessien 
välittämiseen. Ehdotetut jatkotutkimukset mikrosiruilla voisivat paljastaa enemmän 
molempien signaalireittien T-soluissa säätelemiä geenejä ja lisätä työssä esitettyjen 
tulosten tilastollista merkitsevyyttä.  
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1     Introduction 
The vertebrate immune system operates as a defence mechanism against pathogenic 

micro-organisms and other foreign agents. The immune system consists of a large 

variety of distinct cell types, tissues and organs which together recognise, neutralise and 

destroy foreign substances, commonly referred to as antigens. The responses produced 

by the immune system can be divided into nonspecific (innate immunity) and specific 

responses (specific immunity). Nonspecific responses resist any micro-organism or 

antigen to the same extent. Only specific responses target foreign substances 

specifically and involve improved resistance on repeated exposure. Both nonspecific 

and specific immunity are mediated by white blood cells, leukocytes (Prescott et al., 

2002). 

 

T cells (T lymphocytes) represent a subgroup of leukocytes. Together with B cells (B 

lymphocytes), they mediate the most important functions of the specific immune 

system. B cells produce antigen-specific antibodies which tag antigens for destruction 

and are thereby responsible for mediating the humoral (antibody-mediated) branch of 

the specific immunity. T cells cause lysis or apoptosis of the antibody-tagged cells or 

produce cytokines, compounds which regulate both specific and nonspecific immune 

responses. Performing these actions, T cells constitute the cell-mediated branch of the 

specific immunity. T cells reach maturity in the thymus. After maturation, they circulate 

in blood and can reside in lymphoid organs, such as spleen and the lymph nodes. When 

encountered by antigens, they are activated to perform their immunity-related tasks. In 

addition to their beneficial role in fighting harmful antigens in the vertebrate body, T 

cells are effectors of many non-beneficial conditions, such as allergy, transplant 

rejection and autoimmune diseases. The human immunodeficiency virus (HIV) infects a 

subtype of T cells, leads to their depletion and can cause the acquired immune 

deficiency syndrome, AIDS (Prescott et al., 2002). For these examplary reasons, T cells 

are a target for intensive biomedical research.  

 

Protein kinase C (PKC) and protein kinase A (PKA) are intracellular signalling 

molecules conserved in eukaryotic cells and involved in regulating various cellular 
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processes (reviewed in Taskén & Aandahl, 2003, Spitaler & Cantrell, 2004). With other 

intracellular molecules, they constitute signalling pathways which convey signals from 

extracellular signalling molecules, binding to the cell membrane receptors, to the inside 

of the cell. As a specific subtype of enzymes, kinases, PKC and PKA convey the signals 

by phosphorylating their target molecules (Alberts et al., 2002).  

 

Both PKC and PKA play an important role in immune responses mediated by T cells. 

One way for PKC and PKA to affect the intracellular processes is through regulation of 

the gene expression by activating transcription factors (reviewed in Torgersen et al., 

2002, Tan & Parker, 2003). For example, in the activation of T cells, PKC is central to a 

signalling cascade leading to the expression of a cytokine interleukin-2 (IL-2) gene 

(Prescott et al., 2002, Tan & Parker, 2003). By contrast, PKA represses the expression 

of the IL-2 gene and has been suggested to act as a negative regulator of T cell 

activation (Torgersen et al., 2002).   

 

Although many processes involving PKC and PKA in various cell types are known to 

date, much is still to be revealed about the intracellular signalling networks that these 

kinases contribute to and about their cell-type specific actions. PKC has been associated 

with several cellular processes important for immune function, but only few of its direct 

substrates and thereby the exact mechanisms of PKC action in these cells are known 

(reviewed in Isakov & Altman, 2002, Tan & Parker, 2003, Spitaler & Cantrell, 2004). 

Certain transcription factors are known to be indirectly controlled by PKC in T cell 

activation, but the signalling cascades from PKC downward leading to their activation 

are not clear (Tan & Parker, 2003). PKA, in turn, is known to phosphorylate several 

transcription factors directly (reviewed in Daniel et al., 1998, Servillo et al., 2002). In 

these terms, the components of the signalling cascades of PKA that may play important 

roles in the transcriptional regulation of T cells are somewhat better known than in the 

case of PKC. Since both PKC and PKA are likely to be central for a variety of processes 

in T cell activation, increased knowledge of their signalling pathways and the genes that 

these kinases regulate could enable better understanding of T cell function. 

Furthermore, it could enable development of therapeutic agents which affect these 

kinases or signalling pathways to treat immune disorders. 
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This Master’s thesis presents a cDNA microarray data analysis which aimed at  finding 

genes regulated by PKC and PKA in Jurkat T cells, commonly used as a model of 

human T cells in signal transduction studies (Abraham & Weiss, 2004). HIV uses 

mainly helper T cells as its host for replication and simultaneously severely disrupts the 

functioning of these cells in immune responses (Prescott et al., 2002). The analysed 

microarray data was originally intended for studying the effects of an HI-viral accessory 

protein, viral protein R (Vpr), on the signalling pathways of PKC and PKA in T cells. 

However, due to data-related complications, the biological interest of the data analysis 

was later redirected to the effects of PKC and PKA on T cell gene expression.  

 

In the past years, microarray technologies have found their place in studying the cellular 

signalling pathways as well as various other biological phenomena (Dubitzky et al., 

2003). Microarrays are microscope slides intended for studying a large series of samples 

organised to the slide in ordered fashion. The type of the microarray varies depending 

on the sample placed onto the slide. Among the best-known microarrays are DNA, 

RNA, protein and tissue microarrays. For example, cDNA microarray slides can 

measure the expression of thousands of genes in one sample simultaneously (Pasanen et 

al., 2003). Considering the complexity of signalling pathways, this ability is of great 

advantage and should significantly speed up the biological research.  

 

Along with the new efficient technologies come large amounts of data, the processing 

and analysis of which is not trivial and usually requires computational methods. 

Performing the data analysis is an important part of microarray experiments. When 

performed correctly, it should increase the reliability and interpretability of the 

experimental data. The microarray technologies being relatively new, the computational 

methodology of analysing microarray data is still evolving, although a large amount of 

software has already been developed for this purpose. One challenging issue in 

microarray data analysis is that each data set is a result of a biological experiment with 

unique samples, unique experimentation and unique objectives. Therefore, each data 

can also require unique processing, a task often difficult to pursue in combination with 

high automisation of the data analysis. Ultimately, understanding of both the data 

processing issues and the case-specific biological phenomena are of importance in 

applying appropriate analysis procedures. A particular emphasis in this thesis will be on 

presenting the basic methods of cDNA microarray data analysis and the performed data 
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analysis procedures. These may assist in design and analysis of future microarray 

experiments. 

 

In the study, the data analysis was partly performed using a software specifically 

designed for analysing microarray data, GeneSpring. In addition, the analysis was 

further supplemented using a mathematical programming language, MATLAB. These 

software represent two state-of-the-art approaches to microarray data analysis. The first 

software is highly automated. It includes a wide variety of easy-to-use statistical tools as 

well as tools for linking the microarray data to biological database information. The 

second requires programming skills but is highly flexible as it allows performing 

basically any kind of data analysis tasks. It was exploited additionally in order to apply 

analysis methods suitable for the data and the experimental objectives in question. 
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2   Literature Review 
The signalling pathways of PKC and PKA have been largely studied in various 

organisms and cell types and there is a broad literature describing them in cellular 

signalling networks. Here the operating of PKC and PKA in T cells is viewed and 

special attention is paid to their role in T cell activation. The presentation of T cells 

focuses on helper T cells. The human immunodeficiency virus and its accessory protein 

viral protein R (Vpr) are covered in terms of how they affect helper T cells in HIV 

infection and, in particular, how viral protein R has been suggested to interfere with the 

PKC signalling in HIV-infected cells. A special emphasis in the literature review will be 

on describing the cDNA microarray technique as well as on introducing some of the 

essential methodology of analysing microarray data.    

 

2.1 T cells and their activation 

T cells can be divided into three classes which have different functions in immune 

responses. Cytotoxic T cells (also called CD8+ cells) are capable of causing cytolysis 

and cell death of infected cells, whereas helper T cells (also called CD4+ cells) and 

suppressor T cells act as regulators of other cells mediating specific immunity. The 

helper T cells can be classified into three subsets: T helper 0 (Th0), T helper 1 (Th1) 

and T helper 2 cells (Th2). Th0 cells are undifferentiated precursors of the other two 

subsets (Prescott et al., 2002, Paul, 2003). 

 

T cells are activated when they associate with antigens. When activated, the cells start 

efficient proliferation and expression of cytokines, such as interleukin-2 (IL-2).  IL-2 

functions as both an autocrine and paracrine growth factor of T cells. It is required for T 

cell differentiation after activation (Hughes & Pober, 1996, Janeway et al., 2001). Upon 

activation, Th1 cells secrete cytokines IL-2, interferon-γ (IFN-γ) and lymphotoxins, 

important for cell-mediated immune responses. These cytokines activate other immune 

cells, such as cytotoxic T cells, to destroy infected cells. Th2 cells in their turn secrete 
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several other interleukins important for the humoral immune responses. These cytokines 

stimulate B cells to differentiate into antibody-producing plasma cells (Prescott et al., 

2002, Paul, 2003). Also naive T cells, progenitors of both the CD4+ and CD8+ T cells, 

can be activated by antigens to proliferate and to produce IL-2, which drives the 

differentiation of the resulting progeny into different subtypes of T cells (Janeway et al., 

2001). In addition to activation, the association with an antigen can alternatively lead to 

T cell apoptosis or anergy, i.e. to the nonresponsiveness of the cell to antigen stimuli 

(Copeland & Heeney, 1996). 

 

T cell activation is dependent on the interaction of the T cell receptors (TCR) on the 

surface of T cells with antigens. Antigen-presenting cells (APC), i.e. macrophages,  

dendritic cells and B cells, can hold an antigen bound to a class I or class II major 

histocompatibility complex (MHC) on their cell surface. The antibody and the MHC 

bind together to the TCR on the T cell membrane in a process referred to as TCR 

engagement. This leads to the activation of several intracellular signalling cascades in 

the T cell, including the activation of protein kinase C (PKC) (Paul, 2003). However, 

proper activation of T cells usually requires another co-stimulatory signal which can be 

provided by another protein on the surface of the same APC (Janeway et al., 2001, Paul, 

2003) or for example by a cytokine secreted from other APCs (Prescott et al., 2002). 

The effects of the TCR engagement on the intracellular signalling in T cells are 

illustrated in more detail in Section 2.2 Protein kinase C.  

 

The intracellular signalling induced by TCR engagement has long been studied with the 

help of transformed T cell lines. Jurkat T cells represent a leukemic T cell line that is 

probably the best-known of such T cell model systems (Abraham & Weiss, 2004). The 

suitability of Jurkat T cells for studying the activation-related changes in T cell gene 

expression has been tested in a microarray analysis involving comparison of human 

peripheral blood T cells and Jurkat T cells. The similarity of changes in gene expression 

following activation of these two cell types indicated Jurkat cell line as a suitable model 

for T cell expression studies (Lin et al., 2003).  
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2.2 Protein kinase C  

Protein kinase C (PKC) is a protein family of serine/threonine kinases conserved in 

evolution from yeast to humans and expressed in many different cell types (Spitaler & 

Cantrell, 2004). PKCs are known to mediate several processes in cells, such as 

regulation of gene expression, cell growth, differentiation, apoptosis and cytoskeletal 

rearrangements. To date, some 10 mammalian isoforms of PKC are known and they 

have been classified into three categories according to their structural features and 

activation pathways. These include conventional PKCs (cPKC; α, βI, βII, γ), novel 

PKCs (nPKC; δ, ε, η, θ) and atypical PKCs (aPKC; ζ, ι/λ) (Martelli et al., 2003, Tan & 

Parker, 2003). The expression of the isozymes is cell-type specific and also 

developmentally regulated. Inactive PKC is generally thought to be located to the 

cytoplasm and capable of translocating to the plasma membrane or to cell organelles 

upon activation. Some PKC isozymes can also reside in the nucleus or are capable of 

being translocated therein (Martelli et al., 2003).  

 

PKC has an important role in the initiation and homeostasis of specific immune 

responses in mammals, as it is activated in response to the binding of an antigen to the T 

cell receptor, as well as to the antigen receptors on B cells (Tan & Parker, 2003, Spitaler 

& Cantrell, 2004). Signalling cascades leading from the TCR engagement, through the 

PKC activation and the increase of intracellular Ca2+, to IL-2 expression are considered 

common for different T cells (Tan & Parker, 2003, Tenbrock & Tsokos, 2004).  

 

In Figure 2.1, the intracellular PKC activation cascade triggered by the TCR 

engagement is presented for the well-studied Th1 cells. The binding of an antigen and a 

class II MHC molecule to the TCR of a Th1 cell activates a tyrosine kinase which in 

turn activates an enzyme phospholipase C-γ1 (PLC). This enzyme cleaves a membrane 

lipid phosphatidylinositol-4,5-bisphosphate (PIP2) into two products, 

inositoltrisphosphate (IP3) and diacylglycerol (DAG), each capable of activating 

different signalling pathways. IP3 induces the opening of Ca2+ ion channels on the 

endoplasmic reticulum which leads to increase in cytosolic Ca2+ (Prescott et al., 2002). 

The elevated cytosolic Ca2+ induces the influx of Ca2+ through cell membrane calcium 

channels which in turn is followed by the activation of calmodulin,  calcineurin  and  the  
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nuclear factor of activated Th1-cells (NFAT) (Parekh & Putney, 2005). The other 

cleavage product DAG activates PKC in the cytosol (Prescott et al., 2002). Depending 

on the PKC isozyme, both Ca2+ and DAG or DAG alone can activate PKC (Tan & 

Parker, 2003, Spitaler & Cantrell, 2004). Some PKC isozymes migrate into the nucleus 

and induce the formation of a protein complex AP-1. NFAT also migrates into the 

nucleus where it associates with AP-1 to form a transcription factor NFAT/AP-1. This 

transcription factor induces IL-2 expression (Prescott et al., 2002). PKC can also 

activate the transcription factor nuclear factor-κB (NF-κB) which as well may increase 

IL-2 expression, although its role in the process is not clear (Janeway et al., 2001, Tan 

& Parker, 2003, Tenbrock & Tsokos, 2004). The exact signalling pathways leading 

from the activation of PKC to the activation of AP-1 and NF-κB are not entirely known 

(Tan & Parker, 2003). 
 

 
 

Figure 2.1. The binding of an antigen and an MHCII molecule to a TCR leads to the activation of 

signalling cascades involving PKC. TCR engagement represents the first activatory signal (Signal 1) and 

leads to the expression of the IL-2 gene. The second activatory signal (Signal 2) further increases IL-2 

production through activation of transcription factors. These signalling cascades are not presented. 

(Figure drawn  based on Prescott et al., 2002 and Tan & Parker, 2003.)  

 

In experimental studies, the activation of PKC by DAG is often mimicked using a 

phorbol ester, such as phorbol myristate acetate (PMA). PMA acts as a DAG analogue 
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and equally activates the targets of DAG (McHeyzer-Williams, 2003, Spitaler & 

Cantrell, 2004). In addition to PKC, DAG can activate such signalling molecules in 

immune cells as the members of the Ras guanyl-releasing protein (GRP) family of 

nucleotide-exchange factors, protein kinase D (PKD) and terminators of DAG 

signalling (DGK). However, the regulation of these molecules also seems to require the 

activation of PKC, and PKC can be considered as the main activation target of DAG 

and PMA (Spitaler & Cantrell, 2004). 

 

DAG and activated PKC appear to be involved in regulating a multitude of processes in 

T cells which can affect at least T cell differentiation, proliferation, adhesion and 

migration in response to TCR engagement. They are known to regulate gene 

transcription and at least antigen receptor, integrin and cytoskeleton functions as well as 

chemokine responses (reviewed in Spitaler & Cantrell, 2004). Integrins are a subtype of 

transmembrane proteins that are important mediators of cell adhesion and migration, as 

they can attach the cell to the extracellular matrix or other cells. The cytoskeleton 

enables the cellular movements in addition to providing structural support for the cell. 

Chemokines are substances secreted from cells that guide cellular migration (Alberts et 

al., 2002). 

 

IL-2 is one of the genes which are regulated by PKC activation (Tan & Parker, 2003) 

and have a role in T cell differentiation and proliferation (Janeway et al., 2001). The 

DAG/PKC signalling pathway regulates the integrins and cytoskeletal actin at least 

through activating GTPases. Rap-1 is a GTPase known to be activated in response to 

DAG or stimuli analogous to DAG, but the role of PKC in its activation is not clear 

(Spitaler & Cantrell, 2004). Rap-1 activates integrin functions in response to TCR 

engagement and seems to lead to integrin-mediated cell adhesion at least in naive T 

cells (Sebzda et al., 2002). PKC can regulate the actin cytoskeleton also by 

phosphorylating the Wiskott-Aldrich syndrome protein (WASP)-interacting protein 

(WIP) in a process that promotes cytoskeletal actin polymerisation (Sasahara et al., 

2002, Tan & Parker, 2003). The formation of intracellular filamentous actin (F-actin) to 

the site where a T cell connects an APC, the so-called immunological synapse, is 

especially important for proper T cell activation (Sasahara et al., 2002). PKC seems to 

further modulate T cell adhesion and migration by regulating the secretion of 

chemokines and the expression of their receptors from T cells. Although PKC is known 
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to play an important role in several processes, only few direct PKC substrates in 

immune cells are known to date (Spitaler & Cantrell, 2004). The roles of individual 

PKC isozymes in the immune responses are also still largely unknown (Tan & Parker, 

2003).  

 

Some roles of different PKC isozymes in T cells have been revealed, though. The nPKC 

member PKCθ, whose expression is mainly restricted to T cells and skeletal muscle, 

appears to play an important role in inducing the proliferation and IL-2 production of T 

cells. It has been shown that particularly PKCθ, unlike several other examined PKC 

isozymes in T cells, can activate transcription factors AP-1 and NF-κB (reviewed in 

Altman & Villalba, 2002, Altman & Villalba, 2003, Tan & Parker, 2003). Moreover, 

PKCθ appears to regulate the actin cytoskeleton by phosphorylating WIP (Sasahara et 

al., 2002, Tan & Parker, 2003). PKCθ has also been found to protect activated T cells 

from apoptosis. It promotes T cell survival at least by inactivating a proapoptotic 

protein BAD through phosphorylation and thereby preventing Fas-induced apoptosis 

(Altman & Villalba, 2002, Altman & Villalba, 2003). PKCα is another highly expressed 

PKC isozyme in T cells. It has been suggested to act in mediating the cell proliferation 

and the production of IL-2 in T cells in response to TCR engagement. It may also be 

required for the activation of the transcription factor NF-κB by PKCθ. PKCβ, in turn, 

may mediate processes enabling the migration of T cells to inflamed tissues (reviewed 

in Tan & Parker, 2003). 

 

2.3 Protein kinase A  

Cyclic AMP dependent protein kinase (PKA) is another protein family of 

serine/threonine kinases. It is found in all animal cells and in most of them it mediates 

the effects of a second messenger cyclic adenosine monophosphate (cAMP) (Alberts et 

al., 2002). Together, they constitute an intracellular signalling cascade called the cAMP-

protein kinase A pathway (cAMP-PKA pathway). This pathway is activated in response 

to a variety of extracellular ligands binding to G-protein coupled receptors (GPCR) on 

the cell membrane. The pathway regulates a multitude of cell functions, such as the cell 

cycle, cellular differentiation and proliferation, movements of the cytoskeleton, 

intracellular transport mechanisms, chromatin condensation and decondensation and 
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destruction and reconstruction of the nuclear membrane (reviewed in Taskén & 

Aandahl, 2003). The pathway also participates in several cell-type specific responses to 

extracellular hormone signals. These include e.g. glycogen breakdown in muscle and 

liver and triglyceride breakdown in adipose tissue in response to adrenaline (in muscle 

and fat) and glucagon (in liver) hormones (Alberts et al., 2002). 

 

PKA is a heterotetramer which consists of 2 regulatory subunits and 2 catalytic 

subunits. There are several isoforms of PKA holoenzymes with different biochemical 

characteristics and cell-type specific expression (Servillo et al., 2002, Taskén & 

Aandahl, 2003). Altogether, 4 alternative regulatory subunits (RIα, RIβ, RIIα, RIIβ) and 

3 catalytic subunits (Cα, Cβ, Cγ) are known (Daniel et al., 1998, Taskén & Aandahl, 

2003). When PKA is activated, the regulatory subunits dissociate from the catalytic 

subunits which each alone possess the PKA activity (Alberts et al., 2002, Servillo et al., 

2002). 

 

Figure 2.2 illustrates the cAMP-PKA signalling pathway leading to the activation of 

PKA. An extracellular ligand binds to a GPCR on the cell membrane. The ligand-bound 

GPCRs can regulate an enzyme adenylyl cyclase via G-proteins. Different G-proteins 

are linked to different receptors and either activate or inhibit adenylyl cyclase. Activated 

adenylyl cyclase catalyses the formation of the second messenger cAMP. The increase 

in the local concentration of cAMP activates PKA in the proximity (Daniel et al., 1998, 

Servillo et al., 2002, Taskén & Aandahl, 2003). PKA then transduces the signal by 

phosphorylating several target molecules either in the cytosol or in the nucleus. The 

phosphorylation of enzymes in the cytosol can cause quick responses within seconds, 

whereas some changes in the gene expression can occur even after hours (Alberts et al., 

2002). Specificity in the responses mediated by PKA results not only from the cell-type 

specific expression of different PKA isozymes, but also from the compartmentalisation 

of the signal-transducing molecules: G-protein linked receptors, cAMP, PKA and its 

target molecules (Torgersen et al., 2002, Taskén & Aandahl, 2003). 

 

In experimental studies, the activation of PKA by cAMP is commonly produced with 

cAMP elevating agents. These  include  e.g. forskolin, a chemical directly activating the  

enzyme adenylyl cyclase (Muñoz et al., 1990). PKA is generally considered as the main 

downstream effector of cAMP, but cAMP is also known to activate the guanine 
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nucleotide exchange factor (GEF) which regulates Ras-related proteins. Moreover, in at 

least kidney, testicle, heart and central nervous system, cAMP activates cyclic 

nucleotide gated (CNG) cation channels on the cell membrane (Torgersen et al., 2002, 

Taskén & Aandahl, 2003). 

 
 

Figure 2.2. The binding of an extracellular signalling molecule to a G protein-coupled receptor (GPCR) 

leads to the activation of a G protein α subunit which can either activate or inhibit adenylate cyclase 

(AC). When activated, adenylate cyclase increases cAMP concentration which activates PKA. (Figure 

drawn based on Alberts et al., 2002.) 

 

cAMP is involved in immune cell activation, as the binding of an antigen to the antigen 

receptor transiently leads to elevated levels of cAMP in the cytosol of lymphocytes. The 

same effect has been found to follow the stimulation of T cells by prostaglandin E2 as 

well as by several other extracellular signalling molecules known to cause 

immunosupression, i.e. preventing lymphocyte activation (Torgersen et al., 2002). 

cAMP is assumed to act as an inhibitory regulator of immune activation and immune 

cell proliferation (Anastassiou et al., 1992). The assumption is consistent with the 

notion that in the T cells of HIV-infected persons, the cAMP/PKA signalling is 
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hyperactive and the immune functions of T cells are practically lost. By contrast, in a 

certain autoimmune disease, where T cells function even too actively, PKA has been 

found to be less active (Torgersen et al., 2002).  

 

The effects of cAMP on the intracellular signalling in T cells are multiple. Among the 

substrates of PKA are transcription factors, such as NFAT and NF-κB, components of 

the mitogen-activated protein (MAP) kinase pathway and several phospholipases 

(reviewed in Torgersen et al., 2002). Interestingly, cAMP seems capable of inhibiting 

the expression of the cytokine IL-2 gene through PKA, but the exact mechanism of this 

action is still unclear (Anastassiou et al., 1992, Torgersen et al., 2002). Furthermore, an 

analogue of cAMP has been reported to reduce the amount of the activation antigen 

CD69 and the cytokines IFN-γ, tumor necrosis factor α (TNF-α) and interleukin 4 (IL-4) 

expressed in peripheral blood monocytes in response to antigen binding (Aandahl et al., 

2002). PKA also phosphorylates PLC-γ and thereby prevents Ca2+ mobilisation and 

phosphatidylinositol hydrolysis required for T cell activation (Torgersen et al., 2002).  

 

In addition to the presented negative regulation of T cell activation, PKA has been 

suggested to participate in the fine-tuning of the antigen-receptor signalling through 

phosphorylation of a C-terminal Src kinase (Csk) in T cell lipid rafts. Phosphorylated 

Csk is required for maintaining the signalling cascades, central for lymphocyte 

activation, in their inactive state (Aandahl et al., 2002, Torgersen et al., 2002). Although 

producing adequate activation of T cells is important for immune defense, exaggerated 

immune activation can also lead to disease. cAMP may have an important role in 

determining the threshold of signals required for T cell activation (Aandahl et al., 2002).  

 

Like PKC signalling, cAMP is also known to cause morphological changes in 

lymphocytes. This seems to occur at least through the PKA-mediated phosphorylation 

of the Rho family of small G proteins involved in reorganising the actin cytoskeleton. 

This signalling may be important for formation of the immunological synapse 

(Torgersen et al., 2002). Moreover, cAMP has been reported to promote apoptosis in T 

lymphoma and leukemia cells. This action of cAMP seems cell-type specific, and in 

many other cell types, e.g. in neutrophils and eosinophils, cAMP is involved in 

protecting cells from apoptosis. The mechanisms of cAMP action in regulating 

apoptosis are overall not well understood (Zhang & Insel, 2004).  



 19

Several transcription factors are known to be activated by the cAMP signalling 

pathway. These include the cAMP response element binding protein (CREB), the 

cAMP response element modulator (CREM), the activating transcription factor-1 (ATF-

1), NF-κB and certain nuclear receptors. The three first factors are referred to as the 

family of cAMP-responsive transcription factors (reviewed in Daniel et al., 1998). 

There are several isoforms of CREB, CREM and ATF-1 produced mainly by alternative 

splicing. Some of these act as transcriptional activators and some as repressors. CREB, 

CREM and ATF-1 transcription factors all regulate genes containing a specific 

transcription factor binding site called the cAMP-responsive element (CRE) in their 

promoter region and are therefore known as CRE-binding proteins (reviewed in Servillo 

et al., 2002). The effect of the cAMP signalling on the NF-κB transcription factor is 

unclear. It may be that cAMP regulates the responses mediated by NF-κB cell-type 

specifically, so that cAMP in some cases induces and sometimes represses NF-κB-

regulated genes. Some receptors of steroid hormones functioning as transcription factors 

in the nucleus can be activated, in addition to the hormone binding, also by PKA. For 

example, progesterone, estrogen, androgen and D-vitamine receptors behave this way. 

In additon, PKA may regulate several transcription factors cell-type specifically (Daniel 

et al., 1998). 

 

CREB is one of the best-known transcription factors regulated by PKA. Its 

physiological roles in different cell types are still not very well known (Mayr & 

Montminy, 2001). CREB can be phosphorylated to the amino acid serine at position 

133. As illustrated by Figure 2.3, phosphorylated CREB has been reported to form a 

complex with a coactivator CREB-binding protein (CBP) or, alternatively, with a 

closely related nuclear factor p300. The complex of CREB and its coactivator bind to 

the CRE-element in the promoter region of a CREB-dependent gene and induce gene 

expression. In addition to PKA, other intracellular kinases of other signalling pathways 

activated by extracellular growth factor and stress stimuli can also phosphorylate 

CREB. These kinases include PKC (Wagner et al., 2000, Mayr et al., 2001, Mayr & 

Montminy, 2001). However, other factors but PKA do not necessarily promote 

induction of CREB-dependent genes. For example, as illustrated in Figure 2.4, PKC 

activation has been shown to phosphorylate CREB but not to promote the transcription 

of CREB-dependent genes. The phenomenon appears to be due to preventing the 

complex formation between CREB and its coactivator (Mayr et al., 2001).  
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Figure 2.3. PKA phosphorylates CREB and promotes complex formation between CREB and its 

coactivator CBP or, alternatively, a closely related nuclear factor p300. This complex binds to the CRE 

element in the promoter of CREB-dependent genes and leads to the induction of gene expression. 

 

 

 
Figure 2.4. PKC equally phosphorylates CREB but does not lead to transcription of CREB-dependent 

genes, perhaps because it does not promote complex formation between CREB and its coactivator. 

 

2.4 Viral protein R of HIV 

The human immunodeficiency virus (HIV) is a retrovirus which uses mainly human 

helper T cells as its host for replication. The RNA genome of HIV is surrounded by a 

protein capsid which is packed within a round-shaped lipid envelope. The virus 

recognises its host cells, helper T cells, dendritic cells and macrophages by the CD4 

proteins located on the surface of these cells. Fusion between the viral envelope and the 

host cell membrane releases the viral capsid into the host  (Prescott et al., 2002, Suni et 

al., 2003). In the cytosol, the viral genome is released from the capsid in the form of a 

pre-integration complex consisting of the RNA genome and several viral proteins. The 

pre-integration complex enters the host nucleus. Alongside, the RNA genome is 

reverse-transcribed to DNA (Suni et al., 2003). The viral DNA genome integrates into 
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the host genome where it can reside as a non-transcribed latent provirus. Alternatively, 

the constituent genes can be transcribed and translated into proteins by the host 

transcription and translation machineries (Prescott et al., 2002, Suni et al., 2003). In the 

process, the virus subverts the intracellular signalling of the host to serve its own needs 

and is likely to affect normal host cell functions (reviewed in Copeland & Heeney, 

1996). The entire HIV genome is equally transcribed and the RNA product is packed 

into new virus capsids which form of the produced viral proteins. The new virus 

particles bud from the host cell membrane and acquire a lipid envelope in the process. 

The virus infection ultimately leads to host cell lysis (Prescott et al., 2002). 

 

The HIV infection leads to disruption of the helper T cell function and eventually to a 

dramatic decrease in the quantity of helper T cells (Suni et al., 2003). HIV-infected 

helper T cells are more likely to become anergic, i.e. nonresponsive to activatory 

signals, and also to die by apoptosis in response to TCR engagement (Copeland & 

Heeney, 1996).  The disbalance in T helper cell quantity also leads to disruption in the 

functions of the cytotoxic T cells, B cells and other immune cells. In result, the human 

immune system operates less efficiently and even normally harmless micro-organisms 

may cause lethal infections. In addition, the risk for cancers and autoimmune-diseases to 

evolve increases. These symptoms are typical for the acquired immune deficiency 

syndrome (AIDS) which can result from the HIV infection (Suni et al., 2003). 

 

Viral protein R (Vpr) is a protein of 96 amino acids, conserved in Human 

immunodeficiency virus type 1 and type 2 (HIV-1 and HIV-2) and also in Simian 

immunodeficiency virus (SIV) of chimpanzees. The conserved nature of Vpr suggests 

that it has an important role in the life cycle of these viruses (Tungaturthi et al., 2003). 

In HIV-1, which is the type of HIV common in Western countries (Prescott et al., 

2002), Vpr is classified into a group of viral accessory proteins encoded by the HIV 

genome (Suni et al., 2003, Tungaturthi et al., 2003). The protein is packed into the  

HIV-1 virus particles formed within the host cell (Suni et al., 2003, Muthumani et al., 

2003). In HIV-1-infected individuals, Vpr can be present in three locations: either 

within the free HIV-particles, within the infected cells or outside both cells and the HIV 

particles as free Vpr (Tungaturthi et al., 2003).  
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Vpr protein of HIV-1 has been shown to mediate several processes in AIDS 

pathogenesis. For example, it appears to assist the import of the viral pre-integration 

complex into the host nucleus (Heinzinger et al., 1994, Popov et al., 1998a, Popov et al., 

1998b). It also appears to cause cell cycle arrest of host cells at the second growth phase 

(G2) before mitosis (He et al., 1995, Jowett et al., 1995, Rogel et al., 1995). The cell 

cycle arrest may be important for increasing the transcription of the HI-viral genome by 

the host cell (He et al., 1995). Moreover, Vpr has been shown to provoke host cell 

apoptosis (reviewed in Muthumani et al., 2003). 

 
 
In addition to causing cell-cycle arrest, Vpr has been suggested to regulate gene 

transcription by affecting transcription factors, although the mechanisms of its action 

are unclear. A suggested way of Vpr action involves CREB-dependent genes. The Vpr 

protein of HIV-1 has earlier been reported to increase CREB-dependent transcription in 

Jurkat T cells in conditions which normally lead to the phosphorylation of CREB but 

not to the expression of CREB-dependent genes. As illustrated by Figure 2.4, the 

activation of PKC provides such a condition. The effect of Vpr on the CREB-dependent 

gene expression has been studied by transfecting the vpr gene of HIV-1 together with a 

luciferase reporter gene preceded by a CRE element to Jurkat T cells. As Figure 2.5 

depicts, PMA stimulation (activates PKC) in the presence of Vpr has lead to the 

induction of the CRE reporter gene. This has suggested that Vpr may stabilise 

interactions between the phosphorylated CREB and its cofactor CBP and thereby allow 

binding of their complex to the CRE element, leading to the induction of CREB-

dependent  genes  (Lahti et al.,  2003).  Since  the  common  activator  of  CREB,  PKA,  

 

 
Figure 2.5.  A scheme presenting the potential role of the HI-viral Vpr in stabilising interactions between 

phosphorylated CREB and CBP and leading to the transcription of CREB-dependent genes in response to 

PKC activation. See Figures 2.3 and 2.4 for comparison. 
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seems to have an inhibitory role in T cell activation, such a relationship between PKC, 

activated normally in response to TCR engagement, and Vpr could represent a 

molecular mechanism for HIV-1 to prevent normal T cell activation or otherwise disrupt 

T cell function. 
 

2.5 cDNA microarrays  

DNA microarrays are the latest invention among a number of techniques created for 

measuring gene expression levels. Like earlier methods, they exploit hybridisation, the 

ability of a single-stranded nucleic acid molecule to pair sequence-specifically with 

another single-stranded nucleic acid molecule (Dubitzky et al., 2003). As illustrated by 

Figure 2.6, DNA microarrays are simple microscope slides which contain DNA probes, 

organised as separate spots, for the transcription products of different genes. The 

presence of a particular gene’s expression product produces a fluorescent signal, which 

can be detected with a special scanner. DNA microarrays allow simultaneous measuring 

of the expression of altogether thousands of genes in a biological sample (Dubitzky et 

al., 2003, Pasanen et al., 2003).   

 

 

 

[Figure not published  in the web version ] 

 

 

 

 
Figure 2.6. A DNA microarray slide including DNA probes as separate spots.  Transcription products 

binding to these probes have fluorescent labels. (Figure from Amersham Biosciences Corp., 2002.)  

 

DNA microarrays can be divided into two categories according to the technology of 

slide preparation: spotted microarrays and Affymetrix microarrays. Spotted microarrays 

are produced by immobilising the probes, either short synthesised DNA 

oligonucleotides (typically 50 - 70 nucleotides in length) or longer cDNA molecules 

(typically 500 – 2500 nucleotides), as separate spots on a solid surface by an automated 

printing process (Dubitzky et al., 2003). In Affymetrix microarrays, the probes, also 
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short oligonucleotides, are synthesised on the slide nucleotide by nucleotide using a 

special printing technique (Li et al., 2003). cDNA microarrays refer to the type of 

spotted microarrays where the probes are cDNA molecules. They are usually derived by 

reverse-transcribing mRNA from DNA libraries or other collections (Dubitzky et al., 

2003). 

 

Instead of measuring a gene’s expression in one biological sample, cDNA microarrays 

involve measuring the relative abundance of a specific gene’s mRNA product within 

two samples. Figure 2.7 presents the work flow of a typical cDNA microarray 

experiment.  The RNA is first extracted from both samples, e.g. from cell cultures or 

tissue samples. The mRNA fraction of the total RNA is then reverse-transcribed to 

produce cDNA. The cDNA samples are labelled with different fluorescent dyes, usually 

a green Cyanine 3 (Cy3) and a red Cyanine 5 (Cy5) dye. Both the labelled samples are 

mixed in equal proportions and allowed to hybridise with the probes of a microarray 

slide. After this competitive hybridisation, the microarray slide is scanned using a 

scanner which detects separately the two fluorescent signals and creates an image of 

both. From the scanned images, both fluorescent signals of each spot are quantified, and 

the relative abundance of a transcription product in the two samples is obtained  as  their 

ratio, referred to as intensity ratio (Yang & Speed, 2002, Pasanen et al., 2003, Dubitzky 

et al., 2003).  

 

The intensity ratio is thus defined as the ratio of the green ( )G  and red ( )R  signals of 

each spot and can be presented as 

  intensity ratio G R=    (2.1) 

(Pasanen et al., 2003). The ratio can equally be calculated by inverting the signals if the 

sample with the green dye is considered to represent a reference state of the gene 

expression (Dubitzky et al., 2003).  When  calculated  using  the  intensity of a reference 

sample as a denominator, an intensity ratio higher than 1 corresponds to an up-regulated 

(induced) gene, an intensity ratio less than 1 to a down-regulated (repressed) gene and 

an intensity ratio equal to 1 refers to unchanged expression (Pasanen et al., 2003). 

 

cDNA microarray experiments can be used for genome-wide screening of genes which 

have different expression levels under different conditions, e.g. in different tissue types 
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or in disease-state cells as opposed to normal healthy cells (Dubitzky et al., 2003). 

cDNA microarrays have applications in several fields, including e.g. clinical 

diagnostics, toxicity studies, gene function studies, identification of co-regulated genes 

and cellular signalling pathways (Dudoit et al., 2000, Dubitzky et al., 2003).  

 

 

 

 

 

 

 

 

 

 

 

[Figure not published  in the web version ] 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 2.7. The work flow of a typical cDNA microarray experiment. The cDNA microarray slide is 

produced by printing cDNA probes from DNA libraries as spots on a glass slide. mRNA molecules from 

two sources are reverse-transcribed into cDNA and labelled with different fluorescent dyes. The two 

samples are hybridised to the microarray slide, which is scanned to produce an image of each fluorescent 

signal. The images are quantified and the produced intensity data matrices are analysed computationally. 

(Figure adapted from Amersham Biosciences Corp., 2002.) 
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2.6 Issues of analysing cDNA microarray data  

Microarrays produce large quantities of data and computational methods are a necessity 

for its processing. Although cDNA microarrays represent a fairly new technology, there 

is fairly large literature concerning methods that can or should be applied in the data 

processing. New approaches are continuously presented in scientific articles, as the field 

is emerging. The computational microarray data processing methods generally aim at 

retrieving the information from the data, eliminating error and estimating the statistical 

significance of the results (Dubitzky et al., 2003, Pasanen et al., 2003, Tinker et al., 

2003).  

Numerical data analysis starts from the scanning of the microarray slides and 

quantification of the scanned images (Dubitzky et al., 2003). Many computational and 

statistical issues need to be considered already at this image processing step before the 

numerical estimates representing the expression levels are obtained (Yang et al., 2001a, 

Dubitzky et al., 2003). However, these steps are often automated in image processing 

software (Yang et al., 2001a). The quantification results in their turn require further 

computational processing before they are suitable for assessing biological questions. 

Microarray data pre-processing refers to all the computational procedures which are 

applied to microarray data before it is suitable for further analysis, i.e. for performing 

statistical tests or for drawing biological conclusions of the experiment (Pasanen et al., 

2003). If defined broadly, designing the experiment can also be included in pre-

processing (Tinker et al., 2003). 

 

Due to the novelty of microarray technology, commonly-agreed instructions for pre-

processing and analysing microarray data do not yet exist (Slonim, 2002, Tinker et al., 

2003). Generally, the steps performed after image processing are not very dogmatic. 

Instead, experimenters are encouraged to develop and apply methods that seem both 

suitable and correct (Tinker et al., 2003). The following presents some main issues of 

the pre-processing and analysis of cDNA microarray data resulting from quantified 

microarray images.    
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2.6.1 Error in microarray measurements 

In microarray experiments, several factors are likely to cause error in the intensity 

measurements. Error can be caused for instance in slide preparation when the probes are 

printed on the slide, in sample hybridisation, scanning of the slides or quantification of 

the spot intensities (Pasanen et al., 2003). In cDNA microarrays, an intensity ratio 

would ideally depict the relative abundance of some gene transcript in the compared 

samples. Due to imperfection of the measuring system, this intensity ratio deviates from 

the true relationship, truth, by some amount called error. Assuming that the error is 

additive, this can be presented as 

  measurement truth error= +   (2.2) 

(Dubitzky et al., 2003). 

 

The error consists of two components: systematic (also referred to as bias) and random 

error. Systematic error affects all or a subset of measurements similarly. It can for 

instance result consistently in too high intensity estimates. Random measurement error 

is due to random effects in laboratory procedures. The difference between systematic 

and random error is that only for random error the wrong measurements are equally 

frequent in either direction (Dubitzky et al., 2003, Pasanen et al., 2003). Random 

measurement error in microarray experiments can be addressed, like in any other 

statistical experiment, by performing replicated measurements (Dubitzky et al., 2003). 

Both types of error, but more typically systematic error, are addressed by applying a 

variety of pre-processing methods to the data (Dubitzky et al., 2003, Pasanen et al., 

2003). 

 

Systematic error in cDNA microarray studies can follow from a variety of experimental 

procedures. In the slide preparation, using a different print tip for printing different 

probe spot regions can cause spatial differences to the slide: more probes may be printed 

per spot in some regions, or spots with different form and quality may be produced. 

Furthermore, the hybridisation can occur unevenly along the slide so that more of the 

sample is hybridised in some regions than in others. One well known bias in cDNA data 

is that the two fluorescent dyes, Cy3 and Cy5, have different labelling efficiencies, i.e. 

they result in different fluorescences for the same amount of cDNA. Also the scanner 

may sometimes function differently and produce systematic error to the data in the 
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quantification process. Experimenters and their unique practices are known to be a 

significant source of systematic bias in microarray experiments (Morrison & Hoyle, 

2003, Pasanen et al., 2003). To best enable detecting and correcting such biases, the 

same experimenter is encouraged to perform all the laboratory work within an 

experiment (Pasanen et al., 2003). 

 

2.6.2 Background correction  

The scanning of a cDNA microarray slide results in two images, one for each 

fluorescent dye. Although the two images are often overlaid to visualise the expression 

changes in colour, the intensity estimates are retrieved separately from the images of 

each fluorescent signal. The processing of the scanned images usually includes 

localisation of the spots in the image, classifying pixels to belong either to the printed 

DNA spot or to its background in a process called segmentation, and calculating a 

describing intensity value for each spot and its background in the two images. These 

intensity values can be referred to as red and green foreground ( fR and fG , 

respectively) and background ( bR  and bG , respectively) intensities (Yang et al., 

2001a).    

 
Background correction is a pre-processing method which aims at reducing the error in 

the measured spot intensities. The background intensity is commonly assumed an 

estimate of the contribution of non-specific hybridisation as well as other chemicals on 

the microarray slide to the spot intensity. Therefore, the background intensity is usually 

subtracted therefrom to obtain more precise spot intensities in a process referred to as 

background correction or adjustment (Yang et al., 2000, Yang et al., 2001a). The 

background corrected intensity values R  and G   are calculated for each spot before 

calculation of the intensity ratios, as presented by equations 

  bf GR R= − ,   (2.3) 

  f bG GG = −     (2.4) 

(Pasanen et al., 2003). 

 

Although background correction is commonly used for eliminating error in microarray 

data, its applicability is not straightforward. When the background intensity is 



 29

subtracted from the spot intensity, it is assumed to be an independent additive 

component therein. Therefore, it should be independent of the spot’s true intensity. If 

dependence between the background intensities and the background corrected spot 

intensities occurs, the assumption of independence fails and the background correction 

should not be applied (Yang et al., 2000). Furthermore, although background correction 

is largely accepted, its error-decreasing effect on the spot intensities has lately been 

questionised. In some cases, the background correction can increase the variability of 

replicated microarray measurements although it is expected to reduce it (Yang et al., 

2001a).  

 

2.6.3 Missing data values and outliers 

Missing values in microarray data refer to missing intensity observations of some spot 

(Pasanen et al., 2003) or, if defined more broadly, also to bad quality observations 

(Dubitzky et al., 2003). An intensity observation can be considered missing if the 

intensity of the spot is equal to 0 or if the intensity of the spot after background 

correction is less than 0. The latter implies that the background measurement has 

resulted in a higher intensity value than that of the spot itself (Pasanen et al., 2003). 

 

Both null and negative observations can be problematic in data analysis because they 

prevent calculation of reasonable intensity ratios and may interfere with computation of 

statistical tests (Pasanen et al., 2003). Therefore, if the missing values are not simply 

ignored, a common procedure is to flag them in the data and then address them by one 

of two principal methods. The first is data imputation where missing values are replaced 

with a reasonable substitute value, e.g. the average of the intensities of other spots on 

the same slide (Dubitzky et al., 2003, Pasanen et al., 2003). Equally, they can be 

replaced by such values that the intensity ratio obtains value 1. Both these data 

imputation methods retain the consistency of the intensity ratio measurements within 

one slide (Dubitzky et al., 2003). The second option is that the observations with 

missing values are excluded from the data. The respective spot can simultaneously be 

excluded from all the other slides in a process called casewise deletion if further 

analysis requires this. The drawback of this procedure is that it can lead to losing 

relevant data from the other slides (Dubitzky et al., 2003, Pasanen et al., 2003). 
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Outliers are observations deviating from other observations within an experiment. In 

microarray experiments outliers can be entire slides having clearly different 

observations from those of their replicates. They can also be observations of individual 

genes which deviate from the other observations within the same slide or from 

replicated measurements of the same gene.  Such outliers should mainly consist of 

quantification errors caused in the image processing step, more precisely in result of 

artifacts like hairs, scratches or sample precipitation on the slide. It is not always easy to 

judge whether an outlier is due to error or whether it is true data. But when considered 

as error, outliers are usually removed from the data (Pasanen et al., 2003). 

 

Performing replicates eases the recognition of outlier observations. If replicate 

measurements of a given gene are present in the data, the reliability of an observation 

can be evaluated by calculating its deviation from the mean of the replicate 

observations. In such case, observations that deviate several standard deviations from 

the mean can be considered as outliers. In the absence of replicates, the lowest and the 

highest red and green intensity observations within a slide, for instance those further 

than 3 standard deviations from the distribution mean, can be removed as outliers 

(Pasanen et al., 2003). 

 

2.6.4 Normalisation 

In microarray data analysis, normalisation refers to a process which aims at eliminating 

systematic error in the data and making observations within and between slides 

comparable with each other. When defined as broadly, normalisation includes also 

centralisation and standardisation in addition to what is traditionally understood by 

normalisation (Pasanen et al., 2003). Classically, normalisation means transforming a 

data distribution more normal-like and thereby easier to visualise and analyse. 

Centralisation refers to transferring the distribution so that its mean corresponds to the 

expected mean of the distribution. This should eliminate systematic error in the data. As 

a statistical term, standardisation refers to transforming the observations to Z-scores and 

thereby to a standard normal distribution, the mean of which is 0 and the standard 

deviation is 1. But the term standardisation can also simply mean contracting or 

expanding the distribution of observations within a slide to unify the variances of 

several slides. Standardisation is performed to make observations from different slides 
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comparable with each other (Pasanen et al., 2003, Tinker et al., 2003). It is also referred 

to as re-scaling. It is desirable that normalisation, centralisation and standardisation are 

performed to the data before further analysis but the experimenter can choose a suitable 

approach to each step (Tinker et al., 2003). 

 

Log transformation in normalisation 

In microarray data, the intensity ratios within a slide usually have a skewed distribution, 

because the down-regulated genes all take intensity ratio values from the narrow 

interval ]0,1[, whereas the up-regulated genes can take values from the interval ]1, ∞[ 

(Pasanen et al., 2003). The data is often transformed more normal-like by calculating 

the logarithms (log2, log10 or loge) of the intensity ratios within a slide, although other 

methods for this purpose exist (Pasanen et al., 2003, Tinker et al., 2003). After the log 

transformation, value 0 refers to unchanged expression (earlier 1), values from the 

interval   ]-∞, 0[ correspond to the down-regulated genes, and values from the interval 

]0, ∞[ to the up-regulated genes. The log transformed intensity ratios are referred to as 

log ratios. For example, the log2 transformation can be presented as  

  log 2(logratio intensity= )ratio   (2.5) 

(Pasanen et al., 2003). 

 

The log transformation can equally be applied to original intensity observations and the 

log transformed intensity ratio can then be calculated using these values, remembering 

that log(x) – log(y) is equivalent to log(x/y). Sometimes however, the log transformation 

is addressed simply by presenting the untransformed intensities or intensity ratios on 

logarithmic axes (Tinker et al., 2003). In the following, the centralisation calculations 

are presented equally for data which has not been log transformed because the data 

analysis software exploited in the thesis work centralises untransformed data and allows 

visualising it on a logarithmic scale.  

 

Centralisation depends on data linearity  

If a slide contains probes for thousands of genes, only a small fraction of the genes are 

assumed to change their expression in an experiment. The mean of the distribution is 

therefore expected to be 0 for log ratios and 1 for intensity ratios (Pasanen et al., 2003). 

Before centralisation, the mean often differs from the expected due to several sources of 

systematic error. These include e.g. differences in the concentrations or quality of the 
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two cDNA samples, differences in the efficiencies of the fluorescent dyes or in scanner 

function at different wavelengths. In centralisation, the mean of the distribution is 

transferred to the expected mean to correct this bias (Tinker et al., 2003).  

 

Data linearity sets demands for the centralisation methods (Yang et al., 2001b, Yang et 

al., 2002, Pasanen et al., 2003, Tinker et al., 2003). Microarray data is linear when, for 

most of the data, the red and green intensities appear to be related by a constant factor, 

i.e. G k R G R k= ⋅ ⇔ = . The data linearity can be visualised simply in a scatter plot 

presenting the green intensities versus the corresponding red intensities. Linear data 

results in a scatter plot that fits a straight line (Pasanen et al., 2003). If the data is linear 

but k  deviates from 1, a global centralisation is applied to adjust k  to 1 (Yang et al., 

2001b, Yang et al., 2002, Pasanen et al., 2003, Tinker et al., 2003). 

 

Global centralisation methods are adequate only for linear data. They involve dividing 

all the intensity ratios of a given slide by the mean or median ( k ) of the slide’s intensity 

ratios or, for the log transformed data, subtracting the logarithm of k  from each log 

ratio. The transformation shifts the center of the intensity ratio distribution to 1 and that 

of the log ratio distribution to 0.  Simultaneously the systematic bias is diminished  

(Yang et al., 2001b, Yang et al., 2002, Pasanen et al., 2003, Tinker et al., 2003). The 

global centralisation can be presented for intensity ratios as 

  ( )G G k RR → ⋅ .   (2.6) 

Respectively for log ratios 

  ( ) ( )2 2 2log log logG R G R k→ −   (2.7) 

(Yang et al., 2001b, Yang et al., 2002).  

 

If the microarray slide contains only a small amount of genes or if most genes can be 

expected to be differentially expressed (i.e. the mean of the intensity ratios is not 

expected to be 1), observations from positive control genes can be utilised in the global 

centralisation. The positive controls are spots including probes for housekeeping genes, 

the expression of which is expected to remain constant in various conditions. With this 

assumption, the global centralisation can be performed so that the intensity ratios of the 

housekeeping genes obtain value 1, i.e. by dividing the intensity ratios by the averaged 

intensity ratio of the housekeeping genes instead of a global mean or median. However, 
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even housekeeping genes are known to show differential expression in some conditions 

(Pasanen et al., 2003, Tinker et al., 2003). Therefore, if the centralisation is performed 

using housekeeping genes, they should be chosen carefully by ensuring that they have 

the same expression level in the two samples hybridised to the same slide (Pasanen et 

al., 2003). 

 

A specific type of a scatter plot, the MA plot (Figure 2.8), is often preferred to simple 

G  vs R  scatter plots in studying the data linearity. The MA plot presents the log ratio 

M  (y-axis) of each spot against the average A  (x-axis) of the spot’s log transformed 

channel intensities, A  being a measure of the spot’s overall intensity. The data is again 

linear if the log ratio M  is constant for most observations and these values form a 

horizontal cloud in the M  versus A  coordinates. And, linear data requires global 

centralisation if the cloud is not formed around the M  value 0 (the expected mean of 

log ratios). In many cases however, the cDNA microarray data is not linear but M  is 

seen to be dependent on the spot’s overall intensity A . This non-linearity and intensity-

dependence of the intensity ratios appears as curvature of the MA plot. Let G  and R  

denote the intensity values of the green and the red channel, respectively. The variables 

M  and A  can be presented as 

  2( )logM G R= ,   (2.8) 

  ( )2 2
1

log log
2

A G R= +     (2.9) 

(Yang et al., 2002, Pasanen et al., 2003). 

 
Figure 2.8. MA plots presenting the log ratios on y-axis (M) versus the average of the log transformed 

channel intensities on x-axis (A). The MA plot on the left represents non-linear data. The MA plot on the 

right represents linear data. The lines within the plots present the Lowess curves. (Figure from Pasanen et 

al., 2003.) 
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Intensity-dependent centralisation methods are preferable for non-linear data because, 

in addition to transferring the mean of the intensity ratio distribution to the expected 

mean, they also correct the intensity-dependence of intensity ratios which global 

centralisation methods are not able to address. An intensity-dependent centralisation 

method called Lowess has been proposed (Yang et al., 2002) for centralising non-linear 

microarray data. It involves estimating so-called Lowess curves or functions F( )A  

which describe the local forms of the data cloud in an MA plot. The centralised 

intensity ratios are then calculated by dividing the intensity ratios by the values of the 

locally estimated Lowess function. The centralised log ratios are respectively calculated 

by subtracting the logarithm of the Lowess function from the log ratios. The process 

results in a linear MA plot (Yang et al., 2001b, Yang et al., 2002, Pasanen et al., 2003, 

Tinker et al., 2003). The Lowess centralisation can be presented as 

  
( )F

G R
G R

A
→ .   (2.10) 

Respectively for log ratios 

  ( ) ( ) ( )2 2 2 Flog log logG R G R A→ −   (2.11) 

(Yang et al., 2002). 

 

Standardisation 

Centralisation does not correct for differences in the variation of observations between 

slides but only unifies the distribution means. Nevertheless, unifying the variation is 

important if log ratios from different slides are to be averaged or compared (Yang et al., 

2001b, Tinker et al., 2003). The simplest method for unifying the observation 

distributions within each slide is dividing all the log ratios of a given slide by the 

standard deviation of the distribution. After the transformation, the variance of the 

distribution is equal to 1 (Tinker et al., 2003). 

 
Per-gene and per-chip normalisation 

The normalisation approaches can be divided into two categories according to their 

aims: per-gene and per-chip normalisation. Per-gene normalisation (also referred to as 

per-spot or within-slide normalisation) aims at transforming the observations within a 

slide comparable with each other by eliminating biases within the slide. Whereas per-

chip normalisation (also referred to as per-slide or between-slides normalisation) aims at 
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transforming the observations of different slides comparable with each other. Both these 

aspects should be somehow addressed before data-analysis (Pasanen et al., 2003). 

 

In addition to centralisation, calculating the intensity ratios plays an important role in 

per-gene normalisation of cDNA microarray data. Each probe spot within a slide can be 

slightly different in terms of e.g. the amount of probes included in the spot. Therefore, 

spots with different amounts of probes may result in different intensities and the 

intensities of single fluorescent colours are not directly comparable. However, the 

intensity ratios and log ratios are intrinsically independent of the amount of probes in a 

spot and thus allow comparison between spots (Churchill, 2002, Pasanen et al., 2003). 

Although data centralisation is required also for performing between-slides 

comparisons, between-slides normalisation generally refers to standardisation of the 

distributions (Yang et al., 2001b).  

 

2.6.5 Detecting differentially expressed genes 

The basic question in microarray experiments is which of the genes are either up-or 

downregulated in response to some treatment, i.e. which genes have significantly 

different expression levels in different conditions (Slonim, 2002, Pasanen et al., 2003). 

Such genes are commonly referred to as differentially expressed (Pasanen et al., 2003). 

After pre-processing, the question can be addressed by various methods which mainly 

depend on the type of the experimental design. Some experiments aim at detecting 

differential expression between two, and some between more than two conditions. The 

tested conditions may be either fully independent or partly related to each other like in 

time-series experiments. Some experiments do not include replicated slides, whereas 

others may vary in types of the replicates included (Slonim, 2002).  

 

The simplest statistical way of detecting the differentially expressed genes in microarray 

data is to use fold change as criterion. This means that the genes with an intensity ratio 

showing e.g. more than a 2-fold change in the expression level between two conditions 

are considered as differentially expressed (Baldi & Long, 2001, Slonim, 2002, Pasanen 

et al., 2003). The 2-fold change is commonly used as cut-off because experimental 

errors are usually of the order of two and changes smaller than that can be due to 

random error. The 2-fold change criterion can be applied in various ways. If the data 
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includes measurements of the same gene at different time points, genes which show an 

expression change x for at least time y can be considered differentially expressed 

(Pasanen et al., 2003). Or if the experiment includes replicate measurements, genes 

showing a certain fold change in e.g. more than one replicate measurement can be 

considered differentially expressed (Slonim, 2002). The problem with the fold change 

approach is that a constant fold change can have different significance depending on the 

expression levels (Baldi & Long, 2001). 

 

Even though replicates were rare in the earliest microarray experiments, performing 

replicates has become increasingly common in microarray studies (Slonim, 2002). 

Biological replicates are created when the same experiment (hybridisation to a 

microarray slide) is performed using several similar kinds of biological samples, 

whereas hybridising the same pair of cDNA samples to several microarray slides results 

in technical replicates (Pasanen et al., 2003). Along with the increasing replicates, 

standard statistical tests have also become commonly exploited in defining the 

significance of a gene’s differential expression. The traditional t-test has been adapted 

to define the statistically significant gene expression changes between two experimental 

conditions, and a test called analysis of variance (ANOVA) is used for detecting 

statistically significant changes between more than two conditions (Slonim, 2002, 

Pasanen et al., 2003). Also a large number of variations of the traditional t-test have 

been created and applied for microarray analysis (Slonim, 2002). A major problem with 

applying the t-test in microarray analysis is, however, that the number of replicates is 

often maintained too small due to costly repetitions (Baldi & Long, 2001).  

 

A number of methods, referred to as single-slide methods, have also been developed for 

estimating the statistical significance of differential expression from microarray data not 

including replicates. Such methods make varying assumptions of the intensity ratio 

distribution and use these assumptions to determine the differentially expressed genes   

(Pasanen et al., 2003, Yang & Speed, 2003). However, the made assumptions have been 

criticised to be inconsistent with the data and may thus produce erroneous results (Yang 

& Speed, 2003). Generally, the statistical methods used to analyse large microarray data 

sets, including the criterion of fold change, are likely to result in many false positive 

observations of differentially expressed genes. The basic rule is, that the more 
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observations are analysed, the more observations tend to be considered representative of 

differentially expressed genes by chance alone (Pasanen et al., 2003).    

 

2.6.6 Designs of cDNA microarray experiments 

cDNA microarray experiments are intrinsically comparative because the measurements 

from a microarray slide refer to the relative abundance of an expression product in two 

samples. A clear advantage of the technique is that the bias caused by differences in 

probe spots is diminished in the calculation of an intensity ratio. Simultaneously, 

however, the technique sets constraints for the experimental design (Yang & Speed, 

2002). 

 

When a large number of samples are all wished to be compared pairwise, it may be 

impractical and costly to hybridise all combinations of these samples to a separate slide 

even though this could result in the most precise comparisons (Churchill, 2002). 

Therefore, so-called indirect designs as opposed to such direct designs are commonly 

applied in cDNA microarray experiments. Comparing samples hybridised to different 

slides is possible provided that there is a path connecting these two samples, i.e. there is 

a common sample on the two slides. The accuracy of the comparison is determined by 

the number of such paths connecting the samples (Churchill, 2002, Yang & Speed, 

2002). For example, the intensity ratio depicting the change in gene expression between 

samples A and B can be obtained from a direct comparison performed on one slide as 

A B  or, by using the intensity ratios from two slides, as presented by the equation  

  
/

A CA B
B C

= .    (2.12) 

Respectively for log ratios 

( ) ( ) ( )log log logA B A C B C= −   (2.13) 

(Yang & Speed, 2002). The relationship obtained by direct comparison is more precise 

than that obtained by indirect comparison (Churchill, 2002, Yang & Speed, 2002). 

 

There are many optional ways of hybridising the samples to the slides. Creating an 

experimental design is much about balancing between the scientific objectives and the 

available resources (Churchill, 2002, Yang and Speed, 2002). Reproducibility of results 

requires replicates. Technical replicates add to precision in measurements and only the 



 38

presence of biological replicates allows generalising the results to a given biological 

population. However, both microarray slides and sample preparation can be costly. 

Therefore, the experimenter may have to choose whether to settle with indirect 

comparisons to save slides and samples and then allocate more slides to performing 

replicates, or rather to produce more precise direct comparisons of as many samples as 

possible. The experimenter may also have to balance between performing replicates or 

rather exploring samples from several time points (Churchill, 2002).  

 

It is still fairly common that microarrays are used for only screening the differentially 

expressed genes to find potentially interestingly behaving ones. In such cases, 

confirming the results by applying a variety of other laboratory methods, such as 

northern and western blot analyses, reverse transcription-polymerase chain reaction 

(RT-PCR) or in situ hybridisation, can balance for the lack of replicates in microarray 

experiments (Yang & Speed, 2002). 
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3   Aims of the Research  
The aim of the research was to design and apply appropriate pre-processing and analysis 

methods for retrieving differentially expressed genes from a given set of cDNA 

microarray data. Technically, the project aimed at combining the methods generally 

accepted in the field of microarray data analysis into an entity which could be 

implemented using available software and programming tools.  

 

The original biological interest of the analysis was in studying the effect of the 

accessory protein Vpr of HIV-1 on the Jurkat T cell gene expression in connection with 

PKC or PKA activation. Under specific interest was the hypothesis that Vpr could 

stabilise interactions between the transcription factor CREB and its cofactor CBP on the 

PKC signalling pathway. If Vpr had such activity, its presence was expected to result in 

induction of increased numbers of CREB-dependent genes in response to PKC 

activation, compared to a condition where PKC is activated in the absence of Vpr. Since 

the CREB-dependent genes were also expected to be induced in response to PKA 

activation, the hypothesis was aimed to be tested by comparing the group of genes 

induced in response to PKC activation in the presence of Vpr to the group of genes 

induced in response to PKA activation. The pre-processing and analysis of the 

microarray data was performed in the project primarily to test this hypothesis.  

 

In the course of the study, it was found that the earlier observed activation of a CRE-

reporter gene in response to PKC activation (Lahti et al., 2003) had not been entirely 

Vpr-dependent, but was also substantially contributed by artefactual effects caused by 

the DNA vector used to drive vpr expression in the cells (Personal communication of K. 

Saksela and T. Kesti). Thereby, the hypothesis of Vpr acting as a stabiliser between 

CREB and CBP appeared less likely to be correct. Moreover, testing of this hypothesis 

proved problematic because it was discovered that the stably vpr-transfected Jurkat T 

cell line, from which the RNA for the microarray experiment was prepared, did not 

express the vpr gene. Therefore, the microarray data did not enable studying the effects 

of Vpr on T cell gene expression in association with PKC and PKA activation.  
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After the occurrence of these data-related complications, the biological interest of the 

analysis was re-directed to focus on genes induced or repressed in Jurkat T cells in 

response to PKC or PKA activation. The experiment involved raising the intracellular 

concentration of PKC and PKA activators, a DAG analogue and cAMP, respectively. 

The study was expected to reveal genes regulated by PKC and PKA whose protein 

products could play a role in the cellular processes following TCR engagement and thus 

being central for T cell activation.  

 

To our knowledge, only few publications have exploited microarrays to study the large-

scale effects of a DAG analogue alone on T cell gene expression (Schena et al., 1996), 

although the expression changes following T cell activation have been studied by many 

with the same technique (Ollila & Vihinen, 1998, Teague et al., 1999, Liu et al., 2001, 

Lin et al., 2003, Mao et al., 2004, Cheadle et al., 2005). The latter experiments have 

involved T cell activation through TCR engagement or by stimulation with a DAG 

analogue, but in combination with ionomycin, a substance which increases the 

intracellular Ca2+ concentration. Furthermore, to our knowledge, no publications have 

exploited microarrays to study the effects of the cAMP activator forskolin on T cell 

gene expression. Yet, forskolin has been used to study gene expression changes by 

microarray technique in other cell types (Schworer et al., 2003, Euskirchen et al., 2004, 

Kudo et al., 2004). 
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4   Data Analysis 
This chapter describes the phases of the microarray data analysis. The software and the 

data used in the analysis are first introduced. Thereafter, the methods applied in pre-

processing the data and in finding the differentially expressed genes are presented.  It is 

also illustrated how the effect of Vpr on T cell gene expression was aimed to be studied 

using the derived groups of differentially expressed genes, although this could not be 

performed in the study. Finally, it is presented how the genes appearing differentially 

expressed in response to DAG/PKC or cAMP/PKA signalling were characterised using 

their ontology information.  

 

4.1 Software used in analysis  

There is a number of microarray data analysis software packages available for various 

platforms. Some of them are highly automated and thereby easy to use without 

programming skills or special background in microarray data analysis. Whereas other 

analysis software, implemented within programming languages such as R or MATLAB, 

require at least some prior knowledge in programming (Pasanen et al., 2003). A 

microarray data analysis software GeneSpring by Agilent Technologies was exploited 

in the study. As a highly automatic software largely used by bioscientists, GeneSpring 

was a good starting point for familiarising with the microarray software. In the course of 

the study, it was considered relevant to perform supplementing pre-processing steps 

using the programming language MATLAB by MathWorks. 

 

4.1.1 GeneSpring  

GeneSpring is a commercial microarray data analysis software which is suitable for pre-

processing and analysis of both cDNA and Affymetrix microarray data. It is a software 

especially suitable for bioscientists who prepare microarray experiments themselves and 

wish to rapidly explore the results of their experiments. The software has a graphical 

user interface and no programming skills are necessary for its use although its properties 

can be extended with ready-made R packages or self-made R scripts.  
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Basically, the entire microarray data analysis can be carried out using the same 

GeneSpring software. It operates automatically part of the pre-processing steps, such as 

background correction and averaging of replicate spot intensities. It also provides 

alternative normalisation algorithms and even suggests the user a suitable normalisation 

procedure according to the data properties. Many practical data visualisation tools, such 

as scatter plots and histograms, are included in the software. After pre-processing, the 

intensity ratios are automatically calculated. The programme can then search the 

differentially expressed genes on the basis of these ratios. In addition, various statistical 

methods, such as t-test and analysis of variance (ANOVA), are provided for finding 

statistically meaningful changes in the gene expression levels, and principal component 

analysis (PCA),  for clustering treatments that cause similar expression change patterns 

in larger data sets.  

 

In the study, GeneSpring version 7.0 was used in combination with MATLAB to pre-

process the data and to find the differentially expressed genes of each microarray slide 

using 2-fold change as criterion. GeneSpring was also exploited in finding genes which 

were differentially expressed between samples hybridised to different slides.  

 

4.1.2 MATLAB 

MATLAB is a technical computing language and a programming environment. Like 

GeneSpring, it is a commercial software. MATLAB is especially favored by engineers 

and computer scientists. It operates with simple mathematical commands of which the 

user can create scripts to perform suitable calculations or to produce illustrations of the 

data. Adapting MATLAB as a tool for data analysis is nevertheless more difficult than 

using tools with graphical user interface because performing operations in MATLAB is 

not as intuitive. There is also a freely available software, Octave, that can be used as a 

counterpart of MATLAB. 

 

In the study, MATLAB was used to supplement the features of GeneSpring. This 

included studying the characteristics of the data and labelling bad quality spots before 

importing the data to GeneSpring. It was also used for assuring that the automatic pre-

processing steps carried out by GeneSpring were justified for the given data. MATLAB 

has a toolbox containing scripts for microarray data analysis but it was not used because 



 43

supplementing the features of GeneSpring required special approaches. The self-written 

MATLAB scripts and functions are presented in Appendix A.  

 

4.2 Data used in analysis   

The data to be analysed included measurements from five cDNA microarray slides. The 

production of the data was not part of the thesis work but the experiments are shortly 

presented to provide background information for the data analysis. The characteristics 

of the microarray slides used, as well as the properties of the data, are also described. 

 

4.2.1 Experiment description 

The experiment was carried out using Jurkat T cells. To study the effect of the HI-viral 

protein Vpr on the gene expression of T cells, transfected clones of Jurkat cells were 

used in the experiment aside normal Jurkat cells. This transfected clone called Clone-9 

was expected to express the vpr gene of HIV-1.  

 

In the experiment, the effect of active PKC on both the gene expression of normal 

Jurkat cells and that of Clone-9 cells was studied by stimulating both cell lines with 

phorbol myristate acetate (PMA). The effect of active PKA was studied similarly by 

stimulating both cell lines with forskolin. Altogether three Jurkat cell cultures and three 

Clone-9 cell cultures were used in the experiment. As presented in Table 4.1, one cell 

culture of both cell lines was subjected to PMA stimulation, one to forskolin stimulation 

and one was left without treatment for a period of six hours. 

 
Table 4.1.  Summary of the cell lines and treatments corresponding to the six cDNA samples A-F.  

 

 

 

 

 

 

 

cDNA 

sample 
Cell line Treatment 

A Jurkat PMA 

B Jurkat Forskolin 

C Jurkat No treatment 

D Clone-9 PMA 

E Clone-9 Forskolin 

F Clone-9 No treatment 
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Total RNAs were extracted of all the six cell cultures after the period of six hours. 

mRNAs of all RNA extracts were then separately reverse-transcribed to cDNA. The 

cDNA samples were labelled with either fluorescent green dye, Cy3, or fluorescent red 

dye, Cy5. As presented in Table 4.2, the labelled samples were then hybridised in pairs 

to five cDNA microarray slides. 

 
Table 4.2.  Summary of the sample layout on the five cDNA microarray slides. The microarray slides are 

later referred by these numbers.  

Slide Cy5-labelled cDNA sample Cy3-labelled cDNA sample 

1 A   Jurkat, PMA treatment C   Jurkat, no treatment 

2 A   Jurkat, PMA treatment B   Jurkat, forskolin treatment 

3 C   Jurkat, no treatment F   Clone-9, no treatment 

4 A   Jurkat, PMA treatment D   Clone-9, PMA treatment 

5 B   Jurkat, forskolin treatment E   Clone-9, forskolin treatment 

 

The samples whose differences were of most interest were hybridised together to create 

direct comparisons. A common sample (sample A) on slides 1 and 2 enabled indirectly 

studying the change caused by forskolin stimulation (PKA activation) on Jurkat cell 

gene expression (differences between samples B and C). Respectively, the same 

common sample on slides 1 and 4 was expected to enable indirectly studying the change 

caused by PMA stimulation (PKC activation) together with Vpr protein on Jurkat cell 

gene expression (differences between samples D and C). 
 

4.2.2 cDNA microarray slides    

Hum 16K-1 cDNA microarray slides fabricated by the Finnish DNA Microarray Centre 

were used in the experiment. These slides contain probes for approximately 10 500 

annotated human genes (defined by the manufacturer according to UniGene Human 

build 166), the total amount of the spots on a slide being 32 448. Thereby, the slide 

measures the expression of about one fourth of the estimated 35 000 - 40 000 human 

genes. 

 

The difference between the numbers of genes and spots results from that each gene can 

have several different probes on the slide and these can furthermore appear as replicates. 

As illustrated by Figure 4.1, the Hum 16K-1 slide contains two identical arrays of       
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16 224 spots.  Therefore, there are at least two replicate spots for each gene included 

and they are located identically within the two arrays. The replicate spots share identical 

probe sequences. Both arrays consist of 24 (6 x 4) subarrays, each containing 676 (26 x 

26) spots.  The numbering of the spots runs subarraywise from the left upper corner to 

the right lower corner of the slide, as presented in Figure 4.1. 

 
Figure 4.1. The layout of the HUM 16K-1 slide. 

 

The very lowest rows in all subarrays are identical. These contain a set of negative and 

positive control spots. The negative control spots, expected not to bind any human 

DNA, may either have been left without probes or contain probes for a plant gene or 

other sequences not bound by human transcription products. The positive control spots 

contain probes for human housekeeping genes, i.e. genes which are expected to be 

expressed in all cell types.  

 

4.2.3 Data properties and reorganisation 

The data to be analysed had been produced by quantifying the intensities of the spots 

and their backgrounds using a microarray analysis software QuantArray (Packard 

BioScience, Version 3.0). The data had been organised to five matrices, each containing 

the quantification results of one microarray slide, i.e. of altogether 32 448 spots. 

 

The columns of each data matrix contained the foreground and background intensities 

of each spot on the red and the green fluorescent channel as well as the numbering of 
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the spots and the corresponding gene names. In addition, the data matrix included 

columns for spot quality related values and parameters used in the quantification 

process. One of the columns also included quality flags: spots with seemingly bad 

quality had been manually assigned quality flag 0 in a visual quality checking 

performed in QuantArray. The other spots had quality flag 1.  

 

To create suitable data matrices for import to GeneSpring, the foreground and 

background intensities of both channels as well as the quality flags of each slide were 

combined with relevant information (GenBank accession number, gene name and gene 

symbol) from the slide’s annotation file (version 6). It was provided by the 

manufacturer of the slides. In order to make GeneSpring identify and pair the  

measurements of replicate spots within the two arrays, the numbering of the spots 

within a slide was also changed so that it ran twice from 1 to 16 224. Table 4.3 presents 

the structure of the resulting data matrices.  
 

Two sets of data matrices were created for the analysis steps carried out in MATLAB. 

The first included matrices containing the foreground and background intensity columns 

of each slide without the column headings, spot numbering or annotations (the light 

grey area of Table 4.3). The second set included matrices of the quality flags, i.e. the 

Ignore filter column of each slide (the dark grey area).  
 

Table 4.3. The form of the first four rows in a data matrix created for import to GeneSpring. The columns 

are named as in the original data and annotation files. Ch1 refers to the red Cy5 channel and Ch2 refers to 

the green Cy3 channel. The Ignore filter column contains the quality flags. The darkened areas present the 

forms of the data matrices created for import to MATLAB. 

 

Number Ch1 
intensity 

Ch1 
background 

Ch2 
intensity 

Ch2 
background 

Ignore 
filter Accession Gene_name Gene_symbol

1 2095.0 223.0 1625.0 81.0 1 AA425602 POM… POMZP3 
2 1635.0 169.0 1189.0 84.0 1 AA453467 lactate de... LDHC 
3 1642.0 202.0 1109.0 88.0 1 AA455945 benzodiaz... BZRP 
4 5317.0 330.0 5002.0 144.0 0 AA075307 matrin 3... MATR3 
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4.3 Data pre-processing 

Data pre-processing refers to a variety of computational procedures which should be 

applied to microarray data before the differentially expressed genes are searched 

(Pasanen et al., 2003). The data was pre-processed by applying a number of automatic 

pre-processing methods in GeneSpring and supplementing these with methods 

performed in MATLAB.  Using MATLAB enabled more detailed pre-processing and 

thereby increasing the data reliability. This was considered especially important because 

the experiment did not include slide replicates. The MATLAB scripts written for the 

analysis are referred in the text and presented in Appendix A. 

 

4.3.1 Automatic pre-processing steps of GeneSpring 

When data is imported to GeneSpring, automatic pre-processing is performed to the 

data through three subsequent steps. (The steps are covered in Pasanen et al., 2003, but 

were further investigated using a set of test data.) These include background correction, 

averaging of replicate spot intensities and calculation of intensity ratios. As illustrated 

by Figure 4.2, the set of steps applied depends case-specifically on the contents, i.e. the 

columns, of the data imported. The guidelines of the calculations are presented here 

because they formed a framework for the pre-processing steps performed in the study. 

When a data matrix of the type presented in Table 4.3 is imported to GeneSpring, the 

data undergoes all the three pre-processing steps.  

 

 
Figure 4.2. A scheme of the pre-processing steps in GeneSpring. 

 

1. Provided that the data imported to GeneSpring contains the columns of background 

intensities, their values are first subtracted from the foreground intensities of the same 

channel. As a result, the background corrected intensities are obtained for each spot. For 

any of the five data matrices described in Section 4.2.3, let us present the measured red 
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background intensities as a vector 1 32448, ,b bR R= ⎡ ⎤⎣ ⎦
bR …  and the green background 

intensities as a vector 1 32448, ,b bG G= ⎡ ⎤⎣ ⎦
bG … .  These are subtracted from the measured red 

foreground intensities 1 32448, ,f fR R= ⎡ ⎤⎣ ⎦
fR …  and the green foreground intensities 

1 32448, ,f fG G= ⎡ ⎤⎣ ⎦
fG … , respectively, to obtain the background corrected intensities  

  [ ]1 32448, ,R R= = −f bR R R… ,  (4.1) 

  [ ]1 32448, ,G G= = −f bG G G… .  (4.2) 

 

2. After background correction (or if the data does not contain background intensities), 

GeneSpring exploits replicate spots within the same slide. If any two or more spots in a 

data matrix have the same identifier (“Number” in Table 4.3), GeneSpring considers 

them as replicates and uses them to reduce the dimensions of the data: the red channel 

intensities of the replicate spots are averaged and the same is performed to their green 

channel intensities. Provided that the data matrix contains a column for quality flags, 

they are taken into account in the averaging. GeneSpring allows interpreting flags (e.g. 

assigned by numbers in the original data matrix) to three different kinds of quality flags 

(P=passed, M=marginal, A=absent) before the data import. Only spots at the highest 

available flag level are treated as replicates, the order of flag precedence being P M A. 

If one or more Ps are present, only spots with flag P are used. If no Ps are present and 

one or more Ms are present, only spots with flag M are used etc. Each observation 

resulting from the averaging process is assigned the corresponding flag.  

 

In the case of the data matrices presented in Section 4.2.3, the averaging occurs as 

follows when the quality flags 1 and 0 are interpreted to GeneSpring as flags P and A, 

respectively. Each matrix includes the measurements from two identical arrays on one 

slide. Therefore, each spot with an index number 1, ,16224i = …  has a replicate spot 

with an index number 16224j i= + . In the data matrix, however, the replicate spots 

were assigned the same identifier for GeneSpring to recognise them as replicates. For 

any of the five data matrices, let us present the background corrected red channel 

intensities in the first array as a vector [ ]1 16224, ,R R′ =R … , those in the second array as 

a vector [ ]16225 32448, ,R R′′ =R …  and the quality flags of each slide as a vector 
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[ ]1 32448, ,F F=F … . If both replicates (i and j) have the same flag (P or A), the averaged 

red channel intensities R are obtained by calculating 

  [ ] ( )1 16224, , 2R R ′ ′′= = +R R R… .  (4.3) 

 Respectively for the green channel 

  [ ] ( )1 16224, , 2G G ′ ′′= = +G G G… .  (4.4) 

Otherwise, the values of the replicate with flag P are considered as iR  and iG . Each 

“averaged observation” resulting from the process is simultaneously assigned a new 

quality flag iF ′  (P or A) which is the same as that of the spots accepted for the 

averaging.  

 

3. After averaging the replicate values (or if the data does not contain any spots with 

identical identifiers), GeneSpring calculates the intensity ratio for each observation. The 

numerator and denominator are chosen depending on how the data columns are 

interpreted to the programme.  

 

Using the data interpretation presented in Appendix B for the five data matrices, the 

intensity ratios Q are obtained by calculating 

  [ ]1 162241 162241 16224, , , ,Q Q G R G R= =⎡ ⎤⎣ ⎦Q … … .   (4.5) 

 

When calculating the intensity ratios, GeneSpring avoids unreliably low intensity values 

by replacing denominator values (here iR ) smaller than a specific cut-off with the given 

cut-off value, which is 10 by default. The cut-off can be changed but it cannot be lower 

than 1·10-6.  The numerator value (here iG ) is allowed to be lower than the cut-off 

except if the denominator value also is below the cut-off. In the latter case, the 

observation is replaced by the notation ”No data” and assigned a quality flag iF ′   = A. 

 

To summarise, the import process of each data matrix results in creating a transformed 

data matrix including 16 224 observations, each with a red channel intensity iR , a green 

channel intensity iG , an intensity ratio iQ , and a quality flag iF ′ .  
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Having presented the steps GeneSpring performs during data import, it is possible to 

explain in more detail why MATLAB was used in combination with GeneSpring. The 

fact that GeneSpring performs the pre-processing steps automatically makes 

GeneSpring a convenient tool for quick data handling and analysis. On the other hand, 

more individualised pre-processing steps, even very simple ones, can either be 

somewhat complicated to carry out or not feasible in GeneSpring. Since the data to be 

analysed did not contain any slide replicates, special attention had to be paid to the 

reliability of the existing observations: an individualised approach in pre-processing the 

given data was considered advantageous. In MATLAB it was possible to view the 

features of the unprocessed data and to evaluate whether other spots, in addition to those 

already assigned flag 0 in the visual quality checking, should be considered unreliable. 

After revising the quality flags and ensuring the suitability of the above-described pre-

processing methods for the data, it was imported to GeneSpring. Recall that the flags 

are originally 1 and 0 in the data matrix imported to GeneSpring but are interpreted to 

GeneSpring as P and A, respectively. 

 

4.3.2 Overview of unprocessed data  

An overview of the unprocessed data was performed in MATLAB (Script 1 in 

Appendix A). Drawing a scatter plot where the red and green intensity values of each 

spot are presented on different axes is a commonly used method for viewing the general 

characteristics of cDNA microarray data. It allows evaluation of the data quality and 

homogeneity as well as detection of possible outliers or other unreliable observations. 

Figure 4.3 presents the scatter plots where the green foreground intensities f
iG  are 

plotted against the red foreground intensities f
iR  for all spots i = 1, ..., 32 448. 

 

The scatter plots produced of each slide were quite similar-looking. The observations 

tended to form a longitudinal cloud in the close proximity of the line f fG R= . This 

signifies  that  the expression level had not changed considerably for most of  the genes 

between the two samples hybridised to the same slide. This is normal for a slide 

containing probes for as many as one third of the human genes as generally only about 

20 % of genes are expected to change their expression in an experiment (Pasanen et al., 

2003). Most observations were concentrated between the intensity values 0 and 30 000, 

although intensity values higher than 60 000 occured. In these terms, the data of all the 
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five slides seemed to be of normal and homogenous quality. Although the data here 

looks linear on the linear scale, logarithmic axes distributing the observations more 

evenly along the axes revealed the non-linearity of the data (not presented). This 

characteristic of the data is discussed in Section 4.3.10. 

 

Figure 4.3. The scatter plots presenting the green foreground intensities f
iG (y-axis) versus the red 

foreground intensities f
iR  (x-axis) of all the five slides numbered from 1 to 5. All slides seem to have 

saturated intensity values. 

 
Figure 4.4. The scatter plots of Figure 4.3 with the regions around the lowest intensities enlarged. Slide 1 

has foreground intensities close to or equal to zero. 
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Some intensity values lay very far from the other observations. These outliers could 

either correspond to very highly differentially expressed genes or be due to random 

error in the data. Some intensity values on both channels also seemed saturated, the 

spots with the highest intensity values forming a straight line both horisontally and 

vertically. It is usual that the scanner detector meets its limits when measuring the 

highest foreground intensities in the imaging process. Another interesting observation 

could be made when the same scatter plots were enlarged, as presented by Figure 4.4.  

The foreground intensities of slide 1 differed from those of the other slides in that they 

included some values close to or equal to zero. These phenomena are discussed in more 

detail in Sections 4.3.3, 4.3.4 and 4.3.5.  

 

4.3.3 Examining quality flags 

The quality flags [ ]1 32448, ,F F=F …  of each slide presented which of the observations 

shown in Figure 4.3 had been earlier considered unreliable and assigned flag 0 in the 

visual quality checking. As presented in Table 4.4, the number of quality flags 0 

assigned to each slide varied, suggesting slight variance in slide quality (Script 2).  
 

Table 4.4. The numbers of quality flags 0 on each slide. 

Slide 1 2 3 4 5 

Flags 0 86 204 138 233 57 

 

The scatter plots in Figure 4.5 present the foreground intensities of the spots assigned 

flag 0. Some of the values f
iR  and f

iG  corresponded to the outlier spots or to the spots 

with seemingly saturated values observed in Figure 4.3. However, most of the spots 

considered unreliable had intensity values that did not differ from the majority of the 

observations. This indicates the need for visual quality checking in microarray data 

analysis: aberrations in spot form or homogeneity do not necessarily lead to any 

aberrations in the spot’s intensity values which could be noticed in numerical data. On 

the other hand, numerical quality checking is needed because all unreliable 

observations, e.g. saturated intensity values, cannot be visually detected from the 

images produced by the scanner.  
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Figure 4.5. Scatter plots of the intensities f

iG (y-axis) versus the intensities f
iR  (x-axis) of all the spots 

originally considered unreliable on each slide. 

 

Some of the spots assigned either flag 0 or 1 were visualised in MATLAB (the script 

was contributed by A. Lehmussola and is not presented here). As illustrated by Figure 

4.6, the spots assigned flag 0 had often an irregular shape or colour, small size, had 

fused with another spot or were not distinguishable from the background. Whereas spots 

with flag 1, as presented in Figure 4.7, were often of good quality, i.e. round and 

homogenous but sometimes also lacked round shape or were not distinguishable from 

the background.  

 

When visual quality checking is performed manually to altogether hundreds of 

thousands of spots, all spots with for instance aberrant form cannot be marked. It is also 

difficult to visually define a bad quality spot. A MATLAB-based programme created 

for automatic computational detection of bad quality spots (Hautaniemi et al., 2003) 

was therefore tested for the data (contribution of A. Lehmussola). However, considering 

the screening objective of the microarray experiment, the programme marked too many 

spots, approximately half of the spots on slide 5, as bad quality observations. The 

original quality flags assigned manually were therefore considered a more suitable 

starting point for further numerical detection of unreliable observations.  
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Figure 4.6. Examplary spots considered unreliable and thereby assigned flag 0. The images contain the 

intensities of both fluorescent channels superimposed.  

 

       
 

Figure 4.7. Examplary spots with flag 1.  
 

4.3.4 Labelling low foreground intensities 

The scatter plots presented in Figure 4.4 in Section 4.3.2 showed that slide 1 had some 

exceptionally low foreground intensities f
iR  or 

f
iG . The minimum foreground and 

background intensities of each slide were examined to study this phenomenon in more 

detail (Script 3). As illustrated by Table 4.5, slide 1 differed from the other slides 

because it was the only one to have foreground and background intensities equal to 0. 

Interestingly, whenever the foreground intensity of a given spot was 0, also the 

background intensity on the same channel was 0. Altogether 221 spots had both f
iR  

and b
iR  equal to 0 and altogether 159 spots had both f

iG  and b
iG  equal to 0. 

Otherwise the foreground and background intensities had positive values on all slides.  

 

The missing values suggested that some disruption had occured in the imaging or in the 

quantification process performed to slide 1. Even if specific hybridisation does not 

occur at a spot, unspecific hybridisation and other noise in the spot area is expected to 

result in both a foreground and a background intensity higher than 0. In principle, some 

quantification software could produce values equal to 0 if the signal is adequately weak, 

but the fact that there were values 0 only on one slide of five did not support this 

possibility. Moreover, as Figure 4.8 presents, the foreground intensities 0 appeared as 
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outliers in the histograms of f
iR  and f

iG , whereas a quantification programme is 

expected to produce values that are all from the same distribution. The second lowest 

foreground intensities of slide 1, as well as the minimum foreground intensities of the 

other slides, were more clearly within the distributions. Based on these observations, the 

missing values were considered erroneous. 

 

Table 4.5. The minimum foreground ( f
iR  and f

iG ) and background intensities ( b
iR  and b

iG ) of each 

slide. The values in parenthesis correspond to the second lowest foreground and background intensities on 

slide 1. 

Slide min ( fR ) min ( fG ) min ( bR ) min ( bG ) 

1 0 (582) 0 (473) 0 (62) 0 (56) 

2 672 461 59 57 

3 739 529 67 62 

4 365 346 54 53 

5 825 409 67 59 

 

 
Figure 4.8. The histograms of values f

iR  and f
iG  on slide 1, respectively. The histograms have been 

cut both from the top and the right to emphasise the distribution of the lowest intensity values and the 

peak at intensity value 0. The entire histograms are presented in Figure 4.9 in Section 4.3.5. The 

histograms of all the five slides appeared very similar in terms of variation of the lowest values, with the 

exception of values 0 appearing on slide 1.  
 

The erroneous spots having either f
iR  or f

iG  equal to zero would have biased the 

averaged intensity values iR  or iG  calculated in GeneSpring during data import. This 

could be prevented by changing the quality flag of such spots to 0 (if earlier 1). Even 
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then the intensities f
iR  or f

iG  could be included in averaging if the replicate spot also 

had flag 0 but such averaged observations would be assigned flag AiF =′  in 

GeneSpring and were later to be filtered from the data. Other foreground intensity 

values were all above the value 400 and were considered high enough to be retained in 

the data. In result, the number of quality flags 0 on slide 1 was changed from 86 to 307. 

 

4.3.5 Labelling saturated foreground intensities 

Based on the scatter plots presented in Figure 4.3 in Section 4.3.2, it seemed that there 

were some saturated foreground intensities on all the five slides. At a closer look, it was 

found that both channels of all the slides shared the same maximum foreground 

intensity 65 535 (Script 4). This corresponds to the highest value of a 16-bit 

quantification system ranging from 0 to 65 535. This implied that the real foreground 

intensities of spots having this measured intensity value may have been beyond the 

scale of the measurement system.  

 

Were it not for a saturation effect, the highest foreground intensities would have been 

expected to form a flat tail for the histograms of f
iR  and f

iG . However, in the 

histograms drawn for each slide, a clear peak was distinguishable above the intensity 

value 60 000 (Figures 4.9 and 4.10). It was confirmed that the peaks only contained 

multiple integers 65 535 while the second highest intensity values of each channel 

appeared only once. Based on these observations, the foreground intensities equal to   

65 535 were considered saturated on each slide. 

 

A spot with a saturated foreground intensity could have biased first the averaged 

intensity values iR  or iG  and thereby also the intensity ratio iQ  calculated by 

GeneSpring during data import. To prevent this, the quality flag of each spot either with 

a foreground intensity f
iG  or f

iR  equal to 65 535 was changed to 0 (if earlier 1).  

Table 4.6 presents the resulting numbers of flags 0 on each slide. The drawback of this 

procedure was that it could simultaneously lead to losing data of some differentially 

expressed genes. However, if both replicate spots of a given gene were not saturated, 

the other replicate still remained in the data and could reveal the differential expression. 
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Figure 4.9. The histograms of f

iR  and f
iG  of slide 1, respectively. The histograms have been cut from 

the top (the frequencies of fR = 0 and fG = 0 are not shown) in order to present the shape of the 

histogram for the higher intensities more clearly.  

 

 

Figure 4.10. The histograms of f
iR  and f

iG  of slide 1, respectively, with the regions of the highest 

intensities enlarged. 

 

Table 4.6. The number of quality flags 0 on each slide after assigning flag 0 to the spots with saturated 

foreground intensities. 

Slide 1 2 3 4 5 

Flags 0 314 247 161 300 75 
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4.3.6 Evaluating suitability of background correction 

As illustrated in Section 4.3.1, GeneSpring performs background correction to all 

foreground intensities fG  and fR  if only background intensities bG  and bR  are 

included in the data imported (Equations 4.1 and 4.2). The suitability of the background 

correction for the given data was evaluated considering three aspects. First, the general 

quality of the background intensities within each slide was studied to observe possible 

large-scale bias. Second, the background intensities were studied relative to the 

corresponding foreground intensities to ensure their suitability for background 

correction. Third, the efficiency of the background correction in reducing the 

measurement error of the particular data was tested with the help of replicate spots. 

 

Quality of background intensities 

The general quality of the background intensities was studied by drawing the 

histograms of the background values within each slide (Script 5). As presented in Figure 

4.11, the distributions of the background on all slides were similar but skewed, fairly 

low intensity values between 50 and 200 being the most common. Recall that spots with 

background values equal to 0 were considered unreliable and assigned flag 0 as 

described in Section 4.3.4. They are still presented in the distributions. In addition to 

these, only a few background values were distinctive outliers and they were found at the 

other end of the distributions. In some cases, these outliers reached relatively high 

intensities, even higher than 1000.  

 

As illustrated by the histograms and Table 4.7, the background intensities were 

systematically higher and their distributions were larger on the red channel than on the 

green channel, apparently due to the red fluorescent dye resulting in overall higher 

intensities. This finding was not considered obstructing for background correction 

which is based on the idea that both fluorescent dyes have their background included in 

the corresponding foreground intensity as an additive component. The spots with 

background values appearing as outliers were retained in the data because their 

unreliability was not as certain as that of the missing and saturated foreground values. 

 

Background intensities measured from spot surroundings may vary in different 

locations on the slide (Yang et al., 2000). To explore the vertical variations from the top  
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Figure 4.11. The histograms of the background intensities b

iR on each slide (from 1 to 5) are presented in 

the left upper corner. The background intensities b
iG are presented respectively in the left lower corner. 

In the histograms of b
iR , the x-axes have been cut shorter to render the main part of each distribution 

comparable with those of b
iG . On the right, the same histograms have been cut from the top and the x-

axes include all the observations in order to present the outlier values.   

 

Table 4.7. The characteristics of the background intensities bR  and bG  on each slide. The second lowest 

background intensities of slide 1 are presented in parenthesis. They were within the uniform distributions.  

Slide Channel Med Std Min Max 

red 141 57,4 0(62) 1220 
1 

green 69 11,1 0(56) 352 

red 110 52,8 59 684 
2 

green 69 6,8 57 359 

red 127 54,4 67 718 
3 

green 75 12,7 62 322 

red 72 23,4 54 344 
4 

green 65 9,7 53 197 

red 154 65,5 67 696 
5 

green 71 9,0 59 275 
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of each slide downward, the means of the background intensities of each spot row were 

calculated and plotted against the row number (Script 6, Function 1). The same was 

performed for each spot column in order to study the horisontal variations from left to 

right. Figure 4.12 illustrates the results. 

 
                                    1                                                                           2  

 
                                    3                                                                           4  

 
5 

 

Figure 4.12. The means of the background intensities b
iR  or b

iG  on each spot row (row mean) and spot 

column (column mean) of each slide (from 1 to 5). The respective row or column numbers are on the x-

axes.  
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It could be expected that background intensities of a set of slides prepared with similar 

techniques in the same experiment would share somewhat similar regional variations. 

According to Figure 4.12, the five slides shared common tendencies in background 

variation. The background seemed to vary more on the red channel than on the green 

channel, the red channel intensities being overall higher. The background was also 

higher at the upper and lower ends of the slides than in their middle (row means). 

Whereas it decreased slightly or not at all from the middle of the slides towards their 

left and right edges (column means). The higher background in the lower ends of the 

slides could be due to worse rinsing of these areas, since the rinsing of the slides was 

performed in racks, where the slides were laid upside-down. Equally, it could be due to 

uneven hybridisation. This kind of changes in background intensity were considered 

normal and their potential correlation with the experimental practices supported their 

reliability. Assuming the background intensity as an additive component in the 

foreground intensity, it seemed important to subtract the varying background intensities 

from the foreground intensities to obtain comparable foreground intensities.  

 

An interesting characteristic was that the row means on both the red and the green 

channels showed periodicity. In Figure  4.12  this periodicity is  better  seen  for  the red 

channel but it occured equally on the green channel where the changes were only 

smaller. At a closer look, the background intensities were systematically higher 

approximately every 26 rows, more specifically for the first few spot rows of each 

subarray row (slide characteristics were presented in Figure 4.1 in Section 4.2.2). This 

suggested that perhaps some procedure in the subarraywise spotting technique of the 

probes caused the effect. To show an example, Figure 4.13 presents the row means of 

the red channel background on slide 1 with the means of the first row of each subarray 

row marked as stars.            

 

The background periodicity was compared to the scanned microarray images by visual 

inspection to ensure that the periodic background did not correlate with the spot 

intensities. If it did, the backround could be dependent on the true spot intensities, 

which implies that the hypothesis of background additivity does not apply and the 

background intensities should not be used in background correction (Yang et al., 2000). 

The highest rows of each subarray did not have particularly high spot intensities 

compared to the other rows and thereby no correlation could be observed. 
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Figure 4.13. The means of the background intensities b

iR  on each spot row of slide 1. The respective row 

numbers are on the x-axis. There is a peak in the background intensities at the first few spot rows of each 

subarray row. The means of the first row of each subarray row are presented as stars.   

 

Background intensities relative to foreground intensities 

The background intensities were studied relative to the corresponding foreground 

intensities using two approaches. First, for a spot to be reliable and for a background 

intensity to be suitable for background correction, the background intensity should not 

be higher than the foreground intensity. In the given data, the background intensity b
iR  

or b
iG  was never higher than the corresponding foreground intensity f

iR  or f
iG , 

respectively (Script 7).  

 

Second, the correlation between the background intensities and the background 

corrected foreground intensities was assessed by drawing scatter plots of the 

background intensities b
iR  or b

iG  against the background corrected foreground 

intensities iR  or iG , respectively (Script  8). By visual inspection, the scatter plots did 

not show correlation on any of the slides. For example, Figure 4.14 presents the scatter 

plots drawn of the data on slide 2. Pearson’s correlation between the variables was 

calculated to vary from 0,24 to 0,31 on the red channel and from 0,29 to 0,43 on the 

green channel. Based on these observations, the background data was not dependent on 

the true spot intensities and thus seemed suitable for performing background correction.  

 

Efficiency of background correction in reducing measurement error 

The efficiency of the background correction in reducing measurement error was tested 

with the help of  the  replicate spots of  each  slide  (Script 9).  As  explained  in  Section  
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Figure 4.14. The scatter plots presenting the background intensities (y-axis) of a given channel against 

the background corrected foreground intensities (x-axis) of the same channel on slide 2.  

 

4.2.2, the slides consist of two identical arrays, each spot i (i = 1,…, 16 224) of one 

array having a replicate spot j (j = i + 16 224) in the other array. To test the efficiency of 

background correction, the true spot intensities of the replicate spots on e.g. the red 

channel, R
iθ  and 

R
jθ , were assumed to be the same. The assumption can be presented 

as 

  0R R
i jθ θ− = ,   (4.6) 

where R
iθ  and 

R
jθ  are unknown. This and the following apply respectively to the green 

channel. 

 

In the test, the difference between the intensities of replicate spots was considered as 

error. The distributions of this error within each channel were studied for both the 

unprocessed and the background corrected data. The background correction was 

considered reasonable if it led to decrease in the error distribution within all or most 

channels. All observations were included in the study regardless of their quality flags. 

First, the foreground intensities were used as estimates of the true intensities: ˆR
iθ  = f

iR  

and ˆR
jθ  = f

jR . Thereby, the error was the difference of these estimates as presented 

by the equation 

  ˆ ˆR R f f
i ji i je R Rθ θ= − = − .   (4.7) 
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All ie , i = 1,…, 16 224, formed an empirical distribution ( )X̂ ,µ σ , where µ  denotes 

the average of X̂  and σ denotes the standard deviation of X̂ . Second, the background 

corrected intensities were used as estimates of the true intensities: ˆR
iθ  = f

iR  - b
iR  and 

ˆR
jθ   = f

jR  - b
jR . Similarly, the error was the difference of these estimates as 

presented by the equation 

   ( ) ( )ˆ ˆR R f b f b
i i j ji i je R R R Rθ θ= − = − − −′ . (4.8) 

Again, ie′ , i = 1,…, 16 224, formed an empirical distribution ( )X̂ ,µ σ′ ′ ′ , where µ′  

denotes the average of X̂′  and σ ′  denotes the standard deviation of X̂′ . 

 

The standard deviations σ  and σ ′  of the error distributions calculated for each channel 

are presented in Table 4.8. Also the difference σ ′ - σ  describing the change caused to 

the standard deviation in background correction is presented for each channel. 

Performing the background correction decreased the standard deviation of the error on 9 

channels of 10. However, these changes were very small compared to the standard 

deviations which indicates rather small improvement in the data precision due to the 

background correction. The positive results on 9 channels of 10 were considered 

adequate evidence for applying the background correction, for uniformity, to the entire 

data in GeneSpring.  

 
Table 4.8. The standard deviations σ and σ ′  of the error distributions calculated for both channels of 

each slide, along with their differencesσ σ′ − .   

Slide Channel σ σ' σ'- σ 

red 904,9 897,0 -7,8 
1 

green 841,8 840,4 -1,4 

red 1799,8 1790,6 -9,2 
2 

green 1404,1 1402,9 -1,2 

red 1248,3 1251,2 3,0 
3 

green 1074,3 1073,7 -0,7 

red 1713,9 1703,7 -10,3 
4 

green 1626,7 1621,9 -4,8 

red 2290,4 2273,0 -17,4 
5 

green 2639,3 2637,7 -1,7 
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4.3.7 Evaluating suitability of replicate averaging  

When differential expression is evaluated using statistical tests, replicate spots within 

the same slide are usually not considered as replicates because they share the impact of 

several common error sources (Yang & Speed, 2002). Even if they were considered as 

replicates, their small number in this particular case (2-3 replicates for most probes) 

would not have enabled their use for statistically evaluating the differential expression. 

The replicates within each slide were exploited in another way: calculating averages of 

the replicate spot intensities could reduce the error of the data and thereby result in more 

reliable intensity ratios used in determining the differential expression.   

 

There are at least two ways of averaging replicate spot intensities. GeneSpring averages 

the replicate spot intensities if replicate spots are indicated in the imported data. In 

GeneSpring, the intensity values of replicate spots are first averaged channelwise after 

which the intensity ratio is calculated using these averaged channel intensities 

(Equations 4.3-4.5 in Section 4.3.1).  In the other method the intensity ratio of each spot 

would be calculated first and only then these ratios of replicate spots would be averaged 

(Yang & Speed, 2003). The choice of the method is subjective and can evidently lead to 

different results. In this study, the averaging was performed using the first method 

provided by GeneSpring.       

 

Before allowing averaging, it was ensured that the slides did not contain outstandingly 

different or biased regions which could have resulted in unreliable averaged intensities. 

Scatter plots were drawn subarraywise of the background corrected intensities iG  

against the background corrected intensities iR  (Script 10, Function 2). The scatter 

plots of replicate subarrays containing the same set of probes in the two arrays were 

then compared. Figure 4.15 presents examplary scatter plots  of  two  replicate subarrays 

on slides 1, 3 and 5. The replicate subarrays, as well as all the subarrays across the data, 

included fairly similar observations. The variation appeared the largest among the 

subarrays of slide 5 but averaging the replicate spot intensities still seemed appropriate 

for the data. Small differences could be distinguished between the scatter plots of 

replicate subarrays, though. They indicated that ensuring the adequate similarity of 

individual replicate spot intensities was required before averaging. 
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               1 

 
3 

 
5 

 
Figure 4.15. Examplary scatter plots of the intensities 10log iG  (y-axis) versus the intensities 10log iR     

(x-axis) of subarrays 1 and 25 for slides 1, 3 and 5. These are the left upper corner subarrays of the two 

replicate arrays on each slide, and thus contain the same probes. The intensities iG  and iR  were log 

transformed in order to make the observations fall equally along the x- and y-axes and to thereby allow 

better comparison between the scatter plots. Due to the transformation, the observations where 0iG =  or 

iR = 0 on slide 1 could not be presented. This is justified, since these spots would not be included in the 

averaging  (assigned flag 0). 
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4.3.8 Labelling bad replicates 

The replicate spots were studied in more detail to explore whether intensity values of 

any two replicate spots differed so remarkably from each other that both replicates 

should be considered unreliable (Script 11). This was performed by comparing the 

background corrected intensity values of each replicate spot pair channelwise. The 

differences ie′  were calculated as presented earlier in Equation 4.8 in Section 4.3.6 but 

this time only if both replicate spots i and j had flag 1. Flag combinations 1 and 0 would 

not lead to averaging of replicates in GeneSpring and were therefore excluded from the 

examination. Flag combinations 0 and 0 referred to a pair of unreliable replicates which, 

although included in averaging, were later to be filtered from the data as unreliable. 

 

As illustrated for slides 1 and 4 in Figure 4.16, most differences ie′  fit into a narrow 

range in the close proximity of value zero but some appeared further in the distributions 

and corresponded to less reliable replicate spot pairs (Script 12, Function 3). Table 4.9 

presents the characteristics of the distribution of ie′  on each channel (Script 11). These 

values and the histograms indicate that the distribution of the differences was  unique  to 

each channel. For example, the mean of the differences ( ie′ ) varied on both sides of 

zero and the standard deviation of the distribution varied from less than 600 to over 

2200. This shows that the error was of varying strength on each slide. 

 
    1          4 

 
Figure 4.16. Examplary histograms of the differences ie′  calculated on both channels of slides 1 (left) 

and 4 (right) for replicate spot pairs, where both spots i and j had flag 1. The histograms of the red 

channel are presented on the upper row and those of the green channel on the lower row. The peaks, 

reaching values between 30 and 70, have been cut in order to show the values on both sides of the peaks. 
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Table 4.9. The mean ( ie′ ), the standard deviation (σ ′ ), the minimum (Min) and the maximum (Max) of 

the differences ie′  on each channel of all the five slides.  

Slide Channel ie′  σ ′  Min Max 

red 92,9 724,6 -46 664 13 065 
1 

green 19,4 574,2 -11 288 9 601 

red -323,1 1 212,2 -57 207 12 772 
2 

green -158,8 1 035,2 -46 603 10 062 

red 19,1 863,1 -11 987 18 513 
3 

green -237,7 634,3 -10 910 5 925 

red -327,4 1 550,2 -35 225 21 989 
4 

green -122,8 1 488,5 -26 207 25 166 

red 391,6 1 606,9 -32 687 32 440 
5 

green 863,3 2 221,8 -29 007 36 732 

        

The means ( ie′ ) and the standard deviations (σ ′ ) of ie′  were exploited in determining 

the replicate spot pairs with too great intensity differences on each channel (Script 11).  

The error being unique to each channel, the allowed intensity differences were 

determined channelwise. On a channel with overall large differences in replicate spot 

intensities, the allowed intensity difference could be larger than on a channel with 

overall small intensity differences. The minimum ( minie′ ) and the maximum ( maxie′ ) of 

the allowed intensity difference on each channel were calculated as 

  mini i ke e σ= + ⋅′ ′ ,   (4.9) 

  maxi i ke e σ= − ⋅′ ′ .   (4.10) 

The above method is commonly used in identifying outliers. For example, if the 

observations are normally distributed and the coefficient k is set equal to 2.5, roughly 98 

% of the observations should lie within the limits. The remaining 2 % are considered as 

outliers (Rousseeuw & Leroy, 1987, Pasanen et al., 2003).   

 

In determining the allowed intensity differences, the levels of the replicate spot  

intensities being compared were also considered, in addition to the error unique to each 

channel. The higher the replicate intensities, the smaller the relative change that is 

caused by a given intensity difference to these intensities in averaging. Therefore, 

among higher replicate spot intensities, such as 60 000, larger differences can be 

allowed than among lower replicate spot intensities, such as 5000. Since the intensity 
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values on each slide varied from less than 1000 to over 60 000, any standard limits ideal 

for all intensity values could not be determined. 

 

The higher the coefficient k, the higher the absolute difference allowed between the 

replicate spot intensities. The coefficient k was chosen so that replicate spot pairs with 

high intensities were not excluded due to meaningless differences in their intensity 

values. Coefficients 3, 4, 5 and 6 were tested for the data and the coefficient k = 5 was 

evaluated to best suit this objective. Using this coefficient, the absolute values of the 

minima and maxima were in average 5955. Table 4.10 presents the limits calculated for 

the replicate differences on each channel.  The allowed intensity difference could be too 

large for the lower intensities and many replicates remaining in the data could still lead 

to unreliable results. A lower coefficient could have been chosen to render the 

remaining data more reliable but this would have been done at the expense of losing 

potentially interesting genes. The replicate spots with an intensity difference beyond the 

limits on either of their two channels were assigned flag 0. Table 4.11 presents the 

resulting numbers of flags 0 on each slide.   
 

Table 4.10. The limits for intensity differences on each channel.  

Slide Channel minie′  maxie′  

red -3 530,1 3 715,9 
1 

green -2 851,4 2 890,3 

red -6 384,3 5 738,1 
2 

green 5 334,8 5 017,2 

red -4 296,3 4 334,4 
3 

green -3 409,5 2 934,0 

red -8 078,1 7 423,4 
4 

green -7 565,3 7 319,8 

red -7 642,7 8 425,8 
5 

green -10 245 11 972 

 

 

Table 4.11.  The number of flags 0 on each slide after assigning flag 0 to spots with intensity values too 

distant from those of their replicate spot. 

Slide 1 2 3 4 5 

Flags 0 642 541 595 656 455 
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4.3.9 Importing data to GeneSpring 

After revising the quality flags in MATLAB, the data matrices presented in Section 

4.2.3 were ready for import to GeneSpring. The columns of the data matrices were 

interpreted to GeneSpring as presented in Appendix B. During the data import, 

GeneSpring performed background correction, averaged the replicate spot intensities 

within each slide and calculated the intensity ratios, as presented in Section 4.3.1.  

Simultaneously, each averaged observation was assigned a new quality flag, P or A.  

 

When calculating the intensity ratios iQ , GeneSpring used cut-off 10 for the numerator 

iG  and the denominator iR , as explained in Section 4.3.1. All the observations to 

which the cut-off was applied were on slide 1. They were found to be averaged 

intensities iG  and iR  of such replicate spots that had both been assigned flag 0 (Script 

13). Therefore, the intensity ratios iQ  calculated by applying the cut-off were all 

automatically assigned flag A in data import and were later to be filtered from the data.  

 

4.3.10 Data normalisation 

The linearity of the data after import was studied in GeneSpring by drawing the MA 

plots of the background corrected and averaged intensity values iR  and iG  of all slides. 

The data of all the five slides appeared non-linear: the log ratio (M) was not constant for 

most observations but instead seemed to be dependent on the overall intensity of the 

spots. Figure 4.17 presents an examplary MA plot of slide 2.  
 

GeneSpring provides a variety of automatic normalisation methods for cDNA 

microarray data. The Lowess-normalisation (Per Spot and Per Chip: Intensity 

dependent Lowess normalization) recommended for non-linear data was applied to the 

averaged data of each slide to centralise it, i.e. to transfer the mean of the intensity ratios 

to 1, and to simultaneously correct for the intensity dependence of the intensity ratios. A 

20 % fraction (default in GeneSpring) of the nearest observations (values iR  and iG ) 

were used to determine the Lowess curve ( )F iA  at each data point i. GeneSpring has 

been programmed to choose these observations among all the averaged observations 

regardless of the quality flags. Even though the bad quality observations are 

programmed to be included in the calculations, they are not expected to affect the 
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Lowess curves significantly because of their relatively small number in the data and 

also probable robustness of the Lowess algorithm. (As presented by Yang et al., 2002, 

Lowess algorithm should be implemented to be robust, i.e. not affected by outliers, but 

details of its implementation in GeneSpring are not publicly available.) Figure 4.17 

presents the data of slide 2 also after Lowess normalisation.  

 

         
 

Figure 4.17. On the left, the MA plot of all background corrected and averaged observations on slide 2. 

On the right, the MA plot of the same observations after Lowess normalisation. In GeneSpring, the log 

transformation of base 10 is applied to the intensity ratios iiG R  (y-axis) and to the averages of the 

channel intensities ( ) 2iiG R+  (x-axis) by using logarithmic axes. For this reason, the scatter plot is 

formed around value 1 on y-axis unlike in usual MA plots, where it is formed around value 0. 

Furthermore, the x-axis does not present ( )2 2log log 2iiA G R= + , but another  measure ( ) 2iiA G R= +  

on a logarithmic scale. Although these measures are not the same, the latter provides respective 

information on the overall spot intensity and can reveal the possible intensity-dependence of the log 

ratios.  

 

Generally, the centralisation using the Lowess function (as presented in Section 2.6.4) 

corresponds to per-gene normalisation, which renders the observations within a slide 

comparable with each other by eliminating systematic error. But as presented by Figure 

4.18, the Lowess normalisation in GeneSpring exceptionally performs also per-chip 

normalisation, i.e. it unifies the variances of log ratio distributions on different slides. 

Therefore, no additional standardisation method is required.  The centralised and 

standardised intensity ratios of each slide are referred to as  

  1, , 16224
N NQ Q⎡ ⎤= ⎣ ⎦

NQ … .   (4.11) 
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Figure 4.18. On the left, the histograms of the intensity ratios iQ  of the slides numbered from 1 to 5 on 

the x-axis. On the right, the histograms of the centralised and standardised intensity ratios N
iQ , 

respectively. The log-transformation of base 10 has been applied to these ratios by presenting the 

untransformed values on logarithmic axes. For this reason, the histograms are around value 1 instead of 

value 0.  

 

4.3.11 Filtering bad quality data  

The averaged and normalised observations with flag iF ′ = A were excluded from 

further studies using a filtering tool in GeneSpring. To ensure that the results of 

differentially expressed genes retrieved from all slides were comparable with each 

other, observations missing on at least one of the slides were excluded on all of them. 

New data matrices of observations assigned flag iF ′  = P on all the five microarray 

slides were produced. Altogether 15 673 of 16 224 averaged observations passed the 

filtering on each slide. 

 

Slides 3, 4 and 5 contained samples from Clone-9 cells and would eventually not 

produce relevant results that would need to be compared with the differentially 

expressed genes from slides 1 and 2. Therefore, only slides 1 and 2 were included in 

another filtering. In practise, this required importing the data of these two slides to 

GeneSpring instead of all the five slides and reperforming the normalisation. New data 

matrices of observations assigned flag iF ′  = P on slides 1 and 2 were produced. 

Altogether 15 876 of the 16 224 averaged observations passed the filtering on each 

slide.  
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4.4 Finding differentially expressed genes 

The observations corresponding to differentially expressed genes were searched in 

GeneSpring among the averaged and normalised observations which had passed the 

filtering in the two optional conditions presented in Section 4.3.11. Although many of 

the groups of differentially expressed genes were not eventually of interest, it is 

presented here how they were searched from the data. Genes were considered 

differentially expressed between the two samples on a slide if the normalised intensity 

ratio N
iQ  depicted a 2-fold change. The intensity ratios had been calculated as 

[ ]1 162241 162241, , 16224 , ,Q Q G R G R⎡ ⎤= =⎣ ⎦Q … … . Therefore, if N
iQ ≥ 2, the gene 

expression of the ith gene was considered significantly higher in the green Cy3-labelled 

sample.  If N
iQ ≤ 0,5, the gene expression of the ith gene was considered significantly 

higher in the red Cy5-labelled sample.   

 

It should be noted, that although the data was carefully pre-processed and using the 

criteria of 2-fold change is a commonly agreed method in microarray data analysis,  the 

resulting differentially expressed genes are still likely to include some false positive 

observations. Respectively,  some truly differentially expressed genes are likely to  

remain unobserved. This is due to the statistical nature of the problem being solved. 

 

The searches of differentially expressed genes were performed using a scatter plot 

visualisation tool in GeneSpring. After the first filtering, genes with an intensity ratio 
N

iQ ≥ 2 or N
iQ ≤ 0,5 were searched on all the five slides as separate groups. This 

resulted in altogether 10 groups of differentially expressed genes.  The criterion of 2-

fold change was also applied in searching differentially expressed genes between 

samples which had been hybridised to different slides (as presented by Equation 2.12 in 

Section 2.6.6). The intensity ratios depicting the expression change between samples B 

and C (see Table 4.2 in Section 4.2.1) were calculated using intensity ratios of slides 1 

and 2. The intensity ratios depicting the expression change between samples D and C 

were calculated respectively using intensity ratios of slides 1 and 4.  Using the derived 

intensity ratios, searching the differentially expressed genes between samples B and C 

and between samples D and C resulted in altogether 4 gene groups. 
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After the second filtering, genes with an intensity ratio N
iQ ≥ 2 or N

iQ ≤ 0,5 were 

searched on slide 1 to find genes expressed differentially between samples A and C. In 

addition, the groups of genes expressed differentially between samples B and C were 

searched using the intensity ratios derived from the intensity ratios of slides 1 and 2. 

The first search resulted in two groups of genes that were either induced or repressed by 

PMA treatment in Jurkat T cells (i.e. in response to PKC activation). The second search 

resulted in finding the respective genes regulated by forskolin treatment (i.e. in response 

to PKA activation). 

 

Although the resulting observations are here referred to as genes to simplify the 

presentation, it should be noted that any averaged and normalised observation with a 

value N
iQ corresponds to a pair of probe spots located identically within the two arrays 

of a microarray slide and having the same probe sequence. The source sequence of these 

probes is denoted by a GenBank identifier and can be either a cDNA sequence, a shorter 

cDNA fragment called Expressed Sequence Tag (EST) or an entire gene sequence. 

Since several of these sequences can be used to measure the expression of the same 

gene and a particular probe can also be repeated within the slide,  the number of 

resulting observations with a value N
iQ ≥ 2 or N

iQ ≤ 0,5 is actually greater than the 

number of differentially expressed genes.  

 

For most probes, the slide annotation included the identifiers of the gene that each probe 

corresponds to and enabled grouping the observations representing the same gene. 

However, for a few sequences such information was lacking (probe sequences with 

GenBank identifiers AA427491, AA609463 and R97226). For the first two sequences, 

the corresponding genes could be identified using an annotation tool (The EST 

Annotation Machine at IFOM, 2005). This tool links a gene product, i.e. an EST or a 

cDNA sequence, to a gene on the basis of the latest UniGene build 186. This is a 

database of sequence clusters which each contain sequences that represent a unique 

gene (NCBI UniGene, 2005). The slide annotation had also been prepared using the 

UniGene build but its older versions (133 and 166) which apparently did not yet include 

these sequences.  
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4.5 Studying the effect of Vpr on gene expression  

The effect of the HI-viral Vpr on Jurkat T cell gene expression was intended to be 

studied using the differentially expressed genes retrieved after the first filtering from 

microarray slides 3, 4 and 5 (see Table 4.2. in Section 4.2.1). These slides included 

direct comparisons between the gene expression of Jurkat and Clone-9 cells subjected to 

different stimuli (PMA, forskolin or no stimulus). Each direct comparison could have 

revealed genes expressed differentially in the presence and absence of Vpr in response 

to a certain stimulus. Thereby, the number and the ontologies of genes expressed 

differentially could have provided a large-scale overview of the effect of Vpr on the 

gene regulation mediated by PKC and PKA.  

 
The potential role of Vpr as a stabiliser of the interaction between phosphorylated 

CREB and its cofactor CBP was furthermore intended to be tested by comparing four 

groups of differentially expressed genes retrieved after the first filtering. The gene 

groups are presented in Table 4.12. 

 
Table 4.12. The gene groups required for testing the hypothesis that Vpr acts as a stabiliser between 

CREB and CBP. Recall the letter codes of the hybridised cDNA samples and the numbering of 

microarray slides presented in Tables 4.1 and 4.2 in Section 4.2.1. 

Gene group Gene group description Compared  
DNA samples 

Slide or slides used 
for expression 
comparison 

I 

 
Gene expression induced by PKC activation in 

the presence of Vpr 

D and C 1 and 4 

II Gene expression induced by PKA activation B and C 1 and 2 

III Gene expression induced by PKC activation A and C 1 

IV Gene expression induced by Vpr F and C 3 

 

If Vpr could stabilise interactions between the transcription factor CREB and its 

cofactor CBP on the PKC signalling pathway, PKC activation in T cells in the presence 

of Vpr was expected to result in induction of CREB-dependent genes in addition to the 

induction of a variety of genes regulated by other transcription factors (group I). PKA 

activation should induce many CREB-dependent genes (group II). Thereby, the genes of 

groups I and II were to be compared in search of common genes which could be CREB-

dependent but were also induced by PKC in the presence of Vpr. To ensure the 
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combined action of Vpr and PKC in inducing such genes, they were to be compared to 

those induced by PKC activation alone (group III) and Vpr alone (group IV). To 

summarise, the genes common for groups I and II were first to be searched. Thereafter, 

the genes of groups III and IV were to be subtracted from these. Any remaining genes 

would have suggested that Vpr can stabilise the interaction of phosphorylated CREB 

and CBP.  

 

4.6 Retrieving and analysing gene ontologies 

Microarray data analysis can result in large groups of differentially expressed genes. To 

explore the roles of the differentially expressed genes in cells, one option is to study 

their ontologies. Gene Ontology Consortium (Gene Ontology Home, 2005) has 

produced a hierarchical structure of Gene Ontologies (GO) describing the molecular 

function, biological process and the cellular component associated with a gene or a gene 

product (Pasanen et al., 2003). Each gene can be associated with one or more molecular 

functions (e.g. kinase or electron transporter activity) and with one or several biological 

processes (e.g. apoptosis or inflammatory response). Each gene may also be associated 

with one or more cellular components describing the location of the gene product (e.g. 

mitochondrial matrix or plasma membrane). This GO structure does not yet include all 

human genes (An Introduction to the Gene Ontology, 2005). The GO ontologies can be 

found for example in the Entrez database (NCBI Entrez Gene, 2005). 

 

The GO ontologies of the genes induced or repressed in response to PMA or forskolin 

treatment (searched from slides 1 and 2 after the second filtering) were studied 

separately within each group of differentially expressed genes. The study aimed at 

providing an overview of the processes and functions the differentially expressed genes 

are generally associated with. Since all genes do not yet have an ontology, some of the 

genes had to be left outside the ontology analysis.  

 

Due to the large number of ontology terms associated with each gene, it would have 

been complex to present the genes associated with each biological process and 

molecular function as separate lists. Therefore, the genes were grouped to point out 

those that are likely to be involved in particular biological processes central for T cell 
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activation and, as presented in Section 2.2, are known to be mediated by DAG/PKC 

signalling.  The genes were classified by the following grouping of biological processes: 

(A) cellular differentiation and regulation of gene expression, (B) cell growth, 

proliferation and apoptosis, (C) adhesion and cell-cell signalling and (D) migration and 

cellular movements. Since a transient increase in cAMP is associated with TCR 

engagement, and cAMP/PKA signalling is assumed to mediate negative regulation of T 

cell activation, genes induced or repressed by forskolin stimulation and involved in 

these processes were equally of interest and were similarly classified. 

 

Most genes were classified on the basis of their ontology information which was 

required to be associable with a given group A-D. Although all genes encoding cluster 

of differentiation (CD) molecules and genes encoding major histocompatibility complex 

class I molecules (Class I MHC) did not have ontology information referring to cell-cell 

signalling, they were additionally listed in group C. This is because they are likely to 

have important roles in immune functions. CD molecules are cell-surface proteins or 

receptors expressed on the surface of leukocytes. They are differentially expressed in 

different leukocytes. The amount of these molecules in blood is known to rise and 

fluctuate in response to immune activation. MHC (also called human leukocyte antigen, 

HLA, in humans) class I molecules in their turn represent cell-surface proteins 

expressed on almost all human cells. They are capable of binding antigen fragments and 

presenting them to T cells to induce an immune response (Prescott et al., 2002).  
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5   Results 
This chapter presents the differentially expressed genes retrieved in the data analysis. 

An overview of the genes appearing to be induced or repressed in Jurkat T cells in 

response to DAG/PKC or cAMP/PKA signalling is presented, along with the numbers 

of genes associated with the particular biological processes central for T cell activation. 

Also genes regulated by both DAG/PKC and cAMP/PKA signalling are presented.  

 

5.1 Genes regulated by DAG/PKC signalling 

The genes expressed differentially between the non-stimulated Jurkat T cells and the 

PMA-stimulated Jurkat T cells were searched in the normalised microarray data on slide 

1 after the second filtering. The genes showing at least 2-fold change in their expression 

level between the two conditions are presented in Tables C.1 and C.2 in Appendix C. 

The differentially expressed genes are presented in the tables together with the fold 

change values calculated from the intensity ratios N
iQ  which indicated each gene as 

differentially expressed. The fold change value depicts how many times greater or lower 

the gene expression is after stimulation compared to the non-stimulated state. The fold 

change value is equal to N
iQ  when N

iQ  ≥ 1 and to 1/ N
iQ  when N

iQ < 1. Chosen 

ontology terms considered to best describe the molecular functions of the gene product 

and the biological processes they are involved in are presented aside the differentially 

expressed genes. The cellular component ontologies describing the location of the gene 

product within the cell are not presented in the tables, although they are here viewed for 

some genes. In the following, those of these genes that are associated with particular 

biological processes central for T cell activation are presented. A given gene may be 

associated with more than one process. 
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5.1.1 Genes induced in response to PMA stimulation 

Table C.1 in Appendix C includes the genes having at least two times higher expression 

after PMA stimulation, i.e. genes whose expression appeared to be induced in response 

to DAG/PKC signalling. There were altogether 76 induced genes.  

 

Tables 5.1 - 5.4 present those of the induced genes that are associated with the particular 

biological processes of interest. The biological processes or molecular functions 

designating a given gene to a given group are presented alongside. Altogether 36 

different genes of the induced 76 genes were included in these four groups. See Table 

5.9 for a summary of the genes induced by PMA and associated with each biological 

process of interest. 

 

Cellular differentiation and regulation of gene expression 

14 genes encoding proteins involved in regulating transcription were induced (Table 

5.1). One of these genes is also associated with B-cell differentiation (GeneID 1316). 

The genes encode both positive and negative regulators of transcription. Most of the 

gene products are depicted as transcription factors. Some are depicted as transcriptional 

activators, coactivators, repressors or corepressors. Some are also more generally 

associated with regulation of transcription and one gene product is described as a 

transcriptional elongation regulator. According to the other ontologies of these genes 

(presented in Table C.1), their products are associated with such immunologically 

interesting processes as cell growth, defense response, antibacterial humoral response 

and inflammatory response.  

 

Cell growth, proliferation and apoptosis 

13 genes associated with cell growth, proliferation or apoptosis were induced (Table 

5.2). 5 of these genes are associated with cell growth or regulation of cell proliferation 

and 10 genes with either positive or negative regulation of apoptosis. According to the 

other ontologies of these 13 genes (presented in Table C.1), their products include 

several regulators of transcription, a growth factor and various signal transduction 

molecules, such as a receptor, a GTPase activator and kinases. The ontologies do not 

enable determining which of the genes are involved in inducing and which in preventing 

apoptosis. Those associated with anti-apoptosis are at least involved in preventing 
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apoptosis in some conditions but may yet have inverse effects in others. 3 of the 10 

genes associated with apoptosis are also involved in protein degradation. The products 

of two of these genes function as ubiquitin-protein ligases (GeneIDs 330, 9618) and one 

functions as a peptidase (7128). 

 

Adhesion and cell-cell signalling 

Altogether 15 induced genes were included in this group (Table 5.3). 4 of these genes 

are associated with cell adhesion. According to the cellular component ontologies (not 

presented), 3 of the 4 genes have membrane-bound products (Gene IDs 3655, 5097, 

9037), whereas one gene´s product is associated with cytoplasm or cytoskeleton (2185). 

One of the 3 membrane-bound gene products associated with adhesion mediates cell-

matrix adhesion, whereas the others are associated with adhesion in general and may be 

involved in binding the cell either to another cell or to the extracellular matrix.  

 

6 genes associated with cell-cell signalling were induced, two of which are also 

associated with cell adhesion. According to the cellular component ontologies (not 

presented) of these 6 genes, 2 gene products are secreted to the extracellular space 

(5154 and 6346) whereas the others are membrane-bound. The secreted molecules 

represent a growth factor polypeptide and a chemokine. The membrane-bound gene 

products represent ligands binding to tumor necrosis factor receptors (4050 and 8743) 

and two cell adhesion molecules (5097 and 9037).  

 

In addition to these, several genes of signal transduction molecules were induced, but 

these are not presented here if their ontology does not specifically depict them by the 

term cell-cell signalling. The 5 induced genes of CD molecules and the 2 induced genes 

of MHC molecules were included in the table, as they may play a role in cell-cell 

signalling following T cell activation.  
 

Migration and cellular movements 

3 genes involved in migration or cellular movements were induced (Table 5.4). These 

include 2 genes whose protein products participate in cytoskeleton organisation and one 

gene encoding a chemokine that guides cellular migration.   
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Table 5.1. Genes induced by PMA involved in cellular differentiation or regulating transcription.  

GeneID Gene name GO biological process and/or 
molecular function 

677 zinc finger protein 36, C3H type-like 1 transcription factor activity 

1316 core promoter element binding protein transcriptional activator activity 
B-cell differentiation 

1958 early growth response 1 transcription factor activity 
2625 GATA binding protein 3 transcription factor activity 
3164 nuclear receptor subfamily 4, group A, member 1 transcription factor activity 

3726 jun B proto-oncogene 
transcription factor activity 
transcription coactivator activity 
transcription corepressor activity 

3727 jun D proto-oncogene transcription factor activity 

4664 NGFI-A binding protein 1 
(EGR1 binding protein 1) 

transcriptional repressor activity 
negative regulation of  transciption 

4790 nuclear factor of kappa light polypeptide gene enhancer 
in B-cells 1 (p105) transcription factor activity 

4791 nuclear factor of kappa light polypeptide gene enhancer 
in B-cells 2 (p49/p100) 

transcription coactivator activity 
transcription factor activity 

5097 protocadherin 1 (cadherin-like 1) transcriptional elongation  
    regulator activity 

7024 transcription factor CP2 transcription factor activity 

7128 tumor necrosis factor, alpha-induced protein 3 negative regulation of 
transcription 

22823 likely ortholog of mouse metal response element binding 
transcription factor 2 

regulation of transcription, DNA- 
   dependent 

 

 
Table 5.2 Genes induced by PMA involved in regulating cell growth, proliferation or apoptosis.  

GeneID Gene name GO biological process and/or 
molecular function 

330 baculoviral IAP repeat-containing 3 anti-apoptosis  

940 CD28 antigen (Tp44) pos. reg. of T cell proliferation 
pos. reg. of anti-apoptosis  

1316 core promoter element binding protein cell growth 

2185 protein tyrosine kinase 2 beta apoptosis 
pos. reg. of cell proliferation 

4790 nuclear factor of kappa light polypeptide gene enhancer in 
B-cells 1 (p105) 

anti-apoptosis 
apoptosis 

5154 platelet-derived growth factor alpha polypeptide cell proliferation  
growth factor activity 

5581 protein kinase C, epsilon induction of apoptosis 
6446 serum/glucocorticoid regulated kinase apoptosis 

7128 tumor necrosis factor, alpha-induced protein 3 anti-apoptosis 
apoptosis 

8743 tumor necrosis factor (ligand) superfamily, member 10 induction of apoptosis  

8870 immediate early response 3 anti-apoptosis 
apoptosis  

9138 Rho guanine nucleotide exchange factor (GEF) 1 cell proliferation 
9618 TNF receptor-associated factor 4 apoptosis 
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Table 5.3 Genes induced by PMA mediating adhesion or cell-cell signalling.  

GeneID Gene name GO biological process and/or 
molecular function or  CD  

911 CD1C antigen, c polypeptide CD 
940 CD28 antigen (Tp44) CD 

969 CD69 antigen (p60,  
early T cell activation antigen) CD 

2185 protein tyrosine kinase 2 beta cell adhesion 
3105 major histocompatibility complex, class I, A MHC class I receptor activity 
3107 HLA-C gene MHC class I receptor activity 
3655 integrin, alpha 6 cell-matrix adhesion  

3732 
kangai 1 (suppression of tumorigenicity 6, prostate; CD82 
antigen (R2 leukocyte antigen, antigen detected by 
monoclonal and antibody IA4)) 

CD 

4050 lymphotoxin beta (TNF superfamily, member 3) cell-cell signalling 

5097 protocadherin 1 (cadherin-like 1) cell adhesion  
cell-cell signalling  

5154 platelet-derived growth factor alpha polypeptide cell-cell signalling 
6346 chemokine (C-C motif) ligand 1 cell-cell signalling 
8743 tumor necrosis factor (ligand) superfamily, member 10 cell-cell signalling 

9037 
sema domain, seven thrombospondin repeats (type 1 and 
type 1-like), transmembrane domain (TM) and short 
cytoplasmic domain, (semaphorin) 5A 

cell adhesion 
cell-cell signalling  

9308 CD83 antigen (activated B lymphocytes, immunoglobulin 
superfamily) CD 

 

 
Table 5.4. Genes induced by PMA involved in migration or cellular movements.  

GeneID Gene name GO biological process and/or 
molecular function 

3927 LIM and SH3 protein 1 cortical cytoskeleton 
    organisation and biogenesis 

6346 chemokine (C-C motif) ligand 1 chemotaxis 
chemokine activity 

64780 NEDD9 interacting protein with calponin homology and 
LIM domains 

cytoskeleton organisation    
   and biogenesis  

 

In addition to the presented, many of the genes induced by PMA are associated with e.g. 

such biological processes as signal transduction, development (e.g. muscle and skeletal 

development), metabolism, ion or molecule transport and RNA splicing. Several of the 

induced genes encode signal transduction enzymes functioning as kinases (6 genes), 

phosphatases (3 genes) and GTPases (4 genes).   

 

5.1.2 Genes repressed in response to PMA stimulation 

Table C.2 in Appendix C includes the genes having at least two times lower expression 

after PMA stimulation, i.e. genes whose expression appeared to be repressed in 

response to DAG/PKC signalling. There were altogether 15 different repressed genes. 
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4 of the 15 genes are associated with the biological processes of interest. See Table 5.9 

for a summary of the genes repressed by PMA and associated with each biological 

process. The genes include 3 genes encoding 2 transcription factors and one regulator of 

transcription (Gene IDs 4609, 7029 and 23 635, respectively). The 2 transcription 

factors are also associated with regulation of cell proliferation (4609 and 7029). One of 

the four genes is associated with regulation of cytoskeleton (microtubule) 

depolymerisation and may thus mediate cellular movements (58 526). There are no 

genes associated with adhesion or cell-cell signalling. The genes repressed by PMA are 

otherwise associated with varying biological processes, of which molecule transport is 

in common for more than one gene (2030, 7514, 23 456).  

 

5.2 Genes regulated by cAMP/PKA signalling 

The genes expressed differentially between the non-stimulated Jurkat T cells and the 

forskolin-stimulated Jurkat T cells were searched after the second filtering using the 

normalised intensity ratios from slides 1 and 2. The genes showing at least 2-fold 

change in their expression level between the two conditions are presented in Tables D.1 

and D.2 in Appendix D. The fold change values and the ontologies are presented in the 

tables as explained earlier for genes regulated by DAG/PKC signalling. In the 

following, the genes that are associated with particular biological processes central for T 

cell activation are presented. A given gene may be associated with more than one 

process. 

 
5.2.1 Genes induced in response to forskolin stimulation 

Table D.1 in Appendix D includes the genes having at least two times higher expression 

after forskolin stimulation, i.e. genes whose expression appeared to be induced by 

cAMP/PKA signalling. The observations corresponded to altogether 15 different 

induced genes. Differential expression was also measured for one EST that has not been 

associated with any human gene. 

 

5 of the 15 genes are associated with the biological processes of interest. See Table 5.9 

for a summary of the genes induced by forskolin and associated with each biological 

process. These include one gene encoding a transcription factor (GeneID 1390),  one 
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gene associated with apoptosis (5581), 2 genes associated with cell adhesion (2022 and 

2195) and one gene encoding a CD molecule that may mediate cell-cell signalling 

(1604). There are no genes associated with migration or cellular movements. According 

to the cellular component ontologies (not presented), the genes associated with adhesion 

have products integral to plasma membrane. The genes induced by forskolin are 

otherwise associated with varying biological processes, of which metabolism, 

development (organogenesis and angiogenesis), signal transduction and the ubiquitin 

cycle are in common for more than one gene.  

 

5.2.2 Genes repressed in response to forskolin stimulation 

Table D.2 in Appendix D includes the genes having at least two times lower expression 

after forskolin stimulation, i.e. genes whose expression appeared to be repressed by 

cAMP/PKA signalling. There were altogether 10 different repressed genes.  

 

Tables 5.5 - 5.8 present those of the repressed genes that are associated with the 

particular biological processes of interest. The biological processes or molecular 

functions designating a given gene to a given group are presented alongside. Altogether 

7 different genes of the repressed 10 genes were included in these four groups. See 

Table 5.9 for a summary of the genes repressed by forskolin and associated with each 

biological process. 2 genes encoding transcription factors were repressed (Table 5.5). 

The other of these genes (GeneID 4609) is also associated with cell proliferation and 

cell cycle arrest. Altogether 3 genes associated with either cell proliferation or apoptosis 

were repressed (Table 5.6). 4 genes associated with adhesion or cell-cell signalling or 

encoding CD molecules were repressed (Table 5.7). According to the cellular 

component ontologies (not presented), the products of all these 4 genes are integral to 

membrane. One of the genes associated with adhesion is also associated with cell 

motility (Table 5.8). The genes repressed by forskolin are otherwise associated with 

varying biological processes, of which signal transduction is in common for more than 

one gene (8744, 10451, 3676). There are also two genes whose protein products 

function as receptors (969, 3676). 
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Table 5.5.  Genes repressed by forskolin involved in regulating transcription.  

GeneID Gene name GO biological process and/or 
molecular function 

4609 v-myc myelocytomatosis viral oncogene homolog (avian) transcription factor activity 
10522 deformed epidermal autoregulatory factor 1 (Drosophila) transcription factor activity 
 

 

Table 5.6. Genes repressed by forskolin involved in regulating cell growth, proliferation or apoptosis. 

GeneID Gene name GO biological process and/or 
molecular function 

4609 v-myc myelocytomatosis viral oncogene homolog (avian) cell cycle arrest 
cell proliferation 

5664 presenilin 2 (Alzheimer disease 4) apoptotic program 
8744 tumor necrosis factor (ligand) superfamily, member 9 apoptosis 

cell proliferation 
 

 

Table 5.7. Genes repressed by forskolin involved in mediating adhesion or cell-cell signalling. 

GeneID Gene name GO biological process and/or 
molecular function or CD 

969 CD69 antigen (p60, early T cell activation antigen) CD 

3676 integrin, alpha 4 (antigen CD49D, alpha 4 subunit of VLA-
4 receptor) cell-matrix adhesion 

6402 selectin L (lymphocyte adhesion molecule 1) cell adhesion 
8744 tumor necrosis factor (ligand) superfamily, member 9 cell-cell signalling 
 

 

Table 5.8. Genes repressed by forskolin involved in migration or cellular movements. 

GeneID Gene name GO biological process and/or 
molecular function 

6402 selectin L (lymphocyte adhesion molecule 1) cell motility 
 

 

Table 5.9. Summary of the genes induced (↑) or repressed (↓) by PMA or forskolin and associated with 

the biological processes central for T cell activation: A) cellular differentiation and regulation of gene 

expression, B) cell growth, proliferation and apoptosis, C) adhesion and cell-cell signalling and              

D) migration and cellular movements. 

Genes involved in a given process 
 

 

Genes 
regulated 

Genes 
involved 
in any of 
processes 
A-D 

A B C D 

PMA ↑      76 36 14 13 15 3 

PMA ↓ 15 4 3 2 0 1 

Forskolin ↑ 15 5 1 1 3 0 

Forskolin ↓ 10 7 2 3 4 1 
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5.3 Genes regulated by DAG/PKC and cAMP/PKA 

signalling  

Comparison of the four groups of genes induced or repressed by PMA and forskolin 

stimuli suggested 6 genes that may be under the regulation of both DAG/PKC and 

cAMP/PKA signalling in Jurkat T cells. As illustrated by Table 5.10, these include 

genes on which PMA and forskolin stimulations had similar effects (induction or 

repression) as well as genes on which they had inverse effects. The ontologies best 

describing the molecular functions of the genes or their products and the biological 

processes they are involved in are presented alongside. These genes have no particular 

ontologies in common.  

 
Table 5.10. Genes induced (↑) or repressed (↓) by both PMA and forskolin.  

 GeneID Gene name 
Biological process 
and/or molecular 
function 

5581 protein kinase C, epsilon 
induction of apoptosis 
protein kinase C activity 
signal transducer activity 

9047 SH2 domain protein 2A 
angiogenesis 
intracellular signalling  
    cascade 

PMA ↑ Forskolin ↑ 

23556 phosphatidylinositol glycan, class N no ontology 

PMA ↓ Forskolin ↓ 4609 v-myc myelocytomatosis viral oncogene 
homolog (avian) 

cell cycle arrest 
cell proliferation 
iron ion homeostasis 
transcription factor  
    activity 

PMA ↑ Forskolin ↓ 969 CD69 antigen (p60, early T cell activation 
antigen) 

defense response 
transmembrane receptor 
    activity 

PMA ↓ Forskolin ↑ 29005 PRO1073 protein no ontology 
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6  Discussion 
In this chapter, the methodology applied in the data analysis is first discussed. Second, 

the reliability of the differentially expressed genes and the meaning of the found 

ontologies are discussed. Third, potential future approaches to studying PKC and PKA 

in regulating T cell gene expression using microarrays are outlined. 

 

6.1 Methods of data analysis  

The presented microarray data analysis followed guidelines of state-of-the-art 

microarray data processing methods. These included excluding missing and saturated 

intensity values from the data, performing background correction, averaging replicate 

spot intensities and using Lowess normalisation to centralise the data and to correct its 

non-linearity within each microarray slide. The Lowess normalisation in GeneSpring 

also standardised the data and rendered it comparable between slides. The genes having 

at least 2-fold change in their expression, according to the normalised intensity ratios, 

were considered differentially expressed. In addition, the data analysis emphasised 

careful excluding of potentially aberrant observations and considered the suitability of 

background correction and replicate averaging as methods to increase the data 

reliability. The data analysis was performed using automatic pre-processing steps of 

GeneSpring in combination with self-written MATLAB scripts. The scripts were 

presented in the thesis to enable the use of their principles in future microarray studies. 

 

The methodology applied was to some extent either suggested or restricted by the 

characteristics of the GeneSpring software used. Evidently, using different software, 

pre-processing methods or criteria for finding the differentially expressed genes, could 

have resulted in gene groups differing from the presented by a few genes. This is yet 

characteristic of microarray data analysis, where standard rules are still evolving and 

much depends on the consideration of the person performing the analysis.   
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Exploiting both GeneSpring and MATLAB in the data analysis allowed combining the 

advantages of both software. Among the advantages of GeneSpring were its ability to 

organise data from different microarray slides into separate spreadsheets, rapidly 

perform certain pre-processing steps paying attention to the spot quality flags and to 

form lists of the differentially expressed genes. A special advantage in the analysis 

process was its ability to present data from different slides and different processing 

steps in the same browser window. They could be easily compared using a variety of 

visualisation tools. The most apparent advantage of using MATLAB was its flexibility. 

It was a practical tool in performing steps which could not equally be performed in 

GeneSpring, such as visualising the unprocessed data and revising the quality flags. The 

most significant drawback of using MATLAB was that the learning process required to 

write MATLAB scripts slowed down the analysis.  

 

Although using MATLAB enabled adding specificity to the data analysis, performing 

the analysis by combining two software may not have been the most appropriate 

alternative in this study. It may have been more efficient to perform the analysis entirely 

in MATLAB or in another programming language, such as R, which include pre-made 

scripts for microarray data analysis but are simultaneously adjustable as they allow 

writing of self-made scripts. The statistical tools of GeneSpring designed specifically 

for replicated microarray data could namely not be exploited in the study. In addition, 

familiarising with the pre-processing methods applied by GeneSpring so that they could 

be supplemented with MATLAB was time-consuming. On the other hand, performing 

the microarray data analysis in MATLAB would have required earlier experience of the 

software and microarray data analysis. By contrast, the graphical user interface of 

GeneSpring was in many ways helpful and instructive for a newcomer to data analysis. 

In general, if the data analysis is performed mainly with a programming language, 

GeneSpring or other automised software could be useful in roughly confirming the 

obtained results. 

 

GeneSpring is an appropriate tool for quick screening of microarray data including 

measurements from several replicates or from several time points, because such data 

enables exploiting its statistical tools. Nevertheless, the main drawback of highly 

automated data analysis programmes is that the calculations they perform are often not 

visible for the user. In general, the choice of an appropriate microarray data analysis 
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programme can be concluded to be dependent on the data properties, the objectives of 

the study and the former experience of using analysis software. 

 

6.2 Differentially expressed genes 

The differentially expressed genes could not be exploited in studying the effect of Vpr 

protein on the gene expression of Jurkat T cells. The hypothesis of Vpr acting as a 

stabiliser between CREB and CBP was also later found to be based on unreliable 

results. If the hypothesis had been of interest and the analysis had produced genes 

appearing to be induced by the combined action of PKC and Vpr, further confirmation 

of the results could have included studying the promoter regions of such genes by using 

appropriate promoter element search tools to ensure the presence of CRE-elements. The 

genes could also have been compared to genes already known to be CREB-dependent in 

the human genome (presented e.g. in Mayr & Montminy, 2001).  Later on, the 

behaviour of chosen genes could have been confirmed by more precise techniques of 

measuring mRNA levels than cDNA microarray, such as quantitative real-time RT-

PCR.   

 
The experiment was designed for screening the behaviour of a large amount of human 

genes in order to find interestingly behaving ones for more precise expression studies. 

The data could be exploited for providing an overview of changes that the activation of 

PKC and PKA may cause in Jurkat T cell gene expression, although these results lack 

statistical significance. The microarray data analysis resulted in finding those of 

approximately 10 500 human genes, having probes in the microarray slides, that 

appeared to change their expression at least 2-fold in response to either a PMA or 

forskolin stimulus.  

 

As discussed in Sections 2.2 and 2.3, PMA, functioning as a DAG analogue, and 

forskolin, functioning as an activator of adenylyl cyclase and thus increasing cAMP 

concentration, may perform actions independent of PKC and PKA, respectively. 

Therefore, all the genes appearing to be regulated by PMA or forskolin are not 

necessarily under the regulation of PKC or PKA. However, PKC and PKA are 

commonly considered as the main activation targets of DAG and cAMP. To cover the 
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role of PKC and PKA more specifically, similar type of experiments should be 

performed in the presence of substances that block PKC and PKA activity.  

 

The number of genes regulated by PMA, i.e. 76 induced and 15 repressed genes of 

approximately 10 500 genes studied, were within the scale expected. For comparison, 

PMA stimulation of Jurkat T cells has earlier been reported to induce the expression of 

5 genes out of 1046 randomly chosen cDNA clones in a similar type of microarray 

experiment (Schena et al., 1996). This corresponds to approximately the same 

proportion of induced genes, but the present study suggests several additional genes 

regulated by PMA. Moreover, the number of genes regulated by PMA was, as expected, 

smaller than the number of genes reported to be regulated in response to actual TCR 

engagement which, in addition to DAG, also activates e.g. inositoltrisphosphate (IP3) 

(presented in Section 2.2. in Figure 2.1). To provide a few examples of these TCR 

stimuli, the activation of Jurkat T cells by phytohemagglutin (PHA) has resulted in 

induction of approximately 300 genes and repression of 37 genes out of 6912 genes 

tested (Lin et al., 2003). Equally, the activation of human CD4+ memory T cells by a 

stimulus affecting both TCRs and their coreceptors has resulted in induction of 130 and 

repression of 42 genes out of approximately 55 000 cDNA clones tested (Liu et al., 

2001) and the activation of murine peripheral blood T cells by a superantigen has 

resulted in both induction and repression of approximately 140 genes out of 6300 genes 

tested (Teague et al., 1999). When comparing these numbers though, it should be noted, 

that the definition of a gene and the tested time scale may vary between the described 

experiments, in addition to the cell type and stimuli.  

 

In contrast, the 15 genes induced and 10 genes repressed by forskolin were surprisingly 

few, considering that many transcription factors are known to be regulated by PKA. For 

comparison, a forskolin stimulation of human choriocarcinoma cells (JEG-3) lasting 1,5 

hours has earlier been reported to induce 51 genes and repress 48 genes when the genes 

of chromosome 22 only were studied (Euskirchen et al., 2004). Approximately 200 

genes, revealed by using close to 9000 probes on an array, have been reported to induce 

their expression in murine Schwann cells after a forskolin stimulation lasting 30 hours 

(Schworer et al., 2003). Moreover, it is possible that such a small number of 

differentially expressed genes do not include many that would behave similarly in 

repeated experiments.   
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The small number of genes induced by forskolin (referred to as group II in section 4.5) 

implies that even if Vpr had been expressed in the Clone-9 cells, the experiment could 

not have revealed a large number of CREB-dependent genes induced by the combined 

action of Vpr and PKC. This is because the genes induced by forskolin were intended to 

be used as a reference of CREB-dependent genes. Moreover, the activity of the 

transcription factor CREB and the changes it induces in gene expression have been 

reported to peak already approximately 30 minutes - 1,5 hours after stimulation with a 

cAMP agonist and to attenuate over a 2 - 4 hour period (Mayr & Montminy, 2001, 

Euskirchen et al., 2004). For this reason, the present experiment where the RNA 

extraction was set at 6 hours after forskolin stimulation was not likely to reveal many 

CREB-dependent genes. This time point was originally chosen on the basis of earlier 

experiments and was expected to result in maximal effect of the combined action of Vpr 

and PKC. Missing the peak of CREB activation may represent one reason for the small 

number of genes regulated by forskolin. Overall, since the regulation of transcription 

can proceed in different time scales, extracting RNA at several time points after both 

PMA and forskolin stimuli would likely have revealed more genes regulated by either 

stimulus. In addition, the forskolin stimulation could have been rendered more efficient 

by the simultaneous usage of a phosphodiesterase inhibitor, such as 3-isobutyl-1-

methyl-xanthene (IBMX), that blocks the degradation of produced cAMP (Chen et al., 

1998, Taskén & Aandahl, 2003).   

 

The observations of genes induced or repressed in response to PMA stimulation are 

likely to be more reliable than those of genes induced or repressed in response to 

forskolin stimulation. This is because the comparison between the cells stimulated with 

PMA and the non-stimulated cells was performed directly on the same microarray slide. 

In contrast, the effect of forskolin stimulation was studied undirectly using intensity 

ratios from two slides which had one common cDNA sample. Calculating a relationship 

of two samples through a common control sample may significantly increase both false 

positive and negative observations in the results. On the other hand, paying special 

attention to the pre-processing of the data, especially to excluding many aberrant 

observations, is likely to have decreased the amount of false positive observations 

among all the resulting groups of differentially expressed genes. The less precise 

technique of determining the differential expression may also represent another reason 

for the fairly small number of genes appearing to be regulated by forskolin.  
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The groups of genes regulated by PMA or forskolin were analysed using their GO 

ontologies. Genes that are involved in particular biological processes central for T cell 

activation were pointed out. This grouping assists in directing more precise studies on 

genes involved in particular immunologically interesting processes. As illustrated by 

Table 5.9 in Section 5.2.2, the four groups of genes either induced or repressed in 

response to PMA or forskolin stimuli all included genes associated with these processes.  

 

The genes induced by PMA represented the largest of the gene groups and thereby 

enabled best creating a global view of the biological processes that are regulated by a 

given stimulus. The results support the previous knowledge that DAG/PKC signalling 

regulates processes central for T cell activation. These processes include cellular 

differentiation, regulation of transcription, cell growth, proliferation, apoptosis, cell 

adhesion, cell-cell signalling, migration and cellular movements. In the light of this 

experiment, DAG/PKC signalling regulates such processes indirectly through gene 

expression. Moreover, DAG/PKC signalling seems to regulate the processes rather 

through inducing than repressing gene expression, as much fewer genes were repressed 

by PMA stimulation and only few of these were associated with the given processes. It 

should be noted that although many of the regulated genes are not, according to their 

present ontologies, known to be associated with these processes, they may nevertheless 

play a role therein. In addition, the genes induced by PMA stimulation were associated 

with a variety of other processes, such as signal transduction, development, metabolism, 

ion or molecule transport and RNA splicing. Although the involvement of PKC in all 

these processes is not as well known, regulation of such genes may also be central for 

the changes that occur in T cells upon activation.  

 

Many of the genes that changed their expression in response to forskolin stimulation 

were also associated with the biological processes considered central for T cell 

activation. The ontologies of the genes repressed by forskolin matched better with the 

given processes than the ontologies of the induced genes. This may however be due to 

chance alone, as there were overall very few differentially expressed genes in both 

groups. In addition, at least two of the genes induced by forskolin were associated with 

each of the following processes: metabolism, development, signal transduction and the 

ubiquitin cycle. Three of the genes repressed by forskolin were associated with signal 

transduction and the products of two genes functioned as receptors. Overall, these are 
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all processes or functions that are interesting in terms of understanding T cell activation 

and the role of cAMP/PKA signalling therein. However, since the number of regulated 

genes in this experiment was smaller than expected and the undirect sample comparison 

reduced the reliability of the results, they do not enable drawing further conclusions of 

the processes regulated by cAMP/PKA signalling in Jurkat T cells.  

 

A small amount of genes appeared to be regulated by both PMA and forskolin 

stimulations. They had no particular common ontologies, but appeared to be involved in 

a wide variety of biological processes. The found genes suggest that DAG/PKC and 

cAMP/PKA signalling have both common and inverse effects on the gene expression of 

Jurkat T cells. Yet finding more genes regulated through cAMP/PKA signalling, as well 

as more replicate observations of both stimulations, would be required to enable a more 

reliable overview of genes that potentially are under the regulation of both signalling 

pathways. 

 

The ontology study provided a general overview of the biological processes the genes 

regulated by PMA and forskolin in this experiment are involved in. For any regulated 

gene or biological process of interest, further literature review can be performed to 

explore whether a particular gene is previously known to be regulated by either of the 

stimulators or activation of T cells. For example, CD69 (GeneID 969) is an activation 

antigen known to be expressed in T cells in response to TCR engagement (Hughes & 

Pober, 1996) as well as in response to phorbol ester stimuli (Genot et al., 1995). 

Accordingly, in the present experiment, PMA induced its expression over 6-fold in 

Jurkat T cells. Moreover, the activation-induced expression of CD69 has earlier been 

reported to be significantly inhibited in CD3+ T cells in the presence of a cAMP 

analogue (Aandahl et al., 2002). In the present experiment, forskolin repressed the 

gene’s expression over 2-fold.  

 

6.3 Future experimental approaches 

Microarrays represent an efficient technique to study genome-wide changes in gene 

expression. For the microarray data analysis to be efficient and to best serve the needs 

of a particular experiment, each experimenter needs to gather an entity of data analysis 
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tools and methods best suitable for the experimental objectives. At its best, microarray 

experiments and microarray data analysis would be linked to each other to constitute an 

efficient system where the data from similar type of experiments could be continuously 

analysed using the same analysis tools. The knowledge acquired of the data analysis and 

the software in the course of this study may help in choosing appropriate experimental 

designs and analysis methods for future microarray experiments. 

 

The presented results suggest a number of genes that may be regulated in response to 

PMA or forskolin stimulation in T cells. The behaviour of chosen genes could be 

confirmed as such using more precise measurement techniques. However, the variation 

between the changes in gene expression caused by similar stimuli in different cell 

cultures can be large. Therefore, to have a better understanding of the biological 

variation between Jurkat cell cultures, it would be advantageous to test the effects of 

PMA and forskolin using biological replicates in the microarray experiment. Further 

cDNA microarray experiments could include at least three cDNA samples from 

different Jurkat cell cultures, chosen randomly from a larger set of cell cultures and 

subjected to the same stimuli, either PMA or forskolin (possibly in combination with a 

phosphodiesterase inhibitor). An appropriate control sample hybridised to each 

microarray slide would be a cDNA sample from one non-stimulated Jurkat T cell 

culture or a pooled cDNA sample from several non-stimulated Jurkat T cell cultures. 

Sample pooling is likely to be needed to ensure sample adequacy but can also be 

considered as a method to control the biological variation that occurs between 

individual non-stimulated Jurkat cell cultures.   

 

In addition, future experiments could include replicated cDNA samples from different 

time points (e.g. 1 h, 2 h, 4 h and 8 h) after PMA and forskolin stimulations in order to 

reveal genes regulated in different time scales. These samples would also ideally be 

hybridised each to a separate slide with the common control sample. Addition of the 

time perspective would also enable clustering genes, e.g. using GeneSpring, which seem 

to behave similarly after stimulation in the course of time and therefore are even more 

likely to be under common regulation. Further analysis of these results could involve 

subjecting the similarly behaving gene groups to promoter analysis. Common conserved 

transcription factor binding sites could be searched among the promoter regions of 

similarly behaving genes. This screening could suggest potential transcription factors 
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regulating the genes in response to PKC or PKA activation, which would enable better 

understanding of their signalling cascades in T cells.   

 

The type of a microarray experiment presented in this thesis represents an example of 

research approaches that can assist in understanding better the large-scale changes that 

occur in immune cells upon activation. Gene microarrays enable viewing the expression 

changes on systemic level but also assist in directing more specific studies to potentially 

interesting molecules. The increasing efficiency and specificity of biological 

measurement methods in combination with the development of efficient data analysis 

software and databases that enable combining the produced information, are 

continuously providing better means for the purpose.   

 

 

 



 96

 

7   Conclusions 
The aim of the research was to apply appropriate pre-processing and analysis methods 

for cDNA microarray data to retrieve genes expressed differentially in certain 

conditions. Guidelines of state-of-the-art microarray data processing methods were 

followed in the analysis, which was performed using GeneSpring and MATLAB 

software. The methodology applied was presented as an entity that can facilitate both 

design and analysis of future microarray data.  

 

The differentially expressed genes could not be exploited to study the influence of the 

HI-viral Vpr protein on T cell gene expression. The data analysis resulted in finding 

genes that were induced or repressed by PMA or forskolin stimulation in Jurkat T cells 

and may thus be regulated by PKC or PKA activation, respectively. A few genes that 

may be regulated by both DAG/PKC and cAMP/PKA signalling were found. The 

ontologies of the genes induced by PMA support the previous knowledge that 

DAG/PKC signalling is involved in mediating processes important for T cell activation. 

These include cellular differentiation, regulation of gene transcription, cell growth, 

proliferation, apoptosis, cell adhesion, cell-cell signalling, migration and cellular 

movements. Proposed additional microarray experiments could reveal more genes 

regulated by both signalling pathways and increase the statistical significance of the 

presented results. 
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Appendix A: MATLAB scripts 

 
The data matrices including the microarray data from slides 1-5 are here represented as 

files epee.txt, epef.txt, ee9e.txt, ep9p.txt and ef9f.txt., respectively. The data matrices 

including the spot quality flags are named correspondingly, e.g. epeeflags.txt.  
 
OVERVIEW OF UNPROCESSED DATA  
SCRIPT 1 
  
%Search the data files. 
clear 
data1 = load('epee.txt'); 
data2 = load('epef.txt'); 
data3 = load('ee9e.txt'); 
data4 = load('ep9p.txt'); 
data5 = load('ef9f.txt'); 
  
%Draw scatter plots of the foreground intensities. To zoom, change the 
%axis properties to axis([0 10000 0 13000]) 
figure(1) 
subplot(3,2,1) 
plot(data1(:,1), data1(:,3),'.k') 
axis([0 80000 0 80000]) 
title('1') 
 
subplot(3,2,2) 
plot(data2(:,1), data2(:,3),'.k') 
axis([0 80000 0 80000]) 
title('2') 
 
subplot(3,2,3) 
plot(data3(:,1), data3(:,3),'.k') 
axis([0 80000 0 80000]) 
title('3') 
 
subplot(3,2,4) 
plot(data4(:,1), data4(:,3),'.k') 
axis([0 80000 0 80000]) 
title('4') 
 
subplot(3,2,5) 
plot(data5(:,1), data5(:,3),'.k') 
axis([0 80000 0 80000]) 
title('5') 
 
 

EXAMINING QUALITY FLAGS 
SCRIPT 2 
  
%Search the data files. 
clear 
flag_files = {'epeeflags.txt','epefflags.txt','ee9eflags.txt',→   
 'ep9pflags.txt','ef9fflags.txt'} 
data_files = {'epee.txt','epef.txt','ee9e.txt','ep9p.txt','ef9f.txt'}; 
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for chip_nr = 1:5 
    %See how many flags zero each chip has. 
    flags = load(flag_files{chip_nr}); 
    indeces_of_zeros = find(flags==0); 
    indeces_of_ones = find(flags==1); 
    number_of_zeros = size(indeces_of_zeros) 
    number_of_ones = size(indeces_of_ones) 
  
    %Draw scatter plots of the foreground intensities of spots marked 
    %with flag zero on each chip. 
    data = load(data_files{chip_nr}); 
    foreground1 = data(:,1); 
    foreground2 = data(:,3); 
    foreground1_values_of_unreliable = foreground1(indeces_of_zeros); 
    foreground2_values_of_unreliable = foreground2(indeces_of_zeros); 
    figure(1) 
    subplot(3,2,chip_nr) 
    plot(foreground1_values_of_unreliable,→ 
    foreground2_values_of_unreliable,'.k') 
    title(chip_nr) 
  
end 
 
 

LABELLING LOW FOREGROUND INTENSITIES 
SCRIPT 3 
  
%To study the minima of the foreground and background intensities of  
%the five chips, replace "epee.txt" in load command also by epef.txt", 
%"ee9e.txt","ep9p.txt" and "ef9f.txt".  
clear 
data = load('epee.txt'); 
foreground1 = data(:,1); 
foreground2 = data(:,3); 
background1 = data(:,2); 
background2 = data(:,4); 
  
minimum_foreground1 = min(foreground1) 
minimum_foreground2 = min(foreground2) 
minimum_background1 = min(background1) 
minimum_background2 = min(background2) 
  
%Since only data epee contains values 0, perform the following only 
%for data epee.txt to find out, whether the background is zero,  
%if and only if the foreground is zero. 
foreground1_indeces_of_zeros = find(foreground1==0); 
foreground2_indeces_of_zeros = find(foreground2==0); 
background1_indeces_of_zeros = find(background1==0); 
background2_indeces_of_zeros = find(background2==0); 
  
if foreground1_indeces_of_zeros == background1_indeces_of_zeros 
    disp('on red channel background is 0 iff foreground is 0') 
end 
  
if foreground2_indeces_of_zeros == background2_indeces_of_zeros 
    disp('on green channel background is 0, iff foreground is 0') 
end 
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%Find the values above zero in data epee. 
indeces_of_bigger_than_zero_foreground1 = find(foreground1>0); 
indeces_of_bigger_than_zero_foreground2 = find(foreground2>0); 
indeces_of_bigger_than_zero_background1 = find(background1>0); 
indeces_of_bigger_than_zero_background2 = find(background2>0); 
 
next_bigger_than_zero_foreground1 = →  
 min(foreground1(indeces_of_bigger_than_zero_foreground1)) 
next_bigger_than_zero_foreground2 = → 
 min(foreground2(indeces_of_bigger_than_zero_foreground2)) 
next_bigger_than_zero_background1 = → 
 min(background1(indeces_of_bigger_than_zero_background1)) 
next_bigger_than_zero_background2 = →  
 min(background2(indeces_of_bigger_than_zero_background2)) 
  
%Draw histograms of the foreground intensities of all chips. 
figure(1) 
subplot(1,2,1) 
hist(foreground1,80000) 
title('Rf') 
 
subplot(1,2,2) 
hist(foreground2,80000) 
title('Gf') 
  
%Assign flag 0 to such spots of chip epee, that have foreground value 
%zero in any of the two channels. 
epeeflags = load('epeeflags.txt'); 
epeeflags(foreground1_indeces_of_zeros)= → 
 zeros(size(foreground1_indeces_of_zeros)); 
epeeflags(foreground2_indeces_of_zeros)= →   
 zeros(size(foreground2_indeces_of_zeros)); 
zeroflags = find(epeeflags==0); 
number_of_zeros = size(zeroflags) 
 
%Save the flag file  
save epeeflagszeros.txt epeeflags -ASCII  
 
 

LABELLING SATURATED FOREGROUND INTENSITIES 
SCRIPT 4 
  
%To find the maximum foreground intensities of all chips, replace 
%"epee.txt" in load command with "epef.txt", "ee9e.txt","ep9p.txt" and 
%"ef9f.txt".  
clear 
data = load('epee.txt'); 
foreground1 = data(:,1); 
foreground2 = data(:,3);  
max(foreground1) 
max(foreground2) 
  
%Draw the histograms of the foreground intensities of each chip. 
figure(1) 
subplot(1,2,1) 
hist(foreground1,80000) 
title('Rf') 
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subplot(1,2,2) 
hist(foreground2,80000) 
title('Gf') 
  
%Study the highest foreground values. 
foreground1_indeces_of_highest = find(foreground1 >= 65000); 
foreground2_indeces_of_highest = find(foreground2 >= 65000); 
foreground1_values_of_highest = →  
 foreground1(foreground1_indeces_of_highest) 
foreground2_values_of_highest = →  
 foreground2(foreground2_indeces_of_highest) 
  
%Assign flag 0 to spots having value 65 535 on either of the two  
%channels. To modify the correct flags, replace "epeeflagszeros.txt" 
%with epefflags.txt,ee9eflags.txt, ep9pflags.txt, or ef9fflags.txt.  
 
%To save the new flags, replace "epeeflagssaturation.txt" with 
%epefflagssaturation.txt,ee9eflagssaturation.txt, 
%ep9pflagssaturation.txt,or ef9fflagssaturation.txt.  
foreground1_indeces_of_excluded = find(foreground1==65535) 
foreground2_indeces_of_excluded = find(foreground2==65535) 
  
flags = load('epeeflagszeros.txt'); 
flags(foreground1_indeces_of_excluded)= → 
 zeros(size(foreground1_indeces_of_excluded)); 
flags(foreground2_indeces_of_excluded) = →  
 zeros(size(foreground2_indeces_of_excluded)); 
zeroflags = find(flags==0); 
number_of_zeros = size(zeroflags) 
  
%Save the flag file 
save epeeflagssaturation.txt flags –ASCII 

 
 
EVALUATING SUITABILITY OF BACKGROUND CORRECTION 
General background quality  
SCRIPT 5 
  
%Search the data files 
clear 
data_files = {'epee.txt','epef.txt','ee9e.txt','ep9p.txt','ef9f.txt'}; 
for chip_nr = 1:5 
    data = load(data_files{chip_nr}); 
     
    %Calculate the median, std, minimum and maximum of the background 
    %intensities of each channel. 
    background1 = data(:,2); 
    background2 = data(:,4); 
     
    background1_med = median(background1) 
    background1_std = std(background1) 
    background1_min = min(background1) 
    background1_max = max(background1) 
  
    background2_med = median(background2) 
    background2_std = std(background2) 
    background2_min = min(background2) 
    background2_max = max(background2) 
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    %Draw the histograms of the background intensities of each     
    %channel. 
    figure(1) 
    subplot(3,2,chip_nr) 
    hist(background1, 401) 
    AXIS([0 400 0 4000]) 
    title(chip_nr) 
  
    figure(2) 
    subplot(3,2,chip_nr) 
    hist(background2, 401) 
    AXIS([0 400 0 4000]) 
    title(chip_nr) 
     
    figure(3) 
    subplot(3,2,chip_nr) 
    hist(background1,1531) 
    AXIS([-30 1500 0 10]) 
    title(chip_nr) 
  
    figure(4) 
    subplot(3,2,chip_nr) 
    hist(background2,411) 
    AXIS([-10 400 0 10]) 
    title(chip_nr) 
end 
  
%Find the next lowest background intensities of chip 1. 
data = load(data_files{1}); 
background1 = data(:,2); 
background2 = data(:,4); 
indeces_of_bigger_than_zero1 = find(background1>0); 
indeces_of_bigger_than_zero2 = find(background2>0); 
next_bigger_than_zero1=min(background1(indeces_of_bigger_than_zero1)) 
next_bigger_than_zero2=min(background2(indeces_of_bigger_than_zero2)) 
 
 
 
EVALUATING SUITABILITY OF BACKGROUND CORRECTION 
General background quality  
SCRIPT 6 
  
%To calculate the column means and the row means for all chips, 
%replace "epee.txt" by epef.txt, ee9e.txt, ep9p.txt, and ef9f.txt. 
clear  
data = load('epee.txt'); 
  
%A chip has 12 * 4 subarrays. 
array_rows = 12; 
array_columns = 4; 
  
%A subarray has 26 x 26 spots. 
subarray_rows = 26; 
subarray_columns = 26; 
  
%Arrange the red channel intensities to a matrix having the same form 
%as the chip using Function 1.  
intensities = data(:,2); 
arranged_intensities = arrange_chip_layout(intensities, array_rows, →  
 array_columns, subarray_rows, subarray_columns); 
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%Calculate the red column means and the row means from the matrix. 
column_means = mean(arranged_intensities,1); 
row_means = mean(arranged_intensities,2); 
%Plot the red row means and the column means against the corresponding 
%column and row numbers. To plot the row mean of every 26th row with a 
%star (the first row of each subarray row)in figure 1,create vector x. 
x=[1,27,53,79,105,131,157,183,209,235,261,287] 
  
figure(1) 
plot(row_means,'k') 
hold on 
plot(x,row_means(x),'*k') 
hold off 
axis([1 312 0 400]) 
title('row mean Rb') 
  
figure(2) 
plot(column_means,'k') 
axis([1 104 0 400]) 
title('column mean Rb') 
  
  
%Arrange the green channel intensities to a matrix having the same 
%form as the chip using Function 1. 
intensities = data(:,4); 
arranged_intensities = arrange_chip_layout(intensities, array_rows, →  
 array_columns, subarray_rows, subarray_columns); 
  
%Calculate the column means and the row means from the matrix. 
column_means = mean(arranged_intensities,1); 
row_means = mean(arranged_intensities,2); 
  
%Plot the green row means and the column means against the 
%corresponding column and row numbers. Plot every 26th row (the first 
%row of each subarray row) also in figure 3. 
figure(3) 
plot(row_means,'k') 
hold on 
plot(x,row_means(x),'*k') 
hold off 
axis([1 312 0 400]) 
title('row mean Gb') 
  
figure(4) 
plot(column_means,'k') 
axis([1 104 0 400]) 
title('column mean Gb') 
  
%Find the row means of every 26th row. 
background_of_1st_rows=row_means(x) 
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EVALUATING SUITABILITY OF BACKGROUND CORRECTION 
Arranging intensities like the spots are located on the chip 
FUNCTION 1 
  

function arranged_intensities = arrange_chip_layout(intensities, →  
 array_rows, array_columns, subarray_rows, subarray_columns) 
  
spots_in_subarray = subarray_rows * subarray_columns; 
spots_in_array_row = spots_in_subarray * array_columns; 
  
  
row_intensities = []; 
arranged_intensities = []; 
  
for array_row = 1:array_rows 
  
    for subarray_row = 1:subarray_rows 
     
        for array_column = 1:array_columns 
     
        for subarray_column = 1:subarray_columns 
         
            row_intensities(end+1) = intensities →  
             ((array_row-1)*spots_in_array_row + → 
             (array_column-1)*spots_in_subarray + → 
             (subarray_row-1)*subarray_columns + → 
              subarray_column); 
        end 
    end 
     
    arranged_intensities(end+1,:) = row_intensities; 
    row_intensities = []; 
  
    end 
end 
 

 
EVALUATING SUITABILITY OF BACKGROUND CORRECTION 
Background relative to foreground 
SCRIPT 7  
  
%To study all chips replace "epee.txt" by epef.txt, ee9e.txt, 
%ep9p.txt, and ef9f.txt. 
clear 
data = load('epee.txt'); 
  
%Study whether the background is sometimes higher than the foreground. 
background_corrected1 = data(:,1) - data(:,2); 
background_corrected2 = data(:,3) - data(:,4); 
indeces_of_negative1 = find(background_corrected1 < 0) 
indeces_of_negative2 = find(background_corrected2 < 0) 
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EVALUATING SUITABILITY OF BACKGROUND CORRECTION  
Background relative to foreground 
SCRIPT 8 
  
%To study all chips replace "epee.txt" by epef.txt, ee9e.txt, 
%ep9p.txt, and ef9f.txt. 
data = load('epee.txt'); 
  
%Draw scatter plots of the background intensities against the 
%background subtracted foreground intensities. 
figure(1) 
subplot(1,2,1) 
background_corrected1 = data(:,1) - data(:,2); 
background1 = data(:,2); 
plot(background_corrected1, background1,'.k') 
title('Rb vs R') 
  
subplot(1,2,2) 
background_corrected2 = data(:,3) - data(:,4); 
background2 = data(:,4); 
plot(background_corrected2, background2,'.k') 
title('Gb vs G') 
  
%Calculate the correlation between the background subtracted 
%intensities and the background. 
correlation1=corr(background_corrected1, background1) 
correlation2=corr(background_corrected2, background2) 

 
 
EVALUATING SUITABILITY OF BACKROUND CORRECTION 
Testing the efficiency of background correction 
SCRIPT 9 
  
%To study all chips replace the file "epee.txt" by epef.txt, ee9e.txt, 
%ep9p.txt, and ef9f.txt.  
data = load('epee.txt'); 
  
%Calculate the differences of replicate intensities before background 
%subtraction. 
foreground1R1 = data(1:16224,1); 
foreground1R2 = data(16225:32448,1); 
foreground2R1 = data(1:16224,3); 
foreground2R2 = data(16225:32448,3); 
foreground1_difference_of_replicates = foreground1R1 - foreground1R2; 
foreground2_difference_of_replicates = foreground2R1 - foreground2R2; 
  
%Calculate the standard deviations of the differences before 
%background subtraction. 

foreground1_std_of_difference = →  
 std(foreground1_difference_of_replicates) 
foreground2_std_of_difference = →  
 std(foreground2_difference_of_replicates) 
  
%Calculate the differences of replicate intensities after background 
%subtraction. 
background_corrected1R1 = data(1:16224,1) - data(1:16224,2); 
background_corrected1R2 = data(16225:32448,1) - data(16225:32448,2); 
background_corrected2R1 = data(1:16224,3) - data(1:16224,4); 
background_corrected2R2 = data(16225:32448,3) - data(16225:32448,4); 
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background_corrected1_difference_of_replicates = → 
 background_corrected1R1 - background_corrected1R2; 
background_corrected2_difference_of_replicates = →  
 background_corrected2R1 - background_corrected2R2; 
  
%Calculate the standard deviations of the differences after background 
%subtraction. 

background_corrected1_std_of_difference = → 
 std(background_corrected1_difference_of_replicates) 
background_corrected2_std_of_difference = →  
 std(background_corrected2_difference_of_replicates) 
  
%Compare the standard deviations before and after background 
subtraction. 
change_in_std1 = background_corrected1_std_of_difference - → 
 foreground1_std_of_difference 
change_in_std2 = background_corrected2_std_of_difference - →  
 foreground2_std_of_difference 

 
 
EVALUATING SUITABILITY OF REPLICATE AVERAGING 
SCRIPT 10 
  
%To draw scatter plots of the background subtracted green intensities 
%against the background subtracted red intensities of each chip 
%subarraywise, replace "epee.txt" by epef.txt, ee9e.txt, ep9p.txt, and 
%ef9f.txt. 
clear  
data = load('epee.txt'); 
  
%Draw the scatter plots using Function 2. 
array_rows = 12; 
array_columns = 4; 
rows_in_subarray = 26; 
columns_in_subarray = 26; 
close all 
  
background_corrected1 = data(:,1)- data(:,2); 
background_corrected1 = log10(background_corrected1); 
background_corrected2 = data(:,3)- data(:,4); 
background_corrected2 = log10(background_corrected2); 
plot_subarray_channels(background_corrected1, background_corrected2, →  
 array_rows, array_columns, rows_in_subarray, columns_in_subarray) 

 
 
EVALUATING SUITABILITY OF REPLICATE AVERAGING 
Drawing scatter plots of the channel intensities subarraywise 
FUNCTION 2 
  
function plot_subarray_channels(background_corrected1, →  
 background_corrected2, array_rows, array_columns, rows_in_subarray, →  
 columns_in_subarray) 
  
subarrays = array_rows * array_columns; 
spots_in_subarray = rows_in_subarray * columns_in_subarray; 
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for SANr = 1:subarrays 
  
    data1 = → 
     background_corrected1( ((SANr-1)*spots_in_subarray + 1): → 
     ((SANr-1)*spots_in_subarray+spots_in_subarray));  
 
    data2 = →  
     background_corrected2( ((SANr-1)*spots_in_subarray + 1): → 
     ((SANr-1)*spots_in_subarray+spots_in_subarray)); 
  
    plot( data1, data2, '.k' ) 
    axis([2 5 2 5]) 
    title([SANr]) 
    pause 
end 
 
 
LABELLING BAD REPLICATES 
SCRIPT 11 
  
%To study all chips, replace "epee.txt" by epef.txt, ee9e.txt, 
%ep9p.txt,and ef9f.txt. Replace file "epeeflagssaturation.txt" by 
%epefflagssaturation.txt, ee9eflagssaturation.txt,  
%ep9pflagssaturation.txt and ef9fflagssaturation.txt. 
clear 
data = load('ef9f.txt'); 
flags = load('epeeflagssaturation.txt'); 
  
%STUDY HOW MUCH REPLICATE INTENSITIES DIFFER FROM EACH OTHER: 
  
%Calculate the background subtracted intensities of replicate spots. 
background_corrected1R1 = data(1:16224,1) - data(1:16224,2); 
background_corrected1R2 = data(16225:32448,1) - data(16225:32448,2); 
background_corrected2R1 = data(1:16224,3) - data(1:16224,4); 
background_corrected2R2 = data(16225:32448,3) - data(16225:32448,4); 
  
%Search the indeces between 1 and 16224 of replicate spots that both 
%have flag 1. 
flags_array1 = flags(1:16224); 
flags_array2 = flags(16225:32448); 
product_of_flags = flags_array1.*flags_array2; 
indeces_of_spots_with_both_flags1 = find(product_of_flags==1); 
  
%Find the background subtracted intensities of these spots. 

background_corrected1R1 = → 
 background_corrected1R1(indeces_of_spots_with_both_flags1); 
background_corrected1R2 = →  
 background_corrected1R2(indeces_of_spots_with_both_flags1); 
background_corrected2R1 = →  
 background_corrected2R1(indeces_of_spots_with_both_flags1); 
background_corrected2R2 = →  
 background_corrected2R2(indeces_of_spots_with_both_flags1); 
  
%Calculate the differences of replicate spot intensities channelwise 

background_corrected1_differences_of_replicates = →  
 background_corrected1R1 - background_corrected1R2; 
background_corrected2_differences_of_replicates = →  
 background_corrected2R1 - background_corrected2R2; 
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%Study these differences by calculating describing values. 

mean_of_differences1 = → 
 mean(background_corrected1_differences_of_replicates) 
std_of_differences1 = →  
 std(background_corrected1_differences_of_replicates) 
minimum_of_difference1 = →  
 min(background_corrected1_differences_of_replicates) 
maximum_of_difference1 = →  
 max(background_corrected1_differences_of_replicates) 
  
mean_of_differences2 = →  
 mean(background_corrected2_differences_of_replicates) 
std_of_differences2 = →  
 std(background_corrected2_differences_of_replicates) 
minimum_of_difference2 = → 
 min(background_corrected2_differences_of_replicates) 
maximum_of_difference2 = →  
 max(background_corrected2_differences_of_replicates) 
  
%STUDY THE VARIATION OF THE INTENSITIES BEING COMPARED: 
  
%Calculate the minimum and the maximum of the background subtracted 
%replicate intensities both having flag 1. 
minimum_background_corrected1R1 = min(background_corrected1R1) 
minimum_background_corrected1R2 = min(background_corrected1R2) 
minimum_background_corrected2R1 = min(background_corrected2R1) 
minimum_background_corrected2R2 = min(background_corrected2R2) 
  
maximum_background_corrected1R1 = max(background_corrected1R1) 
maximum_background_corrected1R2 = max(background_corrected1R2) 
maximum_background_corrected2R1 = max(background_corrected2R1) 
maximum_background_corrected2R2 = max(background_corrected2R2) 
  
%Draw histograms of these intensities. 
figure(1) 
subplot(2,2,1) 
hist(background_corrected1R1,10000) 
title('R1') 
subplot(2,2,2) 
hist(background_corrected1R2,10000) 
title('R2') 
subplot(2,2,3) 
hist(background_corrected2R1,10000) 
title('G1') 
subplot(2,2,4) 
hist(background_corrected2R2,10000) 
title('G2') 
  
  
%FIND LIMITS FOR THE ALLOWED DIFFERENCES USING THE STANDARD DEVIATIONS 
%AND THE MEANS OF DIFFERENCES ON EACH CHANNEL: 
  
%Calculate limits for the differences allowed by changing the 
%coefficient k= [3,4,5,6]. 

ch1_maximum_difference_allowed = mean_of_differences1 + → 
 5*std_of_differences1 
ch1_minimum_difference_allowed = mean_of_differences1 - →  
 5*std_of_differences1 
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ch2_maximum_difference_allowed = mean_of_differences2 + →  
 5*std_of_differences2 
ch2_minimum_difference_allowed = mean_of_differences2 - → 
  5*std_of_differences2 
%CHANGE THE FLAGS OF BAD REPLICATES TO ZERO: 
  
%Find the indeces of replicate spots, which have too large intensity 
%differences. 

ch1_indeces_of_large_differences1 = → 
 find(background_corrected1_differences_of_replicates > →  
 ch1_maximum_difference_allowed); 
 
ch1_indeces_of_large_differences2 = →   
 find(background_corrected1_differences_of_replicates < → 
 ch1_minimum_difference_allowed); 
 
ch2_indeces_of_large_differences1 = → 
 find(background_corrected2_differences_of_replicates > → 
 ch2_maximum_difference_allowed); 
 
ch2_indeces_of_large_differences2 = → 
 find(background_corrected2_differences_of_replicates < → 
 ch2_minimum_difference_allowed); 
  
%The above vectors contain indeces of such numbers in vector 
%"indeces_of_spots_with_both_flags1", which in their turn indicate the 
%indeces of the flags to be changed to 0 in the flag file. 
  
%Find the indeces of replicates 1 to be excluded on channels 1 and 2 

ch1R1_indeces_of_excluded1 = →  
 indeces_of_spots_with_both_flags1(ch1_indeces_of_large_differences1); 
ch1R1_indeces_of_excluded2 = →  
 indeces_of_spots_with_both_flags1(ch1_indeces_of_large_differences2); 
ch2R1_indeces_of_excluded1 = → 
 indeces_of_spots_with_both_flags1(ch2_indeces_of_large_differences1); 
ch2R1_indeces_of_excluded2 = →  
 indeces_of_spots_with_both_flags1(ch2_indeces_of_large_differences2); 
  
%Find the indeces of corresponding replicates 2 to be excluded on 
%channels 1 and 2 
ch1R2_indeces_of_excluded1 = ch1R1_indeces_of_excluded1 + 16224; 
ch1R2_indeces_of_excluded2 = ch1R1_indeces_of_excluded2 + 16224; 
ch2R2_indeces_of_excluded1 = ch2R1_indeces_of_excluded1 + 16224; 
ch2R2_indeces_of_excluded2 = ch2R1_indeces_of_excluded2 + 16224; 
  
%Adjust the flag vector so that the replicate spots, the intensities 
%of which on any of the two channels differ more than allowed, are 
%assigned flag zero. 

flags(ch1R1_indeces_of_excluded1) = → 
 zeros(size(ch1R1_indeces_of_excluded1)); 
flags(ch1R1_indeces_of_excluded2) = → 
 zeros(size(ch1R1_indeces_of_excluded2)); 
flags(ch2R1_indeces_of_excluded1) = → 
 zeros(size(ch2R1_indeces_of_excluded1)); 
flags(ch2R1_indeces_of_excluded2) = →  
 zeros(size(ch2R1_indeces_of_excluded2)); 
flags(ch1R2_indeces_of_excluded1) = → 
 zeros(size(ch1R2_indeces_of_excluded1)); 
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flags(ch1R2_indeces_of_excluded2) = → 
 zeros(size(ch1R2_indeces_of_excluded2)); 
flags(ch2R2_indeces_of_excluded1) = → 
 zeros(size(ch2R2_indeces_of_excluded1)); 
flags(ch2R2_indeces_of_excluded2) = → 
 zeros(size(ch2R2_indeces_of_excluded2)); 
 
zeroflags = find(flags==0); 
number_of_zeros = size(zeroflags) 
  
%To save the new flag files, replace the  
%file"epeeflagsreplicates_sd5.txt" by epefflagsreplicates_sd5.txt, 
%ee9eflagsreplicates_sd5.txt, ep9pflagsreplicates_sd5.txt, and 
%ef9fflagsreplicates_sd5.txt. 
  
%Save the flag file 
save epeeflagsreplicates_sd5.txt flags -ASCII 
 
 

LABELLING BAD REPLICATES 
Histograms of the differences of replicate intensities 
SCRIPT 12 
  
%Calculate the differences of replicate intensities on both channels 
%of all chips using Function 3.  
data = load('epee.txt'); 
flags = load('epeeflagssaturation.txt'); 
[differences_of_replicatesR1,differences_of_replicatesG1]= → 
  calculateReplicateDifferences(data,flags); 
  
data = load('epef.txt'); 
flags = load('epefflagssaturation.txt'); 
[differences_of_replicatesR2,differences_of_replicatesG2]= → 
  calculateReplicateDifferences(data,flags); 
  
data = load('ee9e.txt'); 
flags = load('ee9eflagssaturation.txt'); 
[differences_of_replicatesR3,differences_of_replicatesG3]= → 
  calculateReplicateDifferences(data,flags); 
  
data = load('ep9p.txt'); 
flags = load('ep9pflagssaturation.txt'); 
[differences_of_replicatesR4,differences_of_replicatesG4]= → 
  calculateReplicateDifferences(data,flags); 
  
data = load('ef9f.txt'); 
flags = load('ef9fflagssaturation.txt'); 
[differences_of_replicatesR5,differences_of_replicatesG5]= → 
  calculateReplicateDifferences(data,flags); 
  
%Draw histograms of the differences on each channel. 
figure(1) 
subplot(2,1,1) 
hist(differences_of_replicatesR1,120001) 
axis([-60000 60000 0 10]) 
subplot(2,1,2) 
hist(differences_of_replicatesG1,120001) 
axis([-60000 60000 0 10]) 
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figure(2) 
subplot(2,1,1) 
hist(differences_of_replicatesR2,120001) 
axis([-60000 60000 0 10]) 
subplot(2,1,2) 
hist(differences_of_replicatesG2,120001) 
axis([-60000 60000 0 10]) 
  
figure(3) 
subplot(2,1,1) 
hist(differences_of_replicatesR3,120001) 
axis([-60000 60000 0 10]) 
subplot(2,1,2) 
hist(differences_of_replicatesG3,120001) 
axis([-60000 60000 0 10]) 
  
figure(4) 
subplot(2,1,1) 
hist(differences_of_replicatesR4,120001) 
axis([-60000 60000 0 10]) 
subplot(2,1,2) 
hist(differences_of_replicatesG4,120001) 
axis([-60000 60000 0 10]) 
  
figure(5) 
subplot(2,1,1) 
hist(differences_of_replicatesR5,120001) 
axis([-60000 60000 0 10]) 
subplot(2,1,2) 
hist(differences_of_replicatesG5,120001) 
axis([-60000 60000 0 10]) 
 
 
LABELLING BAD REPLICATES 
Calculation of the differences of replicate intensities 
FUNCTION 3 
 
function [differences_of_replicatesR,differences_of_replicatesG]= → 
 calculateReplicateDifferences(data,flags) 
 
%Calculate the background subtracted intensities of replicate spots. 
background_corrected1R1 = data(1:16224,1) - data(1:16224,2); 
background_corrected1R2 = data(16225:32448,1) - data(16225:32448,2); 
background_corrected2R1 = data(1:16224,3) - data(1:16224,4); 
background_corrected2R2 = data(16225:32448,3) - data(16225:32448,4); 
  
%Search the indeces between 1 and 16224 of replicate spots that both 
%have flag 1. 
flags_array1 = flags(1:16224); 
flags_array2 = flags(16225:32448); 
product_of_flags = flags_array1.*flags_array2; 
indeces_of_spots_with_both_flags1 = find(product_of_flags==1); 
  
%Find the background subtracted intensities of these spots. 

background_corrected1R1 = → 
 background_corrected1R1(indeces_of_spots_with_both_flags1); 
background_corrected1R2 = → 
 background_corrected1R2(indeces_of_spots_with_both_flags1); 
background_corrected2R1 = → 
 background_corrected2R1(indeces_of_spots_with_both_flags1); 
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background_corrected2R2 = → 
 background_corrected2R2(indeces_of_spots_with_both_flags1); 
 
%Calculate the differences of replicate spot intensities channelwise 

differences_of_replicatesR = background_corrected1R1 - → 
 background_corrected1R2; 
differences_of_replicatesG = background_corrected2R1 - → 
 background_corrected2R2; 
 
 

IMPORTING DATA TO GENESPRING 
Finding background corrected observations lower than 10 to see which 
averaged observations are subjected to the cut-off rule. 
SCRIPT 13 
  
%To study the values lower than 10 on all chips, replace "epee.txt" by 
%epef.txt, ee9e.txt, ep9p.txt and ef9f.txt. 
clear 
data = load('epee.txt'); 
background_corrected1 = data(:,1) - data(:,2); 
background_corrected2 = data(:,3) - data(:,4); 
indeces_of_small1 = find(background_corrected1 <= 10); 
indeces_of_small2 = find(background_corrected2 <= 10); 
values_of_small1 = background_corrected1(indeces_of_small1) 
values_of_small2 = background_corrected2(indeces_of_small2) 
  
%The following only for chip 1. All the background corrected 
%intensities lower than 10 appear to be equal to 0. Study the number 
%of these observations. 
size(indeces_of_small1) 
size(indeces_of_small2) 
  
%There is an equal amount of values 0 as before background correction. 
%Ensure that these observations correspond to the same spots earlier 
%assigned flag 0. 
foreground1 = data(:,1); 
foreground2 = data(:,3); 
foreground1_indeces_of_zeros = find(foreground1==0); 
foreground2_indeces_of_zeros = find(foreground2==0); 
  
if foreground1_indeces_of_zeros == indeces_of_small1 
    disp('all red background corrected values lower than 10 have 
earlier been assigned flag 0') 
end 
   
if foreground2_indeces_of_zeros == indeces_of_small2 
    disp('all green background corrected values lower than 10 have 
earlier been assigned flag 0') 
end 
  
%The result implies that for an averaged observation to have an 
%intensity value lower than 10 on slide 1, it must be the average of 
%two observations equal to 0 and assigned flag 0.  
%Each averaged observation lower than 10, being the average of two 
%observations with flag 0, is assigned flag A in the averaging 
%calculations in GeneSpring.  
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Appendix B: Interpretation of data columns in GeneSpring 
 

Table B.1. Interpretation of the data columns to GeneSpring during data import. The form of the 

imported data files is presented in Table 4.3. The values 1 and 0 in the Ignore filter column were 

interpreted to GeneSpring as P (=Present) and A (=Absent), respectively. 

Column in data file Interpretation to GeneSpring 

Number Gene Identifier 

Ch1 intensity Control channel 

Ch1 background Control channel bg 

Ch2 intensity Signal 

Ch2 background Signal bg 

Ignore filter Flags 

Accession GenBank Id 

Gene_name Description 

Gene_symbol Common name 
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Appendix C: Genes induced or repressed in response to 
PMA stimulation 
 
Table C.1. The genes whose expression was induced at least 2-fold in response to PMA stimulation are 

presented. The GenBank ID describing the source sequence for a probe and the fold change value of each 

observation are presented on their own line in the table. If there are several observations for the same 

gene, such observations have a common GeneID, gene name and ontology. The table includes the 

biological process and molecular activity –ontologies considered to best describe a particular gene.   

GenBank 

ID 

Fold 

change 
GeneID Gene name 

Biological process and/or 

molecular activity  

H02307 2,37 
T49652 2,87 241 arachidonate 5-lipoxygenase-activating 

protein 
inflammatory response  
leukotriene biosynthesis 

R07870 2,82 
H48533 4,17 
AA002126 3,37 

330 baculoviral IAP repeat-containing 3 anti-apoptosis  
ubiquitin-protein ligase act. 

AA723035 3,76 677 zinc finger protein 36, C3H type-like 1  transcription factor act. 

N70463 3,06 694 B-cell translocation gene 1, 
anti-proliferative no ontology 

AA002086 2,12 911 CD1C antigen, c polypeptide antimicrobial humoral  
    response  

AI375736 2,27 940 CD28 antigen (Tp44) 

humoral immune response 
cytokine biosynthesis 
pos. reg. of T cell  
     proliferation, anti- 
     apoptosis, protein   
     biosynthesis and viral 
     genome replication  
coreceptor activity 

AA279755 6,41 969 CD69 antigen (p60,  
early T cell activation antigen) 

defense response 
transmembrane receptor act. 

AA485913 2,57 1192 chloride intracellular channel 1 
chloride transport 
voltage-gated chloride 
     channel activity 

AA055585 2,87 1316 core promoter element binding protein 
B-cell differentiation 
cell growth 
transcriptional activator act. 

AA478553 3,52 1638 
dopachrome tautomerase (dopachrome 
delta-isomerase, tyrosine-related 
protein 2) 

epidermis development 
melanin metabolism 
isomerase activity 
oxidoreductase activity 

AA974848 2,91 1760 dystrophia myotonica-protein kinase muscle contraction 
protein Ser/Thr kinase act.  

AA759046 2,82 1844 dual specificity phosphatase 2 inactivation of MAPK  
MAPK phosphatase activity 

W65461 2,65 1847 dual specificity phosphatase 5 MAPK phosphatase activity 
AA486533 11,12 1958 early growth response 1 transcription factor activity 

R85257 3,26 2185 protein tyrosine kinase 2 beta 

non-membrane spanning 
     protein Tyr kinase act. 
apoptosis  
cell adhesion 
positive regulation of cell 
    proliferation  
response to stress 
signal transduction 
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Table C.1 continued 

GenBank 

ID 

Fold 

change 
GeneID Gene name 

Biological process and/or 

molecular activity  

H72875 2,87 2625 GATA binding protein 3 
defense response  
morphogenesis 
transcription factor activity  

AI887844 2,24 2676 GDNF family receptor alpha 3 

peripheral nervous system 
    development 
receptor activity 
signal transduction 

T99303 3,29 2769 guanine nucleotide binding protein  
(G protein), alpha 15 (Gq class) 

G-protein coupled receptor 
    protein signaling 
    pathway 
phospholipase C activation 
GTPase activity 
signal transduction 

AA644657 2,43 

AA644657 2,08 3105 major histocompatibility complex, 
class I, A 

MHC class I receptor act. 
antigen presentation, 
     endogenous antigen 

AJ420253 2,04 
AJ420253 2,17 
AJ420253 2,15 
AJ420253 2,09 
AJ420253 2,02 
AJ420253 2,02 
AJ420253 2,07 
AJ420253 2,04 

3107 HLA-C gene 
MHC class I receptor act. 
antigen presentation, 
     endogenous antigen 

N94487 2,74 3164 nuclear receptor subfamily 4, group A, 
member 1 

transcription factor activity 
steroid hormone receptor 
    activity 
signal transduction 

R43483 2,03 3655 integrin, alpha 6 

cell-matrix adhesion  
integrin-mediated  
     signaling pathway 
receptor activity 

AI862176 3,46 3702 IL2-inducible T cell kinase 
cellular defense response 
non-membrane spanning 
     protein Tyr kinase act. 

T99236 2,17 3726 jun B proto-oncogene 

transcription factor activity 
transcription coactivator  
    activity 
transcription corepressor  
    activity 

AA418670 2,07 3727 jun D proto-oncogene transcription factor activity 

AA922309 2,54 3732 

kangai 1 (suppression of 
tumorigenicity 6, prostate; CD82 
antigen (R2 leukocyte antigen, antigen 
detected by monoclonal and antibody 
IA4)) 

no ontology  

AA994796 2,97 

AI003699 2,82 3927 LIM and SH3 protein 1 

cortical cytoskeleton 
     organization  
     and biogenesis 
ion transport  
ion transporter activity 

AI351740 3,98 4050 lymphotoxin beta (TNF superfamily, 
member 3) 

cell-cell signaling 
immune response 
signal transduction 
TNF receptor binding 
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Table C.1 continued 
GenBank 

ID 

Fold 

change 
GeneID Gene name 

Biological process and/or 

molecular activity  

AA176581 2,69 4151 myoglobin 
muscle development 
oxygen transporter activity 
 

N91896 2,05 4664 NGFI-A binding protein 1 
(EGR1 binding protein 1) 

transcriptional repressor 
     activity 
neg. reg. of  transciption 

AA451716 2,69 4790 
nuclear factor of kappa light 
polypeptide gene enhancer in B-cells 1 
(p105) 

antibacterial humoral 
     response 
inflammatory response 
anti-apoptosis 
apoptosis 
transcription factor activity 
signal transduction 

AA952897 3,30 4791 
nuclear factor of kappa light 
polypeptide gene enhancer in B-cells 2 
(p49/p100) 

transcription coactivator 
    activity 
transcription factor activity 
signal transduction activity 

AA443558 3,55 5097 protocadherin 1 (cadherin-like 1) 

cell adhesion  
cell-cell signaling 
neurogenesis  
transcriptional elongation 
    regulator activity 

AA164440 2,33 5108 pericentriolar material 1 DNA-directed RNA- 
    polymerase activity 

AA701502 2,67 5154 platelet-derived growth factor alpha 
polypeptide 

cell proliferation  
cell-cell signaling 
growth factor activity 

AA923518 3,62 5287 phosphoinositide-3-kinase, class 2, beta 
polypeptide 

inositol or  
   phosphatidylinositol 
   kinase activity  

H23225 2,39 5581 protein kinase C, epsilon 
induction of apoptosis 
protein kinase C activity 
signal transducer activity 

AA521232 2,17 5880 
ras-related C3 botulinum toxin 
substrate 2 (rho family, small GTP 
binding protein Rac2) 

GTPase activity 
signal transduction 

AA931884 2,31 6346 chemokine (C-C motif) ligand 1 

cell-cell signaling 
inflammatory response 
chemotaxis 
chemokine activity 
signal transduction 

AI375353 3,19 6446 serum/glucocorticoid regulated kinase 

apoptosis 
response to stress  
protein Ser/Thr kinase act. 
sodium ion transport 

AA427491 3,32 6955 T cell receptor alpha locus 

cellular defense response 
MHC protein binding 
peptide antigen binding 
receptor activity 

AA488618 2,06 7024 transcription factor CP2 transcription factor activity 

AA476272 3,80 7128 tumor necrosis factor, alpha-induced 
protein 3 

anti-apoptosis 
apoptosis 
ubiquitin cycle  
neg. reg. of transcription 
Cys-type peptidase activity 
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Table C.1 continued 
GenBank 

ID 

Fold 

change 
GeneID Gene name 

Biological process and/or 

molecular activity  

H27864 2,28 7857 secretogranin II (chromogranin C) protein secretion 

AA419177 2,27 

AI096953 2,56 
8140 solute carrier family 7 (cationic amino 

acid transporter, y+ system), member 5 

amino acid transport  
neutral amino acid 
    transporter activity 

AA919020 4,22 8277 transketolase-like 1 
glucose catabolism 
thiamin metabolism 
transketolase activity 

AA459389 4,05 8459 tyrosylprotein sulfotransferase 2 protein-Tyr sulfotransferase 
   activity 

H54629 6,13 8743 tumor necrosis factor (ligand) 
superfamily, member 10 

induction of apoptosis  
cell-cell signalling 
immune response 
TNF receptor binding 
signal transduction 

AA457705 15,80 8870 immediate early response 3 
anti-apoptosis 
apoptosis  
morphogenesis 

AA436152 3,86 9037 

sema domain, seven thrombospondin 
repeats (type 1 and type 1-like), 
transmembrane domain (TM) and short 
cytoplasmic domain, (semaphorin) 5A 

cell adhesion 
cell-cell signaling  
development 
neurogenesis 
receptor activity 

AI003610 2,43 9047 SH2 domain protein 2A 
angiogenesis 
intracellular signaling 
    cascade 

AA481277 2,13 9138 Rho guanine nucleotide exchange 
factor (GEF) 1 

cell proliferation 
GTPase activator 

AA111969 2,10 9308 
CD83 antigen (activated B 
lymphocytes, immunoglobulin 
superfamily) 

defense response  
humoral immune  
    response 
signal transduction 

AA682637 2,72 9435 carbohydrate (N-acetylglucosamine-6-
O) sulfotransferase 2 sulfotransferase activity 

AA598826 2,02 9618 TNF receptor-associated factor 4 
apoptosis 
development 
ubiquitin-protein ligase act. 

N71394 2,53 10019 lymphocyte adaptor protein intracellular signaling  
   cascade 

AA464601 2,04 10098 transmembrane 4 superfamily member 
9 no ontology 

N35301 2,58 
AA281534 3,24 10123 ADP-ribosylation factor-like 7 GTPase activity 

AA701933 2,19 
AA047257 2,00 10659 CUG triplet repeat, RNA binding 

protein 2 
nuclear mRNA splicing, via 
   spliceosome 

AA191019 2,23 22823 
likely ortholog of mouse metal 
response element binding transcription 
factor 2 

regulation of transcription, 
  DNA-dependent 

AA033974 2,56 23556 phosphatidylinositol glycan, class N no ontology 

T95805 2,08 24148 chromosome 20 open reading frame 14 

spliceosome assembly 
pre-mRNA splicing factor  
   activity 
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Table C.1 continued 
GenBank 

ID 

Fold 

change 
GeneID Gene name 

Biological process and/or 

molecular activity  

AI279830 4,76 

H29758 4,39 
26051 protein phosphatase 1, regulatory 

(inhibitor) subunit 16B 

 
signal transduction 
 

W74254 4,05 27040 linker for activation of T cells immune response  
signal transduction 

AI281237 2,08 51371 chromosome 13 open reading frame 12 no ontology 

AA703019 2,78 51762 RAB-8b protein GTPase activity 
protein transport 

W47366 2,09 54148 mitochondrial ribosomal protein L39 structural consituent of  
    ribosome 

AI095572 2,07 
R82644 2,30 

AA019338 3,48 
54602 Nedd4 family interacting protein 2 

signal transducer activity 
pos. reg. of I-kappa B 
   kinase/NF-kappa B 
   cascade 

R37234 2,35 56172 ankylosis, progressive homolog 
(mouse) 

skeletal development 
perception of sound 
phosphate transporter act.  

AI369785 3,21 56654 neural proliferation, differentiation and 
control, 1 no ontology 

AA418724 2,24 56829 zinc finger CCCH type, antiviral 1 nucleic acid binding 
R43699 2,31 57552 KIAA1363 protein catalytic activity 

R81500 2,09 64218 hypothetical protein FLJ12287 similar 
to semaphorins 

development 
neurogenesis 
receptor activity 

AA460666 2,53 64780 NEDD9 interacting protein with 
calponin homology and LIM domains 

cytoskeleton organization    
    and biogenesis  
signal transduction 

W72885 5,65 80774 hypothetical protein MGC10986 zinc ion binding 

AA193671 2,35 116984 centaurin, delta 1 
regulation of GTPase 
    activity 
signal transduction 
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Table C.2. The genes whose expression was repressed at least 2-fold in response to PMA stimulation are 

presented. See Table C.1 for more information.  

GenBank 

ID 

Fold 

change 
GeneID Gene name 

Biological process and/or 

molecular activity 

AA129135 2,10 2030 solute carrier family 29 (nucleoside 
transporters), member 1 nucleoside transporter act. 

W73790 2,61 3543 immunoglobulin lambda-like 
polypeptide 1 immune response   

AA464600 8,36 4609 v-myc myelocytomatosis viral 
oncogene homolog (avian) 

cell cycle arrest  
cell proliferation 
iron ion homeostasis 
transcription factor activity 

AA985118 2,01 
AA457700 2,32 
R00707 2,08 

6319  stearoyl-CoA desaturase 
(delta-9-desaturase) 

fatty acid biosynthesis 
oxidoreductase activity 

AA465369 2,33 7029 transcription factor Dp-2 
(E2F dimerization partner 2) 

regulation of cell cycle 
transcription cofactor act. 
transcription factor activity 

T59055 2,07 7514 exportin 1 (CRM1 homolog, yeast) 
protein transporter activity 
protein-nucleus import,  
   docking 

R21425 2,08 10492 synaptotagmin binding, cytoplasmic 
RNA interacting protein 

nuclear mRNA splicing, via  
    spliceosome  

AA609463 2,06 23367  La ribonucleoprotein family, member 
1 no ontology 

AA045641 2,16 
AA434409 2,55 
R83876 2,78 

23456  ATP-binding cassette, sub-family B 
(MDR/TAP), member 10 

ATPase activity, coupled to  
    transmembrane   
     movement of substances 

AA451851 2,20 23635  single-stranded DNA binding protein 
2 transcription regulator act. 

AA065090 2,23 29005 PRO1073 protein no ontology 

R89308 2,01 51154 chromosome 1 open reading frame 
33 

protein biosynthesis 
structural constituent of  
    ribosome 

AA010868 2,04 55164 hypothetical protein FLJ10539 no ontology 

AA088701 2,74 56937 transmembrane, prostate androgen 
induced RNA 

androgen receptor signaling  
    pathway 

R91137 2,07 58526 hypothetical protein STRAIT11499 
negative regulation of   
    microtubule  
    depolymerization 
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Appendix D: Genes induced or repressed in response to 
forskolin stimulation 
 
Table D.1. The genes whose expression was induced at least 2-fold in response to forskolin stimulation 

are presented. See Table C.1 for more information. The first observation in the table has been obtained 

using a probe whose source sequence is an EST that has not been associated with any known human gene. 

GenBank 

ID 

Fold 

change 
GeneID Gene name 

Biological process and/or 

molecular activity 

R97226 2,25 

EST not 
associated 
with a 
gene 

Homo sapiens transcribed sequence 
with weak  similarity to protein 
sp:P39194 (H.sapiens)  

no ontology 

AA464861 2,06 1390 cAMP responsive element 
modulator 

transcription factor activity 
signal transduction 

R09561 2,16 1604 
decay accelerating factor for 
complement (CD55, Cromer blood 
group system) 

complement activation, 
    classical pathway 

AA446108 2,25 2022  endoglin (Osler-Rendu-Weber 
syndrome 1) 

cell adhesion 
circulation 
organogenesis 

AA160783 3,59 

AA987365 2,06 2195 FAT tumor suppressor homolog 1 
(Drosophila) 

cell adhesion 
cell-cell signaling 
morphogenesis 
structural molecule activity 

AA778196 2,01 2683 UDP-Gal:betaGlcNAc beta 1,4- 
galactosyltransferase, polypeptide 1 

oligosaccharide    
    biosynthesis 
carbohydrate metabolism 
galactosyltransferase  
    activity 

H23225 2,31 5581 protein kinase C, epsilon 
induction of apoptosis 
protein kinase C activity 
signal transducer activity 

W96187 2,44 6334  sodium channel, voltage gated, type 
VIII, alpha 

sodium ion transport 
cation channel activity 

AI003610 3,25 9047 SH2 domain protein 2A 
angiogenesis 
intracellular signaling 
    cascade 

T58135 2,28 9929 KIAA0063 gene product no ontology 
AA033974 2,64 23556  phosphatidylinositol glycan, class N no ontology 

AA432070 2,45 25831 HECT domain containing 1 

ubiquitin cycle 
ubiquitin-protein ligase 
    activity 
receptor activity 

AA973283 2,51 
H88540 2,07 29005  PRO1073 protein no ontology 

AA447746 2,45 54541 HIF-1 responsive RTP801 no ontology 

AA256385 2,16 57602  ubiquitin specific protease 36 

ubiquitin cycle 
ubiquitin-dependent protein 
    catabolism 
Cys-type endopeptidase  
    activity 

AA452822 2,28 94056 synapse associated protein 1, 
SAP47 homolog (Drosophila) no ontology 
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Table D.2. The genes whose expression was repressed at least 2-fold in response to forskolin stimulation 

are presented. See Table C.1 for more information.  

GenBank 

ID 

Fold 

change 
GeneID Gene name 

Biological process and/or 

molecular activity 

AA279755 2,63 969 CD69 antigen (p60, early T cell 
activation antigen) 

defense response 
transmembrane receptor 
    activity 

W73004 2,16 3676 integrin, alpha 4 (antigen CD49D, 
alpha 4 subunit of VLA-4 receptor) 

receptor activity  
cell-matrix adhesion 
integrin-mediated  
   signaling pathway 

AA464600 2,66 4609 v-myc myelocytomatosis viral 
oncogene homolog (avian) 

cell cycle arrest 
cell proliferation 
iron ion homeostasis 
transcription factor 
    activity 

AA056325 2,40 5664 presenilin 2 (Alzheimer disease 4) 

apoptotic program 
chromosome organisation 
    and biogenesis 
chromosome segregation 
membrane protein  
     ectodomain proteolysis 

H00662 2,23 6402 selectin L (lymphocyte adhesion 
molecule 1) 

cell adhesion 
cell motility 

AA778663 2,23 8744 tumor necrosis factor (ligand) 
superfamily, member 9 

tumor necrosis factor 
    receptor binding 
apoptosis 
cell proliferation 
cell-cell signaling 
immune response 
signal transduction 

H10045 2,04 10451 vav 3 oncogene 

GTPase activator activity 
guanyl-nucleotide exchange 
    factor activity     
intracellular signaling  
   cascade  

AA425806 2,21 10522 deformed epidermal autoregulatory 
factor 1 (Drosophila) transcription factor activity 

R26706 2,46 27316 RNA binding motif protein, X 
chromosome RNA binding 

AA150443 2,21 55340 immune associated nucleotide 4 like 
1 (mouse) GTP binding 
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