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Internal members:

• Pr. Stefan N. Constantinescu

• Pr. Laurent Knoops

This thesis was supported by:

- transMaze project from la région Wallonne de Belgique

- Bourse du patrimoine de la faculté de médecine (UCL)
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PREFACE

To Anir and Hanane,

“L’aveugle se détourne de la fosse où le clairvoyant se laisse tomber.” [ Averroès ]

“Quelque part, quelque chose d’incroyable attend d’être connu.” [ Carl Sagan]
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ABBREVIATIONS

AKT/PKB: protein kinase B (AKT)

ANOVA: analysis of variance

AP-1: activator Protein 1

DF: degree of freedom

Eval: e-value

ER: endoplasmic reticulum

ERK: elk-related tyrosine kinase

EST: expressed sequence tag

FAS: fatty acid synthase

FDR: false discovery rate

FGF: fibroblast growth factor

FOXO: forkhead box, sub-group O

FWER: family-wise error rate

GO: gene ontology

HMM: hidden markov model

HMG-COA: hydroxymethylglutaryl-Coenzyme A

bHLH: basic helix-loop-helix

IGF-1: insulin like growth factor 1

INSIG: Insulin induced gene

JAK: Janus kinase

JNK: c-jun N terminal kinase

MAPK: mitogen activated protein kinase

MITF: microphthalmia-associated transcription factor

MM: mismatch

MSE: mean square error

PCR: polymerase chain reaction

PDGF: platelet-derived growth factor

PDGFR: platelet-derived growth factor receptor

PI3K: phosphatidylinositol-3 Kinase

PFM: position frequency matrix

PM: perfect match

Pval: p-value

PWM: position weight matrix

Qval: q-value

RC: random control

RTK: receptor tyrosine kinase

SAM: significance analysis of microarrays

SCAP: SREBP cleavage-activating protein

SOX10: SRY (sex determining region Y)-box 10

SREBP: sterol-regulatory element binding protein

STAT: signal-transducer and activator of transcription

TF: transcription factor

TFBS: transcription factor binding site

TG2: transglutaminase 2
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CHAPTER 1

INTRODUCTION

1.1 Gene expression mechanism overview

The regulation of gene expression is fundamental to each living organism. Along this process, protein-

coding genes are transcribed to mRNA, which are translated to the corresponding proteins. Tran-

scription and its control in eukaryotes is a complex mechanism, which involves many well-identified

molecules [191].

The general high-resolution chromatin structural findings describe DNA as wrapped around his-

tone octamers forming nucleosomes [43]. Nucleosomes repress all genes except those whose tran-

scription is brought about by specific positive regulatory mechanisms [191]. The N- and C-terminal

tails of histones are flexible and contain several residues that can be subjected to post-translational

modifications, such as acetylation of lysine residues [43]. Acetylation of the histone tails is a char-

acteristic of transcribed chromatin. Co-activators, like CBP and p300, acetylate the histone tails

while co-repressors deacetylate it. Acetylation can disable transcription repression by chromatin

and deacetylation can enable repression [191]. Acetylation associated with nucleosome remodel-

ing factors and chromatin accessibility complex, which can remodel the structure of chromatin in an

ATP-dependent manner, contributes to the formation of nucleosome-free regions, known as “nuclease-

hypersensitive sites.” These sites contain the enhancers, transcription factors and promoters of tran-

scriptionally active genes [191]. The DNA sequences in and around promoters dictate the time, space

and kinetics of gene transcription. A distinction can be made between: the core promoter, the proximal

region to the core promoter, and the more distant enhancer sequences [123].

Transcription is mediated by three kinds of enzymes called RNA polymerases (Pol I, Pol II and

Pol III). Pol II is responsible for all mRNA synthesis. It has many general factors, the most important

being TFIIB, TFII-D, TFII-E, TFII-F and TFII-H [301]. They cover the core promoter sequences. In

addition, promoter-proximal and the more distant sequences direct the binding of specific transcription

factors, which execute their regulation predominantly through co-regulators, although they can inter-

act directly with the general factors. Some of the co-regulators can interact directly with Pol II and

the general factors influencing transcription. Others can reorganize nucleosomes or covalently modify

chromatin, and change its structure. This can in turn influence transcription-factor associations and
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the transcriptional status of Pol II [123].

Transcription factor proteins possess distinct DNA-binding and activation domains. The DNA-

binding domains define several major transcription factor (TF) families. The affinity and specificity

of DNA binding is regulated, by interactions with accessory proteins bound to adjacent DNA sites

[191]. Based on their predicted DNA binding domains, TFs could be annotated and classified. DNA

binding domains could be modeled using Hidden Markov Models (HMMs). HMMs are build from

known domains and used to scan unknown protein sequences to infer a putative TF activity. Using

this approach, the DBD database annotated TFs from all the transcripts, including alternative splicing,

in many genomes. Table 1.1 summarized the number of predicted TFs from human, mouse and rat

genomes [370]. DBD reported that HMMs from SUPERFAMILY database, which is a collection

of those models, represent 37 superfamilies and 87 families of TFs according to the SCOP domain

definitions [137, 370]. Gene ontology (GO) database reported 984 TF and 693 in the human and

mouse genomes respectively [256].

Table 1.1: Predicted transcription factor counts by organism.

Species
number of number of Percentage of
Genes TFs Genes predicted

as TFs
Homo sapiens 22, 997 1, 508 6.56%
Mus musculus 23, 873 1, 426 5.97%
Rattus norvegicus 22, 503 1, 202 5.34%

Transcription regulation can implicate epigenetic modifications. Indeed, in addition to the his-

tone chemical modifications, such as histone 3 methylation on lysine 9 and 27, the promoters can

be silenced by cytosine methylation, especially in the CpG islands [81, 143]. Recently, epigenetic

changes induced by small inhibitory RNAs (siRNAs) in gene promoters was shown in many organ-

isms, including human [241]. These siRNA-induced repression of transcription is a longer-lasting, if

not permanent mode of silencing gene transcription [143].

The three main phases of the transcription cycle summarized in Figure 1.1, are known as initiation,

elongation and termination, and each stage is subject to regulation [301].

Transcription initiation: the TFIID complex recognizes the promoter and binds to the TATA box

by its TATA-binding protein (TBP) subunit. The remaining subunits interact with flanking sequences

and confer additional specificity. TFIIB positions the polymerase on the promoter. TFIIH includes

ATP-dependent helicases that unwind the promoter around the start site to trigger the initiation of

transcription. Another factor called Mediator interact with Pol II to form a holoenzyme complex.

Mediator is an important interface between transcription factors and Pol II. It transduces regulatory

information from enhancers to promoters in organisms ranging from yeast to human [191]. Enhancers

are positioned at the more distant sites in chromatin and modify the rate of initiation complex forma-
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Figure 1.1: Eukaryotic transcription mechanism.
A- wrapped DNA within transcriptionally inactive chromatin. B- Histones are modified by acetyl transferases
and chromatin is remodeled by nucleosome remodeling factors, this leads to TFII-D binding to TATA box. C-
TFII-B binds to TFII-D and positions the RNA polymerase II on the promoter. D- Other TFII factors and
the mediator form a complex with the TFII-D and the co-activator integrate the proximal transcription factor
and the distant enhancer. P-TEFb (CDK9) joins the complex and together with the TFII-H phosphorylate the
C-terminal domain (CTD) of the RNA polymerase II. E- CTD phosphorylation leads to disassociation of the
complex and the elongation process of RNA polymerase II is started together with RNA transcription.
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tion by mechanisms that are still poorly understood [139].

Transcription elongation: this step is controlled by P-TEFb (CDK9), which is a cyclin-dependent

kinase that associates with TFII-H (CDK7) to phosphorylate two serine residues in the C-terminal

domain (CTD) of the Pol II. These phosphorylations lead to the increase in diameter and rigidity of

CTD. Thereafter, mediator and many other general initiation factors are removed from the promoter.

Certain repressors block the recruitment of CDK9 to the transcription unit. The control of CDK9

is done via the regulation of its subunits expression, and by reversible associations to RNA binding

proteins and a small nuclear RNA [267].

Transcription termination: the RNA transcript is released and the transcription complex disso-

ciates from the DNA template. Two models have been proposed: (i) the “allosteric model,” which

involves a conformational change in Pol II after the transcription of the poly-A site; (ii) the “torpedo

model,” which involves a 5’→ 3’ RNA exonuclease that cleaves and releases the RNA transcript, and

degrades the rest of the RNA associated with RNA polymerase II [301].

Gene transcription can also be regulated at the post-transcriptional level by RNA interference

process. This gene regulation inhibitory mechanism involves double-stranded (dsRNA) or single-

stranded (miRNA) small RNAs, which provoke mRNA degradation by homology binding to the

mRNA 3′ UTR. They also inhibit mRNA translation [143].

5



1.2 Platelet-Derived Growth Factor and regulated transcription factors

Gene transcription regulation in cells is influenced by many mechanisms, including extra-cellular

stimuli, such as growth factors. These factors are secreted proteins that bind to specific membrane

receptors, which include several families. Among these families, the Receptor Tyrosine Kinase (RTK)

family is well studied. Receptors belonging to this family have an extra-cellular part that binds to the

ligand and an intra-cellular part that contains a specific domain with a tyrosine kinase activity. These

receptors are anchored in the plasma membrane by a single trans-membrane domain.

1.2.1 Platelet-Derived Growth Factor

Platelet-Derived Growth Factor (PDGF) is produced by platelets, macrophages, vascular endothelium

cells, fibroblasts and keratinocytes [31]. It was shown to play a major role in cell proliferation and

cell migration, in processes such as wound healing and angiogenesis [31]. It is also involved in the

development of the cranial and cardiac neural crest, gonads, kidney, lung, intestine, skin, CNS, and

skeleton. PDGF is implicated in many diseases, including gliomas, sarcomas, leukemias, epithelial

cancers, atherosclerosis, restenosis, pulmonary hypertension, and retinal diseases, as well as in fibrotic

diseases [14, 300].

PDGF is encoded by four different genes: A, B, C and D. Their products form homo-dimers, in-

cluding PDGF-AA, PDGF-BB, PDGF-CC and PDGF-DD, and one hetero-dimer PDGF-AB. PDGF-

C and D are synthesized as inactive precursors that are activated upon cleavage of their CUB domain

[131, 197].

There are two known isomers of PDGF receptors: PDGFR-α and PDGFR-β. PDGF binding

induces the receptor dimerization. In vitro, PDGFR-αα homo-dimer can be formed upon PDGF-AA,

PDGF-AB, PDGF-CC or PDGF-BB binding. PDGFR-αβ hetero-dimer is formed upon the binding

of PDGF-AB, PDGF-CC, PDGF-BB or PDGF-DD, while PDGFR-ββ homo-dimer is formed upon

PDGF-DD or PDGF-BB binding. Thus, PDGF-BB is able to bind to the three types of receptor dimers

[332].

When activated, the receptor autophosphorylates itself on tyrosines, which will serve as docking

sites for proteins with specific domains, such as SH2 and PTB domains. This is the basis of signal

transduction by PDGF receptors, including PI3K, Ras-MAPK and PLCγ pathways [332]. Activation

of these pathways ends up, in most cases, by regulating transcription factors, which activate or repress

transcription of gene sets leading to specific biological response. Chemotaxis induced by PDGF is

independent of transcription. Specificity in PDGFR signalling is achieved through a combination of

cell type-specific expression and differential engagement of downstream signalling pathways [14].

Figure 1.2 summarizes the main pathways induced by PDGF receptors and their biological effect.

These signalling pathways are balanced by feed-back control mechanisms. The ultimate effect of

PDGFR depends on the balance between induced signals and the controls [146]. The control mecha-

nisms include: (i) inhibitory molecules, which are usually phosphatases promoting dephosphorylation

of the receptor and its substrates; (ii) receptor internalization and degradation [30, 61, 146, 147].
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Figure 1.2: PDGF-induced signalling pathways and their effects.

1.2.2 Transcription factors regulated by PDGF

TFs regulated by PDGF receptors could be separated in two groups (Figure 1.2): (i) a group of TFs

that are directly regulated at the protein level by post-translational modification; (ii) TFs regulated at

the transcriptional level by inducing or inhibiting their gene transcription.

1.2.2.1 Transcription factors regulated at the protein level by PDGF

This category includes the following TFs: AP-1, STAT, FOXO, SREBP, NFκB, CREB, SP1, β-catenin

and PPARγ TFs.

Activating complex Protein-1 (AP-1): the AP-1 TF is a direct target of MAPKs. AP-1 is composed

of members of Jun and Fos proteins. The relative amount of expressed Jun and Fos members depends

on cell types, which makes AP-1 activity cell-specific [231]. Fos is directly phosphorylated by ERK

[236], while Jun is phosphorylated by JNK. Both Fos and Jun are also regulated by transcription

[232]. Phosphorylated Jun and Fos are grouped together to form AP-1 complex and then bind to

DNA to promote gene transcription. Target genes of AP-1 are essentially involved in proliferation and

differentiation [15].
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Signal Transducers and Activators of Transcription (STAT): the activation of STAT is well estab-

lished for receptors lacking tyrosine kinase activity, such as interleukin receptors. In these receptors,

Janus Kinases (JAKs) phosphorylate tyrosines of the receptor, leading to STAT binding via its SH2

domain. When STAT binds the receptor, it is then phosphorylated by JAK. This leads to STAT dimer-

ization and migration to the nucleus where it binds DNA and stimulates gene transcription [127].

STAT-5 and -3 have been shown to promote proliferation, while STAT1 induces cell growth arrest

[142, 190]. However, STAT3 can also have a tumor supressor activity [104]. These contradictory

roles of STAT could be related to a dose-dependent mechanism, as suggested by the findings that

higher dose of active STAT5 promotes differentiation, while intermediate doses induce proliferation

in CD34+ cells [367].

RTKs, including PDGF receptor, have also been shown to activate STAT. In this case, this activa-

tion seems to be JAK independent [198]. Since the discovery of STAT3 activation by the oncogenic

v-Src [57], the debate between reports associating PDGF receptor-induced STAT activation to Src

[46, 359] and those defending a direct activation of STAT by the receptor [261, 296] is still open.

Nevertheless, JAK1 was shown to be phosphorylated by the PDGF receptor [64]. Simon et al. have

reported an activation of JAK-STAT pathway by PDGFR in the human airway smooth muscle cells

[314]. Moreover, in pancreatic stellate cells, this JAK-STAT pathway is reported to be dependent on

Src activation by PDGFR [228]. In addition, Jahn et al. have recently proposed a model by which

Kit receptor, another RTK of the PDGF receptor family, induces an indirect activation of JAK-STAT

pathway via a direct interaction and activation of the IL-7 receptor [165]. Reactive oxygen species

(ROS) were shown to induce JAK (JAK2 and TYK2) activation and mediate PDGF activation of STAT

[313]. But this observation awaits confirmation.

Most reports of STAT activation by PDGF studied the PDGF receptor β. In an attempt to study the

differential effects of PDGFRα and β, human mesangial cells were stimulated with PDGF-BB and

PDGF-DD. These ligands were found to induce their biological activity almost exclusively via the

PDGFRβ, which was able to induce STAT3 and STAT1 activation [350]. In addition, JAKs were also

shown to interact preferentially with the PDGFRβ compared to the α receptor [347]. However, the

hybrid oncogene FIP1L1-PDGFRα expressed in hypereosinophilic syndrome was shown to induce

STAT5 activation [388].

Forkhead box transcription factors: Forkhead box (FOX) TF family consists at least on 43 mem-

bers, and characterized by their winged-helix DNA-binding domain [179]. The group O of the FOX

family, named FOXO, contains FOXO1, FOXO3, FOXO4 and FOXO6. FOXO were firstly studied

in Caenorhabditis elegans and Drosophila, in which they were shown to be involved in development,

lifespan longevity and oxidative stress resistance [154, 195, 207, 244, 255, 361, 393]. Chromosomal

translocation involving the trans-activating domain of FOXO1 and DNA-binding domain of PAX3

where shown to be expressed in pediatric alveolar rhabdomyosarcoma [110], suggesting a role of

FOXO in cancer.

FOXO are regulated at the protein level by RTKs. They were reported to be inhibited by acti-
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vated insulin receptor in Caenorhabditis [255]. In Drosophila, this inhibition is achieved via dFOXO

phosphorylation by dAKT [274]. This mechanism has been well studied in mouse hepatocytes, where

Nakae et al. showed that Insulin and Insulin-like growth factor (IGF-1) receptors activate AKT, which

phosphorylates a specific serine (S253) in the DNA-binding domain of FOXO1. This serine phos-

phorylation is required for two additional phosphorylations at T24 and S316. T24 phosphorylation

is important for FOXO1 exclusion from the nucleus [247]. FOXO exclusion from the nucleus re-

quires additional phosphorylations, interaction with protein 14-3-3 and the nuclear export machinery

[349]. In the cytosol, FOXO interacts with the ubiquitin ligase SKP2 and is targeted to proteasome

degradation [352, 353, 356]. PDGF, like many other growth factors was shown to inhibit FOXO in

various cell types [109, 171, 187, 189, 246, 284, 366, 392]. PDGF receptors inhibit FOXO via the

PI3K/AKT pathway, preventing apoptosis and cell cycle arrest [63]. It also induces phosphorylation

of FOXO1 and its exclusion from the nucleus in Hepatic stellate cells [2]. Inhibition of AKT down-

stream PDGFR by specific inhibitors activates FOXO3 and increases apoptosis in vascular smooth

muscle cells [385]. PDGFR was shown to repress p27, a FOXO target involved in cell cycle arrest [1].

Beside AKT inhibition of FOXO, JNK phosphorylates FOXO4 on two threonines T447 and T451.

These phosphorylations are induced by oxidative stress. For instance, H2O2 activates Ral GTPase that

activates JNK. This process provokes FOXO4 transactivation an translocation to the nucleus [113].

FOXO4 was also shown to be acetylated on lysines K186, K189, and K408 by CREB-binding protein

(CBP). These acetylations lead to mitigated activation and sequestration in the nucleus of FOXO4

[124]. In Caenorhabditis, FOXO interacts with β-catenin, leading to its activation in an oxidative

stress dependent condition [112].

Surprisingly, FOXO6, which is highly expressed in the brain, seems to be highly translocated to

the nucleus after growth factor stimulation. In contrast to other FOXO members, this translocation

is promoted by activation of the PI3K-AKT pathway [164]. Phosphorylation of FOXO by ERK and

p38 was also shown down-stream EGF receptor [1, 22]. ERK inhibits FOXO3 by direct interaction,

phosphorylating Serines S294, S344 and S425. This leads to FOXO3 degradation via an MDM2-

mediated ubiquitin-proteasome pathway [376].

Sterol Regulatory Element Binding Protein (SREBP): The SREBP family contains three proteins:

SREBP-1a and SREBP-1c, which are encoded by two alternative transcripts of the SREBF1 gene; and

SREBP2 is encoded by the SREBF2 gene. SREBP was first described as a TF involved in cholesterol

biosynthesis. It regulates genes coding for many key enzymes in this process, such as HMG-COA

reductase, the rate limiting enzyme in cholesterol synthesis. SREBP regulates also the LDL receptor,

which is involved in cholesterol uptake [51]. In addition, it is regulating fatty acid synthesis enzymes,

such as Fatty Acid Synthase (FAS) and Stearoyl CoA Desaturase-1 (SCD) [51, 84].

SREBP is embedded in the endoplasmic reticulum (ER) membrane in an inactive form, where

the N-terminal part that contains an acidic domain and the DNA-binding domain, is in the cytosol

together with the C-terminal domain (regulatory domain), whereas a loop domain is in the ER lumen.

SREBP is escorted from ER to Golgi by the SCAP protein. INSIG-1 and INSIG-2 proteins retain
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the SREBP/SCAP complex in the ER in a sterol-dependent manner. To be active, SREBP must be

cleaved in two sites, the first site is cleaved by Site-1 protease (S1P) in the luminal loop, and the second

cleavage is made by S2P in the transmembrane domain linked to the N-terminal domain [99]. This

leads to the release of the N-terminal part of SREBP, which translocates to the nucleus. Its bHLH-zip

domain binds DNA E-boxes and SRE-boxes to activate target genes [51]. PDGF induced activation

of SREBP was shown to be related to the MAPK pathway [193] and AKT pathway [84]. However,

the detailed mechanism leading to activation of SREBP by growth factors is not known yet. AKT can

phsophorylate SREBP in vitro (Kallin, Demoulin unpublished data) and promote its transcriptional

activity [103].

Nuclear Factor of Kappa light polypeptide gene enhancer in B-cells (NFκB): NFκB is a transcrip-

tion factor composed of five proteins: rel A (p65), rel B, c-rel, p52, and p50. These proteins can form

either hetero or homodimers. The transcription factor NFκB plays a role in inflammation, cell prolif-

eration, and apoptosis [73]. NFκB is over-expressed and mediates proliferation in gliomas in response

to PDGF [319]. In its inactive form, NFκB is sequestered in the nucleus by IκB. PDGF signal induces

IκB degradation via PI3K pathway and leads to NFκB translocation to the nucleus. PDGF-stimulated

activation of NFκB is mediated by transient association of Akt with IKK. This activates IKK, leading

to IκB phosphorylation on serines S32 and S36. Phosphorylated IκB is targeted to ubiquitination and

degradation via the proteasome pathway [288]. It is also shown that AKT phosphorylates IKKα on

the threonine T23. This is required for IKK to phosphorylate p65 on S534 [26].

cAMP response element-binding protein (CREB): CREB was shown to be important for PDGF-

induced cell proliferation and migration [166, 168]. PDGF-induced Ser-133 phosphorylation of

CREB leads to its activation, translocation to the nucleus and subsequent binding to the CRE DNA

boxes in target gene promoters [169, 251, 321, 331, 384]. This phosphorylation on S133 was not

required for the activation of CREB by PDGF via RAF-MAPK pathway [310]. In addition, a chronic

stimulation with PDGF has the opposite effect: it provokes CREB phosphorylation on serines S103

and S107 leading to its exclusion from the nucleus and its proteasomal degradation. This regulation

is dependent on PI3K/AKT pathway [126].

Specificity Protein 1 / Trans-acting transcription factor 1 (SP1): SP1 is a zinc finger transcription

factor involved, among many other roles, in the regulation of wound healing by growth factors, in-

cluding PDGF-A and B genes [233, 280, 364]. Platelet-derived growth factor enhances SP1 binding

to the promoters of LDL receptor gene [32], KFL gene [79] and VEGF gene [118]. Phosphorylated

Rb could play a role in SP1 regulation by PDGF [240].

β-catenin: β-catenin was shown to be associated to NHERF, cadherin and the PDGF receptor β and

mediates cell migration [337]. It regulates gene transcription associated with cell cycle progression. β-

catenin is also a major mediator of Wnt signalling. It is inactivated in the cytosol upon phosphorylation

10



by GSK-3, forming a complex with adenomatous polyposis coli (APC) and axin. PDGF receptors

induce the phosphorylation and degradation of GSK-3 leading to an increase in the level of β-catenin

in the nucleus [253]. The phosphorylation of GSK-3 is mediated via PI3K/AKT pathway [119]. PDGF

receptor could also phosphorylate the p68 RNA-helicase on tyrosine Y593. This facilitates β-catenin

translocation to the nucleus by blocking GSK-3 and displacing Axin from β-catenin independently

from Wnt signalling [144, 377, 378].

PPARγ: Peroxisomal Proliferator-activated Receptor γ (PPARγ) is a regulator of adipocyte differ-

entiation. Many studies have reported interferences between the proliferative effect of PDGF and

the activation of PPARγ [20, 125, 129, 206]. Moreover, Camp et al. have shown that PDGF treat-

ment decreased ligand-activated PPARγ transcriptional activity, which was dependent on Serine (S82)

phosphorylation via MAP kinase pathway [56].

ELK1: ELK-1 is activated via MAPK pathway. PDGF receptor activates MAPK pathway molecules,

including Raf-1, MEK and ERK. Activated ERK translocates to the nucleus and activates ELK-1, in-

ducing a proliferative response [269].

1.2.2.2 Transcription factors regulated at the RNA level by PDGF

Myc, FOS, JUN, ETS-1, N4RA and EGR are among TF genes that are immediate early genes (IEGs)

induced by PDGF. IEGs are directly regulated by PDGF stimulation and do not need de novo protein

synthesis.

MYC transcription factor: Myc mRNA transcription is induced by PDGF in a cell-cycle-dependent

manner [182]. PDGF-activated Src kinases control the transcriptional activation of Myc [30, 60].

STAT activation by Src leads to Myc transcription [46]. In addition, NFκB activated by PDGF induce

the transcriptional activation of Myc via the PI3K pathway [288]. The RNA-helicase p68, which is

phosphorylated and activated by PDGFR, participates in the transcription of Myc gene [379]. Myc

plays an important role in cell proliferation and is over-expressed in many cancers [53]. Myc nega-

tively regulates PDGFRβ by repressing its gene expression [257].

Early growth response 1 (EGR-1): EGR-1, a zinc finger TF, is involved in duodenal ulcer healing,

cell growth and proliferation [87, 186, 291, 292, 330]. It is highly expressed in atherosclerosis [101,

230]. PDGF induces the gene transcription of EGR-1 [243, 294, 295]. Early induced transcription

of EGR-1 by PDGF is independent of PKC [290] and could be mediated by ELK1 via ERK1/ERK2

pathway [151, 157, 204, 220, 304]. Serum response element (SRE) consensus sequences, to which

SRF binds, were found in EGR-1 gene promoter. These SRE boxes were shown to be important for

the mediated activation of EGR-1 by PDGF [293].
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ETS-1: ETS-1 is involved in neoangiogenesis [279]. It activates expression of matrix-degrading

proteinases, such as collagenase. PDGF was shown to regulate ETS-1 gene transcription in different

cell types [74, 132, 245, 279]. ETS-1 is upregulated by PDGF-BB via PI3K and mTOR pathways

[214].

NOR1/NUR77/NR4A1: The NR4A1 orphan nuclear receptor mediates cell proliferation. NR4A1-

induced gene transcription by PDGF occurs early and depends on cAMP response elements present in

its promoter. This transcription involves Ca++ mobilization, PKC activation, the MAP kinase pathway

and CREB [227, 251].
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1.3 Measuring gene expression: microarrays

1.3.1 Overview on microarrays

The availability of the full genome sequence of many species, including Homo sapiens, has revolution-

ized molecular biology. One of the most spectacular advances is the ability to screen the expression of

all the genes in the genome using “gene expression microarray.” A typical gene expression microar-

ray experiment consists of hybridizing labeled cDNA or cRNA obtained from mRNA extracted from

a given biological sample to a chip containing probes for a whole or partial genome library. We can

distinguish four parts in a typical gene expression microarray experiment (Figure 1.3): (i) extraction

of mRNA and preparation of labeled probes; (ii) hybridization to the array containing probes for a

referenced genome; (iii) scanning of the hybridized array; (iv) image analysis and transformation to

intensities that will be the basis for statistical analysis to select regulated genes.

How these microarrays are made? How gene expression microarray studies could be planned?

How the generated data are analyzed? And how to extract meaningful information from processed

data in regard to regulated genes and their biological functions? This introduction will try to answer

these questions.

There are other microarray techniques in the proteomic and genetic fields. They deal, for instance,

with protein-protein and protein-DNA interactions, genotyping and DNA copy number. These kind

of microarrays are out of this thesis scope.

1.3.2 Microarray manufacturing

Gene expression microarrays contained few spots or probes at the beginning and evolved to thousands

nowadays [6, 303]. Each of these spots corresponds to a specific gene. Arrays can be either home

made or purchased from private companies. They can be classified mainly into spotted or in situ

synthesized, depending on the way the probes are produced and fixed to the array solid surface.

Spotted microarrays were the first to be developped. They are more commonly made in academic

labs due to their lower cost and their ability to be customized to represent only desired transcripts.

A computer-controlled robotic machinery spots the probes in well-identified XY coordinates onto the

array surface coated with poly-L-lysine, aminosilane [145], alumina or gold [59]. The array could be

slides made of glass [92], ceramic [219], plastic [391], FAST slides [323] or nylon membrane [216].

The spotted area of the whole genome is so dense that it could be easily covered by a simple cover

slip [91]. The coordinates of each spot are stored in the system and could be easily mapped to the

corresponding gene. The length of spotted oligonucleotides (probes) is ranging from 20 nucleotides

[65] to the full-length cDNA [308]. A variant approach in which probes of 50 nucleotides are attached

to beads prior to fixation into a silicon wafer surface is used in the Illumina R© technology [160].

In contrast to the spotting technique, Affymetrix has developed an approach guided by in situ

light-directed synthesis of the probes [120]. It is based on two techniques: photolithography and solid

phase DNA-synthesis [209, 215]. The most commonly used Affymetrix arrays in gene expression

13



Figure 1.3: A typical gene expression microarray experiment workflow.
Gene expression from two conditions are compared. mRNA is extracted from each of the test and the control
conditions. It is then reverse transcribed to the complementary DNA. This step include labeling with two
different fluorescent dyes, usually cy5 and cy3. Both cDNAs are then mixed and hybridized to a microarray
containing spots for the studied organism genome. After the hybridization, the slide is scanned in two different
wave-lengths, exciting either cy-5 or cy-3. The two resulted images are merged. The spots colored in green
and red correspond to down- and up-regulated genes, respectively. In the Affymetrix platform only one color
hybridization is allowed per chip, therefore in this example there will be a need for two chips, one for the control
condition and the other one for the test condition.
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monitoring is the GeneChip R© array that contains probes for ten of thousands of genes (e.g, 28, 869
human genes are interrogated in HGU1.0ST chip with 764, 885 distinct probes). In GeneChip, each

gene is referenced by one or more set of probes (probe sets). In each probe set, there are 16-20 (HG-

U95a chips) or 11 (HG-U133 chips) pairs of 25 nucleotide probes representing perfect match (PM)

and mismatch (MM) probe pairs to the target cRNA. The MM probe is identical to its corresponding

PM except the nucleotide in the position 13 that is mutated to its complementary base [4, 6, 44].

1.3.3 Expression microarray experimental design

The objective of a cDNA microarray experiment is to monitor the gene expression in a particular

condition at the genome level. Figure 1.3 summarizes the steps of a typical double-dyed microarray

experiment. Double-dyed microarrays has the advantage to allow a direct comparison of two samples

in the same chip. This was particularly important to compensate for irregularities in the array spotting,

which was a problem for the first arrays. There are also single-dyed microarray experiments. The

Affymetrix GeneChip R© arrays, for instance, do not allow the use of double dyes and cRNA is biotin-

labeled instead of cy3- or cy5-labeled prior to hybridization. The design of a microarray experiment

to generate meaningful data is crucial [66]. To understand how to perform this design, one should

keep in mind the sources of variation in a microarray gene expression study.

1.3.3.1 Sources of variation in a microarray experiment

In a typical microarray experiment workflow (Figure 1.3), we can distinguish three sources of vari-

ability: a biological variation (σ2
B) intrinsic to the studied organisms; a technical variation (σ2

A) intro-

duced during the mRNA extraction, cDNA labeling and hybridization and a variation (σ2
e ) that could

be associated to the measurement when scanning the fluorescence [66, 97]. The estimation of these

variances is linked to a certain error. This error can be measured by the mean square error (MSE)

criterion described in the Formula 1.1 for an experiment with n samples from k individuals (exper-

imental units) and m technical replicates using microarray slides in which the clones are repeated r

times. The constant 0 < a < 1 is linked to the sample pooling, it is null in case of no RNA pooling

was performed [66].

MSE =

√
σ2

B
ka + σ2

e/r
m

n
(1.1)

The precision of the estimated MSE is measured by the experiment residual degree of freedom

(df ), which is obtained by subtracting the number of distinct treatments from the number of indepen-

dent experimental units [66]. Minimizing the MSE and maximizing the df is a motivation for a good

microarray experimental design [196].

In a large microarray gene expression profiling study, Bakay et al. found that the greatest sources

of variability were the cell type content and the inter-patient variation while the experimental varia-

tion was minor [29]. Generally, biological replicates should be performed. Nevertheless, a common
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technical source of variation in cDNA microarrays is the dye bias or unbalanced fluorescences over

the two channels. Dye bias can depend on spot overall intensity and/or spatial location within the

array [382].

1.3.3.2 Planning a microarray experiment

Designing a microarray experiment, in general, implies deciding on the number of biological and

technical replicates, and on the distribution of samples over hybridizations [289]. Over the following

sections, we use the word “class” to refer to a group of samples having biological characteristics that

can be used to distinguish them among others. The experiment plan is guided by the study’s objectives

that could be either a class comparison, a class prediction or a class discovery [315, 316]. It is also

guided by the microarray platform to be used [383]. When using dual labeled arrays, for instance, one

must decide on a design for pairing and labeling samples [316, 383]. In addition, there are constraints

such as the number of available arrays, RNA quantity and other “logistical” considerations that can

affect the experimental design [383]. This leads to different microarray experimental designs such as

the “reference design,” the “loop design” and the “dye-swapping design” [66, 184] (Figure 1.4).

Table 1.2 enumerates the most commonly used dual channel microarray experimental designs with

their characteristics and recommended applications [66, 96, 184, 289, 315, 316]. This table shows

that, overall, the reference design can be used efficiently to reach most microarray study objectives

such as class discovery and class prediction. This design uses a large number of arrays and is less

suitable for class comparison [97, 383]. However, Altman et al. proposed an extended loop design as

a model of choice in dual channel microarray experiments [11]. A web-based tool was developed to

assess the efficient loop design for such experiments [270].

Since Affymetrix arrays are single-label based, they are less subject to dye bias as dual color

microarrays. However, precautions must be taken when performing technical replicates, by using

the same technical material and reagents by the same technician in the same lab conditions [25].

Affymetrix standard protocols were designed to reduce technical variability limiting the level of repli-

cates to be controlled at the biological level. Affymetrix propose to control the number of replicates at

the coeffecient of variation (cv) level by introducing more replicates until the cv stabilizes. They also

introduce a control at each critical step to control variability, such as RNA quality, in vitro transcription

(IVT) yield, hybridization, and data quality controls [3].
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Figure 1.4: Examples of typical cDNA microarray experimental designs.
A and B denote different biological classes of the study’s interest (e.g, tumors, treatments). From these classes,
samples were derived (A1, A2, . . . B3, B4). R denotes a reference RNA. Cy-5 and Cy-3 are represented in red
and green colors, respectively. In each array, two samples are hybridized one from the class A or R and the
second from the class B or R. cDNA from samples to be hybridized together are differentially labeled one with
cy5 and the other one with cy-3.
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1.3.3.3 The number of replicates in a microarray experiment

Replicates in microarrays are crucial, since they reduce variability and allow a formal statistical anal-

ysis of obtained data [383]. The level (biological or technical) on which replicates are made depends

on the goals of the study [96, 316]. A simple rule of thumb method to assess the efficiency of the num-

ber of replicates in a microarray study is to determine the degree of freedom (df ), which should be

above or equal to 5 [66]. On the basis of the Formula 1.1, Churchill suggested to add more biological

replicates when the variability of the measurement is lower than the variability between individuals

(experimental units) and to add more technical replicates when it is greater. When the biological

variability is large, it is worth pooling samples [66]. For rigorous statistical approach, one should

use the power calculation to determine the number of biological or technical replicates needed in the

experiment [383].

1.3.4 Microarray image acquisition and analysis

Once microarrays are hybridized and scanned, the next step is to analyze the obtained images for spot

recognition, segmentation and extraction of intensities [201]. The goal of microarray image analysis

is to extract spot intensity. This intensity represents an estimator of gene expression level. techniques

used to analyze microarray images aim to extract as much as possible data for genes expressed at the

low level while avoiding the influence of saturated intensities.

Glatigny et al. [134] proposed a general approach for scanning. It consists on averaging two, or

at most three, acquisitions of microarrays scanned at moderate photomultiplier settings, they showed

that this was significantly improving the quality of the data. They provide free software to align and

average obtained images in their web site.

The spot recognition or griding is done either manually or via fully automated softwares and aims

to mark all bad quality spots [27, 48, 52, 130, 133, 387]. The segmentation helps to differentiate

background from foreground intensities, it relays on several algorithms like fixed circle, adaptive

circle, adaptive shape and histogram segmentation [381]. This is a subject of intense research and

new algorithms are developed each year [23, 24, 180]. In a comparison study, Daskalakis et al. [76]

found that Histogram Concavity algorithm was performing better than others, especially in low quality

images.

Background intensity subtraction is done either by using the median or the mean background

intensity of each spot [145] or by using the overall array background intensity or by applying a back-

ground adjustment filter called morphological opening (MO) [381]. At the end of this step, saturated

spots and those with low intensities are filtered or marked to be discarded from any further analysis.

A statistical filter consisting on the elimination of all spots with intensities lower than the background

intensity plus 2 times its variance is recommended [201, 276].

In Affymetrix GeneChip array image acquisition, grid alignment and refinement is aided by

checkerboards, which are squares (4×4 each) of alternating dim and bright probe cells, and are rep-

resented in each corner of the array hybridization surface. Each probe cell is mapped to an array of
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pixels in a resolution of 64 (8 × 8) pixels. Pixels on the perimeter of the probe cell are discarded to

avoid grid misalignment artefact. Then the array of pixels will represent only the center of the probe

cell. From these pixels, the 75th percentile is reported as the equivalent intensity of the probe [19, 44].

Another variant is used in the dChip software: after alignment, the probe cell pixels with high inten-

sities are masked in an iterative process. The set of pixels for which the removal highly reduces the

coeffecient of varitation of the remaining pixels are removed from the pixel array. This pixel array is

used to estimate the probe cell intensity. The remaining pixels should not be below a (4×4) array. The

mean of the selected pixels is reported as the intensity of the corresponding probe [302].

The recorded pixel value, for each probe is stored in 16 bits, which means that for saturated pixels

the intensity will be truncated to fit in the maximum value 65, 536 (= 216). To detect defects in

GeneChip images, a comparison with a reference value is done for each probe. The reference value

could be defined either by the average value from replicates, or from other sources like GEO or using

a single array by an adaptation of z statistics [19].

1.3.5 Normalization of microarray data

After image acquisition and analysis, data are ready to be processed and the obtained intensities are

assumed to represent the expression level of each arrayed gene. This processing is dependent on the

study’s objectives and usually involves normalization of raw data before any downstream analysis

[276].

We will refer in this section to the intensity of a spot (i) by Ri and Gi for its intensities in red

and green channels, respectively; to the number of genes used in the normalization by N ; and to ε as

the error associated to each of the normalization fitted models. ε is assumed to be independent and

identically distributed [163]. In single-dyed microarrays, the red and green could be replaced by two

different arrays.

Microarray normalization, in principle, is similar to the one used in quantitative reverse transcrip-

tion PCR (RT-PCR), where measured expression levels were adjusted relatively to the expression

of one or more reference genes whose levels are constant between samples [276]. The process of

normalization aims to make hybridized genes and microarrays comparable by removing systematic

variations affecting them, such as, dye bias effect [163, 201, 382]. Dye bias is defined as a differ-

ence in intensities attributable to the dye effect instead of gene effect. This bias is hard to eliminate

without appropriate experimental design and normalization and can affect result interpretations as

suggested by a large study from Dobbin et al. [98]. Systematic sources of variation are reported in

both oligonucleotide microarray (Affymetrix GeneChips) and cDNA microarray data [374]. Dudoit

[102] proposed to use the MA-plot, which presents M(= log2(Ri
Gi

)) versus A(= log2(
√

Ri ·Gi)), as

a method to visualize systematic effects in microarray data. If only a small number of genes is dif-

ferentially expressed (log2(Ri
Gi

) ∼ 0, for the majority), it is expected to see a horizontal cloud around

zero [140].

Microarray normalization methods could be divided into global normalization, linear and non-
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linear normalizations [40, 201, 260, 374]. These methods could either use the whole spots in the

genome or a partial set of spots [276]. All of these methods could be modeled by either global linear

models, such as regression models [260] and ANOVA models [185], or linear mixed models [140].

Flowcharts for choosing adequate normalization methods were suggested (Figure 1.5) [140, 260].

The normalization could be done for each chip separately. This is called within-chip normaliza-

tion. Between-chip normalization is performed by taking into account all the chips in the experiment.

Scalarization of microarray data might be required after within-chip normalization for a consequent

comparison among different experimental arrays to adjust for dyes unbalance [116, 276].

1.3.5.1 Set of genes used in normalization

Two types of genes can be used to normalize microarray data: spike-in genes or house keeping genes.

Spike-in mRNA controls are generally from bacterial origin, purified and commercially available.

They are mixed to mRNA samples prior to cDNA synthesis and labeling. The cDNAs of these spike-in

controls are arrayed in the used chip. They are assumed to have no similarity with the studied genome

[116]. House keeping genes are a set of genes that are presumed not to be differentially expressed

between conditions [102]. Normalization using external spike-in controls is shown to perform better

than house keeping genes, because of variability in the expression of the latter [382]. Instead of house

keeping genes and external spike-in controls, Yang et al. proposed the use of microarray sample

pool (MSP), which consist on arraying serial dilutions of pooled ESTs representing all the genes in

the slide [382]. Nevertheless, some authors argued against using a set of predefined genes in the

normalization. They propose to search for invariable genes (rank-invariant) from the expression data

instead [55, 183, 264, 345].

1.3.5.2 Normalization methods used in cDNA microarrays

Global intensity normalization: This method is based on the assumption that there is no depen-

dence between M and A [260, 276, 382]. The normalization factor could be the ratio between the

sum of red intensities over the the sum of green intensities for all the spots in the array or in the nor-

malization gene set. But, in general it is the mean or the median intensity of the normalization gene

set that is used [135, 276].

Linear methods for microarray normalization: The methods included in this category assume a

linear dependence between M and A. This dependence could be detected in MA plots.

Linear regression normalization: The dependence between M and A can be modeled by a

linear regression Equation 1.2 [260]. Both β0 and β1 are determined by least squares estimation

[260].

M = β0 + β1A + ε (1.2)
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Figure 1.5: cDNA microarrays flowchart for choosing a normalization method.
On the basis of MA plot, we can detect a dependence between M (log2(R/G)) and A (log2(

√
RG)). Conse-

quent normalization method could be then chosen according to nature of dependence (linear or non-linear).
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ANOVA models: Kerr et al. [185] proposed ANOVA models adapted to each experimental

design. In their model (Equation 1.3) they considered each spot log intensity (log(y), not the log-

ratio) as a deviation from the overall average (µ) by additive effects of the gene itself (G), array (Ar),

dye (D), treatment (T ) and interactions between gene and array (G×Ar) or treatment (G×T ). They

fitted their model and estimate its parameters using least squares method. Non zero differences of the

G × T values across treatments are considered as reflective of differential expression. In this model,

both normalization and differential gene expression are combined [185].

log(y) = µ + Ar + D + T + G + (Ar ×G) + (T ×G) + ε (1.3)

Wolfinger et al. [373] used a modified form of Kerr’s ANOVA model to propose a normalization

method for the log-ratio intensities, in which they separated the “normalization model” from the “gene

model.” The normalization model, which does not consider the gene and its interaction effects is fitted

to the log-ratio intensities and the residual values are used as input to the gene model in which the

gene× treatment parameter is estimated for each spot and used for differential expression analysis

[373].

Non-linear methods for microarray normalization: In order to detect systematic non-linear ef-

fects, Dudoit et al. [102] introduced the use of MA plots. This non-linear effect could be modeled by

the Equation 1.4, where c(A) is the non-linear function to be estimated [260]. Different algorithms

were proposed to smoothen this M -A dependence, including the most used loess [382] and some

others like, local regression [183] and Qspline [374].

M = c(A) + ε (1.4)

LOESS normalization: Yang et al. proposed a normalization method that can correct the

intensity-dependent dye bias by fitting a local scatter smoother function (loess) to the MA plot [382].

Measured M were then adjusted for each spot according to the fitted loess. The fitting is done either

for the whole chip or for each print-tip (the area covered by the printer tip when gene where spotted)

separately [382]. Loess can also be used in single channel microarrays [105]. Loess normalization

assume equal number of genes to be up- and down-regulated. However, this is not always true and

alternatives have been proposed [357].

1.3.5.3 Normalization methods for Affymetrix GeneChip arrays

Although the methods above could also be adapted to Affymterix gene expression chips, special meth-

ods, which take into account the specificity of the platform were developed. These methods make use

of the Perfect match (PM ) and/or MisMatch (MM ) probes in each probe set. A comparison summary

of the most popular methods in Affymetrix GeneChip arrays are listed in Table 1.3 and developed be-

low [5, 158, 161, 162, 202, 203, 205, 212, 213, 302, 375].
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Table 1.3: Affymetrix GeneChip normalization procedure comparison.
Background Normalization Intensity Multiple

Algorithm correction estimation Array
MAS5 PM −MM Linear Tukey’s Biweight No

RMA

- normal background Quantile Median polish Yes
distribution fitting
- exponential signal
distribution fitting

GC-RMA
MM estimation by GC Quantile Median polish Yes
content probe affinity

Li-Wong
None Invariant set Multiplicative model Yes

fitting

Microarray Affymetrix Suite (MAS) normalization: The MAS5 suite of algorithms was devel-

oped by Affymterix as a replacement for MAS4. The latter was based on intensity estimates that can

yield negative values [158, 161, 375]. In MAS5, Hubbell’s algorithm provides always positive values

for intensities that are assumed to be linear estimates of target cRNA concentrations [158]. Liu’s al-

gorithm provides p-values for absolute “detection calls” (whether a gene is present or absent), as well

as “comparison calls” to detect whether a gene is increasing or decreasing or without any significant

change in a condition compared to another [212]. The detection call utilizes the discrimination scores

and the comparison call uses intensity differences. These p-values are computed using the one-sided

upper-tail Wilcoxon’s signed rank test from PM and MM intensities [212, 213].

In a multiple chip comparison purpose, a scaling factor is applied to each probe set in the array. It

is estimated from the target intensity specified by the user (500 by default) [4]. A weakness of Mas5

is related to its bad performance on multi-chip comparison. Affymetrix proposed PLIER algorithm,

which is more adapted to between-chip normalization[5].

The development of alternative algorithms is motivated by: (i) the use of MM subtraction from

PM intensities as background adjustment; (ii) the variance for probe sets with low intensities is much

larger than for probe-sets with large intensities [375].

Model-Based Expression Index (MBEI) normalization: Li and Wong [202, 203] proposed a gen-

eral model to better estimate PM and MM intensities. Their model (Equation 1.6) considers that

PM and MM difference in array i, probe j of a given probe set is the product of the gene expres-

sion index (θi) and the probe-sensitivity index (φj) plus random error (ε). Least square estimates

for the parameters are carried out by iteratively fitting the set of θs and φs, keeping the other set as

known [202]. The normalization process is based on intensity values of “invariant set” of genes across

multiple arrays. This “invariant set” is identified through an iterative ranking procedure [203]. This

procedure is implemented in dChip software [302].
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Robust Multi-array Average (RMA) normalization: RMA assumes that the real PM intensity is

an addition of the true signal and a background signal. RMA starts by background-correcting intensi-

ties assuming that the background signal follows a normal distribution and that the signal follows an

exponential distribution. Then, RMA normalizes the arrays using quantile normalization. Then, for

each probe set RMA fits a linear model (Equation 1.5, where α represent the probe affinity effect and

ε the error and µ the log-scaled expression level) to the background-corrected, normalized and log2

transformed probe intensities. RMA uses a robust procedure, median polish, to estimate the model

parameters and consider the estimate of µ in the model (Equation 1.5) as the log scale measure of ex-

pression. The MM intensities are not used in this procedure [161], which makes RMA more precise

(excellent correlation between replicates) but less accurate (the measured signal may not perfectly re-

flect the true RNA concentration) due to the inappropriate adjustment for the presence of nonspecific

hybridization (case where MM ≥ PM ) [162, 375].

Yijn = µijn + αjn + εijn (1.5)

GC content Robust Multi-array Average (GC-RMA) normalization: This algorithm is a varia-

tion of RMA that uses a different approach for background estimation. GC-RMA uses subsets of MM

probes with the same G-C content as a population that can be considered in background correction for

all subsets of PM probes having the same G-C content. Thus, the distribution of background noise

could be estimated from observed intensities of probes with similar G-C content. Using the logarithm

transformation, this distribution is considered as normal. Estimation of the background noise distribu-

tion parameters (mean and standard deviation) is performed either by maximum likelyhood estimate

or Bayesian estimate [375].

yij = PMij −MMij = θiφj + εij (1.6)

1.3.6 Statistical analysis of gene expression microarrays

When expression data from a microarray experiment are normalized, they are ready to be processed

depending on the initial study objectives in order to predict significant biological outcomes concerning

regulated genes. As stated before, microarray study purposes can be distinguished in three categories:

(i) class comparison; (ii) class prediction; (iii) class discovery. A class refers to any characteristic

shared by one group of samples but not other samples: e.g, cancer versus normal tissue, metastatic

versus primary tumor, responders to treatment versus nonresponders. A “known class” is any class

that a researcher can distinguish using any differentiating feature [266]. Many of the methods cited in

this section are implemented in the widely used open source softwares TM4 [297] and R/Bioconductor

[283].
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1.3.6.1 Statistical methods for class comparison

Methods used in this category assume that the classes to be compared are known and the investigation

concerns the differences at the gene expression level [266]. Their goal is to detect differentially

expressed (DE) or differentially co-expressed genes (DC) between compared classes.

Genes are DE if their mean expressions are significantly different between compared classes and

they are DC if their correlation changes between compared conditions [62]. Traditionally, DE genes

are inferred by a fixed threshold cut off method (i.e. a two-fold increase or decrease) [201]. More

relevent statistical methods such as Student’s t-test, ANOVA or Mann-Whitney test, can be used to

rank the genes from replicated conditions according to the rejection or the acceptation of the null hy-

pothesis, which considers the mean expression of a gene being equal between classes [10, 72, 97]. T-

test and ANOVA assume the normality of the data, Mann-Whitney and other non parametric statistics

are used as alternatives to this assumption. For time-series microarray, regression methods, Bayesian

methods and meta-analysis strategies were proposed [16, 17, 21, 69, 211, 329]. To unravel DC genes,

procedures were developed based on identifying groups of genes where pairwise correlations are

necessarily high in at least one condition. Examples of these methods include differential clustering

algorithm (DCA), DC scoring algorithm and coXpress algorithm [159, 192, 363]. Most of these

methods begin by identifying co-expressed genes within a condition followed by a comparison to

other conditions, but they could also integrate prior information, such as, groups of genes sharing

common function [62].

Setting a cut-off to find genes differentially expressed is statistically challenging due to the balance

between the false positives (Type I error) and the false negatives (Type II error) [201]. Furthermore,

the number of genes to test generate a multiple hypothesis-testing problem as false positives increase

with the number of performed tests [286]. To tackle this issue, many procedures were suggested, such

as family-wise error rate (FWER) control and False Discovery Rate (FDR) control. The FWER is the

probability of having at least one false positive among all testing hypotheses, it is controlled classically

by the Bonferroni method that correct the p-values by the number of performed tests. However, this

approach can be too stringent and limits the power to identify significantly differentially expressed

genes [201]. FDR, which is the expected proportion of false positives is often more appropriate [286].

Methods to achieve this aim were described and adapted, such as, FDR controlling procedure by

Benjamini and Hochberg [36, 286] and the q-value by Storey and Tibshirani [324]. By incorporating

the concept of FDR, many procedures were implemented based on modified t-test to set gene selection

cut-off. Such programs include Significance Analysis of Microarrays (SAM) and Ranking Analysis

of Microarray data (RAM). SAM uses permutations of the repeated measurements to estimate the

FDR [346], and RAM is based on a “randomly splitting” approach instead of a permutation approach

[333].
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1.3.6.2 Statistical methods for class discovery

In this category, no a priori knowledge of the investigated classes is assumed. Class discovery at-

tempts to discover new sub-classes where the actual classification needs more definition [266]. The

methods used in this category are called unsupervised, they cluster samples (or genes) depending only

on their global gene (or sample) expression [266, 275]. These unsupervised methods will find the

predominant relationship between genes or samples, which may not be biologically relevent [266].

Clustering techniques could be either “divisive” or “agglomerative.” A divisive method begins

with all elements considered as one cluster and broke it down gradually into smaller groups. On the

other hand, agglomerative techniques begin with single-member clusters and gradually associate them

together [275]. The “closest” genes or samples are grouped together in a cluster. Approximation of

the distance between two genes or two experiments is calculated via multiple distance methods.

There is often a need for data dimensionality reduction before any clustering. Some commonly

used methods in this purpose as well as for clustering include principal component analysis (PCA)

[201, 282]. PCA is a statistical technique for determining the key variables in a multidimensional

data set that explain the differences in the observations, and can be used to simplify the analysis and

visualization of microarray data sets [281, 282].

Hierachical clustering, K-means and self organizing maps (SOMs) are exemples for clustering

methods [106, 201, 275]. Hierarchical clustering is an agglomerative method and produces intuitive

visual dendrograms [106]. K-means assume that the number of clusters is known in advance, and

assign each individual (gene or sample) to a cluster if its distance is close to the average distance of

that cluster. SOM is a divisive approach based on neural networks [275]. SOM starts with defined

number of clusters and defined geometric configuration of reference vectors, which are generated

randomly in a training step. Then, individuals are assigned to clusters on the basis of the similarity of

their expression vectors to the reference vectors that are adjusted iteratively according to the assigned

individual expression vector [275].

It remains difficult to statistically determine the number of clusters needed by some algorithms

such as SOMs and K-means [386]. Although methods were proposed to deal with this issue [342,

386]. The quality and stability of discovered clusters is assessed by resampling techniques with re-

placement such as bootstrapping [39] or without replacement such as jackknife [386]. These resam-

pling techniques could be incorporated in multiple clustering runs to derive a clustering consensus

[239].

1.3.6.3 Statistical methods for class prediction

Since its successful application in cancer microarray gene expression data by Golub et al., class pre-

diction is widely used in cancer diagnosis and toxicology [135, 277]. Class prediction methods are

known as supervised methods. They are based on a “predictor,” which is a gene expression-based

multivariate mathematical function [266].

A predictor is build upon feature selection output methods, which identify genes differentially
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regulated between compared classes. Numerous feature selection methods have been applied to build

predictors, as well as in class comparison, including SAM, ANOVA, empirical Bayes t-statistic, tem-

plate matching, maxT, between group analysis (BGA), area under the receiver operating characteristic

(ROC) curve, the Welch t-statistic, fold change and rank products [167].

Once feature selection is performed, the predictor is “trained” on the identified group of genes to

distinguish between compared classes, then it is “tested” on new unknown samples. A good predictor

has to be able to assign new unkown samples into the correct class [266, 277]. To achieve this objec-

tive, a myriad of algorithms have been described in literature, including k-nearest neighbors (kNN)

[135], support vector machines (SVM) [50], nearest shrunken centroids in PAM algorithm [340, 341]

and neural networks (NNs) [13, 37, 108, 287].

A common method used for estimating classification error rates is cross-validation. In cross-

validation, some observations are hold out from the data set before building the predictor, which will

be tested to the held-out observations [49]. When only one observation is hold out for testing, the

cross-validation is called “leave-one-out”. The choice of feature selection method, the number of

genes in the gene list, the number of samples and the noise in the dataset, substantially influence

classification error rate [167].

Supervised methods suffer from two major limitations: “over-fitting” and “bias selection.” Over-

fitting designates the fact that a predictor performs better in the samples from which it was “trained”

in comparison to independent ones [266]. Bias selection is relative to the use of the whole data set in

the feature selection before splitting it into training and test sets [12]. Due to these limitations, class

prediction methods need careful validation that should be performed by dividing the data into distinct

“training set” and “test set” clearly independent from each other [266]. To correct for selection bias, it

is essential that cross-validation be used external to the gene-selection process [12]. Another limitation

concerning cancer classification, is the integration of mis-diagnosticated samples in the “training set,”

which is inevitable since current diagnostic tests are neither perfectly sensitive nor specific [266].

1.3.7 Perspectives on gene expression measuring : RNA-Seq

The classical gene expression microarrays can miss unknown transcripts and splice-junction informa-

tion. Tiling and exon arrays were developed to circumvent these drawbacks. However, they still rely

on the hybridization process and use an indirect measurement of the RNA abundance [224, 327]. As

an alternative to microarrays, Expressed Sequence Tags (EST) and Serial Analysis of Gene Expres-

sion (SAGE) directly measure the number of RNA molecules by counting a short sequenced portion

of the mRNA (tag) as an indication of gene expression. However, these techniques require tremen-

dous experimental effort and are subject to cloning bias. In addition, SAGE is not informative about

splice-junction events [222, 327].
Deep sequencing, also known as next generation sequencing (NGS), has been recently developed

and present a number of advantages compared to gene expression microarray. This method allows the

sequencing of minute amounts of DNA in a high throughput manner. The primary application of NGS
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was to count genomic DNA abundance. Recently, it has been successfully applied to transcriptomics

by adapting the genomic DNA sequencing protocols to RNA [224, 368].
The workflow of a typical RNA-Seq experiment can be summarizes as follows [222, 344, 360]: (i)

messenger RNA isolation from the sample; (ii) reverse transcription of mRNA to cDNA; (iii) cDNA

fragmentation and production of sequencing libraries with adaptors that will be able to identify each

fragment separately; (iv) run parallel sequencing of all these fragments; (v) base signal pre-process-

ing and quality control; (vi) mapping of reads to the reference genome and calculation of the RNA

expression from the mapping.

RNA-Seq read lengths depend on platforms and range from 30-100 bp from Illumina and SOLiD

to 200-500 bp for FLX [222]. The count of the mapped reads to each gene is indicative about its

expression level [222, 223, 360, 368].
The major technical issues raised by this technique are: (i) the cDNA library may be biased; (ii) it

requires huge computer resources and (iii) sequencing errors are particularly challenging, as they are

difficult to distinguish from polymorphisms. Costs are going down but equipment remains expensive

[89, 223, 360, 369].
In order to find differentially expressed genes between two conditions, the RNA-Seq expression

levels are normalized. RPKM procedure computes the number of reads for each gene divided by its

length and by the number of total reads [242]. Other methods fit Poisson distribution model to the read

counts per gene to derive the expression levels [170, 224]. Normalized results can then be analyzed

using the methods developed for microarrays, such as SAM [358].
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1.4 Functional data mining in gene expression

The list of genes identified as relevent by one of the methods developped above needs to be consid-

ered in its biological context in order to clearly understand the way their products are involved in

the studied process. Bioinformatics offers a considerable choice of methods to achieve this purpose

by comparing the data with knowledge-based databases, including gene function, metabolic and sig-

nalling pathways, regulatory elements, protein domains, protein-protein interactions, chromosomal

location, genetic mapping disease, structure activity relationship, dose response curves and pheno-

typic or clinical information [277].

1.4.1 Gene function, metabolic and signalling pathway mining

The Gene ontology (GO) database is widely used in gene functional mining. It consists on a collection

of genes with their respective published functional annotations, which are organized in three levels,

each of them has a hierarchical structure. The three top levels are: (i) Molecular Function (MF),

which is the activity of the corresponding genes; (ii) Biological Process (BP), which groups series of

events accomplished by one or more MF; Cellular Component (CC), which describes the anatomical

structure of the cell where the gene product can be localized [256].

Beyond GO, There is a large collection of metabolic and signalling pathway data maintained from

the literature and freely available to the research community. Such collection is present in KEGG

database [175], GeneMapp pathways [128], PantherDB pathways [338] and Biocarta pathways [41].

These databases usually map each gene to the corresponding pathway. They contain only a small

fraction of the wealth of data available in the literature.

An increasing number of tools were developped to mine these biological information and find

functional enrichment in a significant list of genes generated by microarrays. They are based mainly

on Fisher’s test, χ2 and hypergeometric distribution tests. They compare submitted gene lists (query

list) with the reference list catalogues (GO, pathways) and generate enrichment p-values with multiple

testing corrections (FDR, FWER, . . . ). Examples of such tools include the GO-specialized softs:

GoMiner [117], GOstat [34] and FatiGO [8]. More general tools that combine GO and pathways

among other biological information mining, include the popular DAVID web tool [88].

The statistical tests used by these tools have two major limitations: (i) they use only gene counts

in the overlap between the query and the reference lists and cannot directly integrate gene expression

intensities; (ii) they depend largely on the number of genes identified as significantly regulated be-

tween studied conditions [45, 262]. Therefore, alternative approaches were developed to circumvent

these limits. Gene Set Enrichment Analysis (GSEA), for instance, has the particularity to mine against

other published microarray gene sets in addition to other biological information [325]. The pre-ranked

GSEA algorithm encompasses the first limit by taking as input a top ranked list of gene with their ex-

pression intensities. The ranking of such list could be done using different metrics, such as signal to

noise ratio between sample classes. The algorithm seeks for enrichment of gene sets in the top and

the bottom of the ranked list. GSEA computes a Kolmogorov-Smirnov score, which is assessed by
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the comparison to scores obtained with random permuted gene sets [238]. However, this approach

has the limitation of using pre-determined gene lists. The use of the whole expression data for data

mining instead of pre-selected lists is shown to be more robust. In this approach, all the genes of the

functional category are used to build the enrichment score rather than missing some genes because

of the used cut-off [262]. Tools that are built on this approach were developped, such as T-profiler,

which uses t-test to compare the mean expression of functional gene set with the mean expression of

the rest of the genes in the whole microarray data [45]. GSEA algorithm was also adapted to use the

rank of the whole expression data set [325].

1.4.2 Transcription factor and regulatory network mining

As transcription factors (TFs) are the master regulators of gene expression, a functional analysis often

starts with the identification of the TF involved in a given model system.

Some TFs bind to either one or multiple Transcription Factor Binding Sites (TFBS) in a gene

promoter, others do not bind directly to DNA and need adaptors (co-factors). TFBS could be palin-

dromic, which means that the motif is the same as its reverse complement, or spaced dyad, which

describes a TFBS organized in two closed motifs that are separated by any other DNA sequence [75].

Databases of TFs and their target genes with the experimentally proved corresponding binding

sites are also available, such as JASPAR [299], public TRANSFAC [372], TRRD [181], ORegAnno

[237], PAZAR [272], TRED [390] and NFIRegulomeDB [249]. In contrast to biological information,

transcription factor mining in gene expression data do not use a direct comparison to these databases.

Instead, TF enrichment is done with in silico derived TF-gene regulations as used in GSEA and

Babelomics for instance [9, 325].

Two types of In silico identification of regulatory elements in gene promoters can be distinguished,

depending on the objectives to be achieved. Pattern matching, aims to find TFBS in DNA sequences

for a given TF, knowing that this TF can bind to a DNA consensus sequence. On the other hand,

pattern discovery is the process by which frequently occurating DNA motifs are discovered from a

set of co-expressed gene promoters. This is build in the assumption that these more frequent motifs

could be linked to biologically relevent TFBS [75].

Pattern matching: Pattern matching is done in two steps: (i) build TFBS motif consensus from

published regulated promoters; (ii) use this consensus to scan new promoters for putative TFBS. Con-

sensus motifs are defined such as they represent all of the known TFBS for a given TF. There are many

different methods to define the consensus motif with the great majority of them not performing well

[78]. Beyond a simple consensus motif, Position Weight Matrices (PWMs) were proposed to scan

gene promoters [226]. For each TF, a Position Frequency Matrix (PFM) is built by aligning known

promoters and counting the frequency of each base in a given position. PWM is derived from the log-

arithmic transformation of PFM after dividing the nucleotide frequency in each position by its random

frequency, which is built from random sequence references [67]. Since promoter alignment is used to
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calculate the nucleotide frequencies and a limited number of known promoter sequences are available

for TFs, there is a risk to miss one of the four nucleotides in a given position. This is an obvious

problem when doing the logarithm transformation to build the PWM for such unobserved nucleotide.

Therefore, the notion of pseudo-counts is introduced to fix this constraint. Pseudo-counts correct the

calculation of the nucleotide frequency to avoid obtaining null values for unobserved bases. Depend-

ing on which approach is used, pseudo-counts could be considered as equal for all the nucleotides,

or dependent on the nucleotide background frequency, or dependent on nucleotide substitution ma-

trices [67]. By comparing the real PFM and pseudo-counts corrected PFM, Nishidia et al. recently

proposed a guidance to choose pseudo-counts [250]. When scanning a new promoter sequence using

PWM, an aggregate score is computed, which is the sum of the weights of the aligned nucleotides

given their respective positions [67]. To be biologically significant, a TFBS found by PWM gene

promoter scanning needs to have a higher score with a low probability to find such a score by chance.

This probability depends on the target sequence length and its nucleotide composition. Using the

probabilty density of random scores, which are observed from random sequences, can help to fix a

statistically significant score threshold above which matched TFBS are significant [67]. As TF can

bind to less specific sequences (degenerate), the built PWMs could be less specific, which results in a

high false-positive TFBS discovery rate. Thus, the use of multiple PWMs instead of one is proposed

[141]. In addition, some TFs are shown to act in a modular way to activate transcription, which means

that they are clustered together near the promoter. These modules need special approach to be discov-

ered, including PWMs combined to phylogeny conservation and machine learning techniques, such as

logistic regression [362]. It is also known that TF binding to DNA is context-specific. It depends on

limiting factors, such as DNA bending, the accessibility of the binding site, or the positive or negative

effects of neighboring TFBSs. To control this, Huang et al. proposed a Markov background model

[155].

Pattern discovery: The basis of pattern discovery is to start from a set of promoters presumed

to contain common unknown regulatory elements. It is usually the situation where promoters for

known co-expressed genes are aligned to derive ab initio consensus motifs or PWMs and use them

back to perform pattern matching on these promoters for elucidating their localizations [339]. Pattern

discovery methods could be classified in two categories: (i) string (motif) counting based methods;

(ii) probabilistic model based methods [75].

Although tools cited in the gene function mining can be applied to search for enrichment in any

kind of annotated data as stated above, there are many tools specialized only in TFBS mining. The

major common point between them is their relying on in silico predictions of regulations by gene

promoter scanning, either pre-compiled or computed ad hoc using TRANSFAC PWMs and JASPAR

profiles. Their differences are mainly in the implemented background filtering methods [80, 148, 200,

210, 318, 326].
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1.4.2.1 Regulatory networks

The classical analysis of regulated genes, such as GO, do not provide informations about how these

genes globally interact [277, 365]. Building associations between regulated genes can provide a global

view for the mechanistic interactions invloving these genes. These associations are inferred from

expression data. The result of such analysis is a co-expressed gene network that has the advantage

to be built for the specific studied biological condition and not derived from pre-compiled networks

from the literature [365]. Attempts to build such networks are described recently in the literature and

it is a field of intense research.

The problem of network construction from microarray expression data could be summarized as

follows: considering a set of nodes (genes) in the represented graph (network) and a set of observations

of these nodes (expression data), find a set of edges (arrows in the network: link between genes) that

could link the nodes together. Edges are based on known associations between genes. Therefore,

the network is just a graphical representation of the solution, although graphs can be used also for

the elaboration of this solution using graph theory approach [225]. The start is to find genes with

high similarity according to their expression. This similarity is measured by the correlation, which is

based on the linear assumption of the similarity between genes, but non linear assumption could also

be addressed using machine learning [221] or probabilistic methods based on prior information [95].

The built networks need to be assessed to be significantly different from random networks that will be

found just by chance. The inferred network cannot at this stage inform about the real dependencies

from observed gene-to-gene relationship. To be informative about dependencies, either perturbation

experiments should be made and see their influence on the network or try to infer the dependencies

from the network based on conditional independence methods [225]. Many tools exists allowing the

construction of such networks, including the recent user interactive tool Miner [172].

An intersting application of the co-expressed gene networks is to associate TF to genes and derive

a regulatory network. In this line, some studies associate TFBS enrichment with clusters in the co-

expressed gene network and thus add the TF as a node to the graph where relationships between this

node to the gene nodes represent inferred putative regulations [351]. Attempt to construct regulatory

networks from gene expression clustering coupled to promoter clustering, which is inferred from

TFBS enrichment, was also reported [354]. In another approach, Segal et al. tried to model the

TF occupancy on gene promoters and predict expression rate, which is compared to the observed

expression and then to infer the most probable TF binding configuration in the set of input gene

promoters [305]. Literature and functional mining could also be used as a guidance for gene clustering

and TF association to grouped genes [307].

Recent efforts were made to improve in silico TF-gene regulation inference, but many pitfalls

can still be enumerated, including: (i) the high background they generate, especially in mammalian

genomes where intergenic regions are long, leading to high probabilities to find regulatory elements,

which are usually short-sized [298]; (ii) they rely on alignment of known promoters for a given species

or their orthologues, when performing phylogenetic conservation, so they prone to error in misaligne-
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ment [136]; (iii) They rely on clusters of co-expressed genes, thus mis-clustering could be a problem;

(iv) TFs that do not bind directly to DNA could not be discovered; (v) Epigenetics and DNA accessi-

bility.

The most important factors affecting in silico TFBS identification is the input promoter sequences.

Identification of the promoter region and its sequence length is not trivial. Computational methods

were developped for this task guided by inter-species promoter conservation and promoter signal

(e,g. TATA-box) identification [28]. However, the complexity of this task increases with the size of

genomes. In the high organisms, such as mammals, the promoter is spread in nearby sequences. In ad-

dition, the modularity of some TFs, which act in clusters complicate the task of promoter delimitation

[177]. Moreover, in mammalian genomes, transcription was shown to be context-specific depen-

dent on the epigenetic modifications and driven by alternative transcription start sites [77, 263]. The

high-throuput identification of nuclease hypersensitive sites, transcription start sites and nucleosome

binding sites are used as experimental approaches to better define promoter localization [47, 70, 306].

Nowadays, the general tendency is to integrate data from diverse sources with the gene expres-

sion data, such ChIP-ChIP, ChIP-seq, protein-protein interactions and chromatin structure. This kind

of approach produces a more complete understanding of the biological response of a cell, organ, or

individual to a particular stimulus [277, 328]. In a recent successful example, FANTOM consortium

proceeds by sequencing transcription start sites (TSS) in time course experiments on human mono-

cytic cell line THP-1 and mapped these TSS to the genome, then the regions around these TSS in the

gene promoters were analysed for TFBS enrichment combining PWMs with phylogeny conservation.

The over-represented TFs were linked to genes according to their expression. In that way, they could

infer TF activity based on compared conditions in a microarray data set. Their algorithm is called

MARA and it is freely available [70]. However, much more development is needed to build robust

and acurate TF regulatory networks.
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CHAPTER 2

OBJECTIVES

The main objective is to develop a tool to predict TF regulation from microarray experiments, and to

apply it on a biological system that is much studied in the laboratory: the stimulation of cell prolifer-

ation by growth factors such as PDGF.

The aims of the present work are the following:

• Understand how PDGF regulates transcription factors (TF) and genes. We will perform microar-

ray experiments to study gene expression regulation by PDGF in primary fibroblasts as well as

gene expression induced by constitutive active forms of PDGFR hybrid proteins in cancer cell

lines. We will also compare the effects of PDGF with other growth factors such as FGF.

• Develop a computational approach that will be able to assign TF regulation and activation sta-

tus starting from gene expression data. In contrast to the existing methods, our approach will be

based on comparing lists of microarray regulated genes to the experimentally well-established

TF-gene regulations. This would enable us to detect the TF regulated by PDGF.

• Confirm experimentally some of the findings and link the TFs regulated by PDGF to their up-

stream signalling pathways.
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CHAPTER 3

RESULTS

3.1 Transcription factor regulation can be accurately predicted from the presence of
target gene signatures in microarray gene expression data1

3.1.1 Abstract

Deciphering transcription factor networks from microarray data remains difficult. This study presents

a simple method to infer the regulation of transcription factors from microarray data based on well-

characterized target genes. We generated a catalogue containing 343 transcription factors associated

with 2, 720 target genes and 6, 401 experimentally validated regulations. When it was available, a

distinction between transcriptional activation and inhibition was included for each regulation. Next,

we built a tool (www.tfacts.org) that compares submitted gene lists with target genes in the cat-

alogue to detect regulated transcription factors. TFactS was validated with published lists of regulated

genes in various models and compared to tools based on in silico promoter analysis. We next an-

alyzed the NCI60 cancer microarray dataset and showed the regulation of SOX10, MITF and JUN

in melanomas. We then performed microarray experiments comparing gene expression response of

human fibroblasts stimulated by different growth factors. TFactS predicted the specific activation of

STAT factors by PDGF-BB, which was confirmed experimentally. Our results show that the expres-

sion levels of transcription factor target genes constitute a robust signature for transcription factor

regulation, and can be efficiently used for microarray data mining.

3.1.2 Introduction

Data mining in gene lists generated by microarray experiments remains a major challenge. A partic-

ularly intricate issue is to identify the regulatory network responsible for gene regulation in a given

biological system. Several tools like GSEA offer the possibility to search for enriched transcrip-

tion factor (TF) targets in lists of co-expressed genes [80, 148, 153, 210, 325]. They mostly use

pre-computed putative cis-regulatory elements predicted in gene promoters and compare their re-

sults to the submitted gene lists. A drawback of binding site prediction is the high level of noise
1Essaghir A, Toffalini F, Knoops L, Kallin A, van Helden J, Demoulin JB; Nucleic Acids Research; 2010; In Press
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when it is applied to mammalian genomes [298]. Several improvements have been proposed, such as

context-sensitive promoter analysis and promoter clustering based on microarray co-expressed genes

[70, 107, 208, 317, 354, 365].

We and others have observed that the activation of TFs like SREBP1 [84, 174] and p53 [188] can

easily be detected in microarray gene lists based on the fact that the expression of their target genes is

changed. It is however not clear as to whether this approach is valid for other TFs.

The aim of this work was to test whether a catalogue of well-characterized TF targets can be used

to predict the activity of transcription factors in various biological systems, based on microarray data.

As a model system to test this method, we studied gene regulation by growth factor receptors

in normal and leukemia cells. Growth factors, such as Platelet-Derived Growth Factor (PDGF) and

Fibroblast Growth Factor (FGF), are key regulators of cell proliferation, differentiation and survival.

They exert these effects through specific tyrosine kinase receptors, which activate signalling pathways

that ultimately regulate transcription factors and gene expression. Previous reports using expression

microarrays suggested that growth factors regulate gene sets involved in wound healing [138], fatty

acid and cholesterol synthesis [84, 174], cell division and differentiation [83]. Various tyrosine kinase

receptors are thought to induce overlapping gene expression, suggesting that growth factors activate a

common transcriptional program associated with cell growth [115].

3.1.3 Materials and methods

3.1.3.1 Data

To build a database linking TFs to their target genes, we started with lists of genes obtained from

curated TRED [390], TRRD [181], PAZAR [273] and NFIregulomeDB databases, and completed

some of these factor-gene lists with the regulation type (“up” or “down”) based on the original pub-

lications. SREBP and p53 target gene signatures were based on our previous reports [84, 188] and

were completed by data from TRED. The FOXO1, FOXO3, TCF/β-Catenin, GLI, ID, AR, GR, LXR,

NOTCH/RBP-J, PPARα, ATF6, HNF, SF1 and STAT transcription factors gene target lists were col-

lected from published papers. On the basis of these data, we built two catalogues: The “sign-sensitive”

catalogue that takes into account the sign of the regulation (“up” or “down”) and the “sign-less” cat-

alogue that neglects this information (see Figure 3.1 and supplementary file 1 for catalogues and

references).

3.1.3.2 Statistics

The number of target genes for a particular TF in the query gene lists and in the catalogue are compared

using right-sided Fisher’s test. Three different hypotheses are tested for each TF. These hypotheses

are respectively : activation and inhibition (using sign-sensitive catalogue), and regulation (using sign-

less catalogue). For each hypothesis we compute the p-value (Pval), e-value (Eval), q-value (Qval),

False Discovery Rate control (FDRc), as well as a non-parametric Random Control (RC).
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The p-value is computed according to the hypergeometric Formula 3.1, where m is the number of

target genes annotated for the TF under consideration, n the number of query genes, N the number of

regulations in the catalogue (sign-less or sign-sensitive) and k varies with the tests as follows.

• sign-less regulation: k is the number of query genes that are annotated as regulated by TF (i.e.

the intersection between the query and the TF signature);

• sign-sensitive activation: k is the number of query genes for which the sign of the transcriptional

response (+ for up-regulated, − for down-regulated) is the same as the sign of their regulation

by TF (+ for activation, − for repression);

• sign-sensitive inhibition: k is the number of query genes for which the sign of the transcriptional

response is the opposite of the sign of their regulation by TF.

Pval =
i=n∑
i=k

(
m
i

)(
N−m
n−i

)(
N
n

) (3.1)

The nominal p-value (Pval) represents the risk of false positive for a single test. Since the list

of query genes is systematically compared to each target gene signature, a multi-testing condition is

required. The Eval represents the expected number of false positives for a given nominal p-value. It

is computed using the Formula 3.2, , where T is the number of tests.

Eval = Pval · T (3.2)

The q-value (Qval), which is an estimate of the False Discovery Rate (FDR), i.e. the fraction

of predictions expected to be false (false predictions / all predictions) for a given level of nominal

p-value, is computed using the R package from Storey et al. [324].

The Benjamini-Hochberg procedure to control the FDR is implemented as described in Benjamini

et al. [36].

To evaluate empirically the probability to select a TF by chance, we run Fisher’s tests with random

gene selections. The program computes the “random control” (RC) as stated in the Formula 3.3,

where λ is a user-specified threshold on Eval (λ = 0.05 by default), N is the number of repetitions to

perform (N = 100 by default), and N(EvalTF ≤ λ) is the number of random simulations returning

an Eval ≤ λ.

RCTF =
N(EvalTF ≤ λ)

N
· 100 (3.3)

3.1.3.3 Implementation and availability

The tool is available via a Web page www.tfacts.org. It is implemented in HTML, JavaScript,

PHP, R and Perl, the catalogue of TF signatures is stored and maintained under MySQL.
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3.1.3.4 Validation/comparison

NCI60 dataset [311] was retrieved from cellMiner web site. In the e-value matrix constructed from

NCI60 dataset analysis, prior to the -log10 transformation, we arbitrarily set all the null e-values to

1.00e−4, and put the non detected TFs e-values to the matrix maximum value.

Tools that can detect TF binding sites over-representation in a set of co-expressed gene promoters

are compared here with TFactS (sign-less catalogue). Results are sumarized in Table 2.

The GseaPreRanked tool of GSEA (v2 GUI version) was run using the motif gene sets:

“c3.all.v2.5.symbols.gmt” or TFactS sign-less catalogue. The parameters used with GSEA are as

follows:

xtools.gsea.GseaPreranked, with plot top x = 10, norm = meandiv, scoring scheme = weighted, make

sets = true, mode = Max probe, gmx = c3.all.v2.5. symbols .gmt, set min = 2, nperm = 1000, rnd seed

= timestamp and set max = 500. Output ranking in GSEA is based on FWER p-value. Outputs from

GSEA are considered here as significant when having the nominal p-value ≤ 0.05. The minimum

rank from either positive or negative output lists is considered in ranking comparison with other tools.

TFM-Explorer web server from http://bioinfo.lifl.fr/TFME/ was run using both

TRANSFAC and JASPAR vertebrate matrices on upstream promoter sequences for each gene located

from -2000 to 0 with a ratio (density of clusters) of 2.5. Input gene sets were based on refSeq names.

Significant TF binding sites were those with p-value ≤ 0.05. The minimum rank based on p-value is

considered for a given TF in the comparison with other tools.

CORE TF web server was fed with 2, 000bp sequences upstream each gene first exon. The ex-

traction of these sequences was done using Biomart web service (http://www.biomart.org/

biomart/martview/). The random set generation was specified to be from Ensembl using 200

human gene promoters with the same base pair length upstream as the input promoters. The match

cut-off selection was done with “Min False Sum” and significant TF binding sites were those with

p-value≤ 0.05 from the output list without processing for evolution conservation. The minimum rank

based on p-value ranking is considered for a given TF when comparing with other tools.

oPOSSUM web server version 2 was run by selecting the following inputs: Human as “Species”,

HUGO gene names for each set of co-expressed genes, vertebrates as “JASPAR core profiles”, top

10% of conserved regions (min. conservation 70%) as the “Level of conservation”, 80% as “Matrix

match threshold” and 2000/0 as the “Amount of upstream / downstream sequence”. Profiles with

Fisher-Score ≤ 0.05 were considered as significant. The minimum rank based on Fisher-score is

considered for a given TF for the comparison with other tools.

CRSD Genome-wide Iterative Enrichment Analysis web server from http://140.120.213.

10:8080/crsd/ was used with default values. And refSeq gene names were given as input. Sig-

nificant TF binding sites were chosen based on 0.05 p-value threshold. The minimum rank based on

p-value is considered for a given TF for the comparison with other tools.

For all these tools, the output lists that were chosen in this study were restricted to maximum 100

TFs if the generated significant lists contains more than 100 TFs.
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3.1.3.5 Cell cultures and microarray analysis

Human fibroblasts (AG01518) were cultured (1.5·106 cells/10 cm dish) in MEM (with fetal calf serum

10% and L-Glutamine) for 24h. Cells were starved for 24h in MEM (0.05% BSA and L-Glutamine)

and then stimulated for another 24h or 1h by PDGF-BB (25ng/ml) or b-FGF (10ng/ml) in the presence

of heparin (50µg/ml). The control condition was left without stimulation in the starvation medium for

48h.

The human fibroblast microarray experiment was done in two biological replicates. RNA extrac-

tion was performed using RNeasy (Qiagen). RNA quality was tested in agarose gel electrophoresis

and by real-time PCR for two known PDGF-BB target genes: NR4A1 (after 1h) and SCD (after 24h)

compared to a control gene RPLPO [84]. The human Affymetrix chip HGU133A2 was used as de-

scribed [111, 199]. Results from Affymetrix chips were analyzed using the GCOS suite software, and

in each replicate the stimulated conditions were normalized using the control condition as baseline

for the comparison. The MAS5 algorithm in GCOS was used as follows: the scaling factor using all

probe sets was set to 100 and the normalize factor was set to 1. Using MeV [297], the Significant

Analysis of Microarray (SAM) algorithm was applied to detect the most significant probe sets differ-

entially expressed between the four conditions normalized to the control condition (b-FGF stimulated

after 1h, b-FGF stimulated after 24h, PDGF-BB stimulated after 1h and PDGF-BB stimulated after

24h), with 6.73 as the median number of falsely significant genes (a False discovery rate of 5.85%)

and a delta value equal to 1.01. The hierarchical analysis of these probe sets and the samples was

done using the Euclidian distance and the average linkage clustering. Fold change analysis was done

between each condition and the control after the absent calls filtering and taking only probe sets that

are marked by GCOS software as Increased or Decreased having the mean log2-ratio absolute value

of the two replicates greater or equal to 1.

EOL1 (human acute myeloid eosinophilic leukemia cell line [71]) were purchased from DSMZ

(ACC386, Germany). Cells were maintained in RPMI medium with 10% fetal bovine serum (FBS)

and supplemented with penicillin-streptomycin solution (Sigma). Cells were treated with 100 nM

imatinib mesylate for 4 hours and then washed once in ice-cold PBS before being used for further

experiments. RNA extraction was done as above from 5·106 cells and the human Affymetrix Chip

U133 Plus 2.0 was used according to manufacturer’s instruction (Affymetrix). GCOS was used with

the same parameters as above with the imatinib-treated condition as baseline. Lists of regulated genes

used here were obtained by applying a 3-fold expression filter.

These data sets are available in Gene Expression Omnibus database (ref: GSE14256 and GSE15237).

Western blots were performed as described [58, 85, 111, 343] with antibodies from Cell Signalling

Technology.
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3.1.4 Results and discussion

3.1.4.1 Construction of the catalogues

In an effort to build a catalogue linking transcription factors to their known target genes, we inte-

grated data from the literature and freely available databases (Figure 3.1). This catalogue contains

6, 401 regulations linking 343 distinct TFs to 2, 720 distinct genes. We considered all TF target genes

independently from conditions such as tissue, treatment or cell type. Since gene regulation is highly

conserved in mammals, data from human, mouse and rat was pooled. This is justified by the fact

that many published experiments were performed in heterogeneous biological systems, for instance

human promoters studied in mouse cells transfected with cDNA from different species. We reasoned

that including the sign of the TF-gene associations (“up-” or “down-” regulation) would be useful.

However, although it is usually available from experimental data, this information is surprisingly not

systematically included in mammalian TF databases. Therefore, in our first catalogue, we did not

take into account the sign of each regulation (i.e. activation or repression). We will refer to it as the

“sign-less” catalogue.

To build a “sign-sensitive” catalogue, we annotated the regulations from original publications and

from databases when available. Altogether, this second catalogue contains 63 TFs (Figure 3.1). Both

catalogues are provided in supplementary file 1.

For some TFs, the “specific target gene signature” was defined as the list of target genes known to

be regulated by a given TF. We further define “generic target gene signatures” by regrouping closely

related TFs sharing many target genes. For instance, the E2F generic signature groups target genes of

the four activating isoforms of E2F (E2F1-4).

Figure 3.1: Data integration in TFactS catalogues.
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3.1.4.2 Enrichment in transcription factor target genes: statistical analysis

The comparison between TF signatures and the query gene lists is based on Fisher’s test. For each

TF, a contingency table is created which compares the gene query lists and the TF signature in the

catalogue. Using the sign-sensitive catalogue we calculate p-values (Pval) for two hypotheses re-

spectively: activation (activated target genes are “up” and repressed are “down”) and TF inhibition

(activated target genes are “down” and repressed target genes are “up”), see methods section for more

details. Using the sign-less catalogue we calculated target gene enrichment Pval for each TF (this is

called regulation hypothesis). Examples of contingency tables for the three hypotheses (“regulation”,

“activation” and “inhibition”, respectively) are presented in Table 3.1.4.2.

Table 3.1: Example for contingency tables built under the three hypotheses tested by TFactS.
In this example, 43 regulated genes form Terragni et al. [335] were submitted to TFactS. Eleven of
them belong to the foxo3 signature (defined by 68 regulations) in the sign-less catalogue (6, 401 reg-
ulations in total). Among these 11 genes, 8 matched the regulation type (“up” and “down”), whereas
3 were of the opposite type in the sign-sensitive catalogue (containing 66 foxo3 signatures among
2, 429 regulations).

transcription factor (foxo3) user: present user: absent total
sign-less regulation hypothesis:
catalogue: present 11 57 68
catalogue: absent 32 6301 6333
total 43 6358 6401
Pval Fisher’s test 0.00e+0

sign-sensitive activation hypothesis:
catalogue: present 8 58 66
catalogue: absent 35 2328 2363
total 43 2386 2429
Pval Fisher’s test 1.40e−4

sign-sensitive inhibition hypothesis:
catalogue: present 3 63 66
catalogue: absent 40 2323 2363
total 43 2386 2429
Pval Fisher’s test 2.15e−1

The corresponding e-value (Eval), q-value (Qval) and False Discovery Rate (FDRc) for each

p-value (Pval) are calculated to control the rate of false positives in multiple testing conditions.

As a negative control, we included a non-parametric false positive percentage estimation, which

we call “random control” (RC). It is based on the selection of random sets of genes from the catalogue

according to the number of genes in the query lists.

In this study, we considered a TF as regulated, activated or inhibited, respectively, if, under the

corresponding hypothesis, the Pval was significant (≤ 0.05) combined with either Eval ≤ 0.05 or

Qval ≤ 0.05 or significant FDRc or RC ≤ 5%.
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3.1.4.3 User interface

TFactS is available at www.tfacts.org. The main page includes three frames. The query frame

allows the user to submit the lists of up-regulated and/or down-regulated genes, and to select the

analysis parameters (statistical thresholds, number of random selections). By default, in this version,

only HGNC standard official gene names and Entrez gene IDs are accepted in the list of query genes.

The user is allowed to enter a custom catalogue, as an alternative to the TFactS catalogue proposed by

default.

Results are displayed in the main frame. The results of each run are reported in two pages. De-

pending on which catalogue the user chooses, the first page contains a table for each type of hypoth-

esis: regulation (sign-less catalogue), activation and inhibition (sign-sensitive catalogue), each one

contains a list of regulated TFs, the corresponding Pval, Eval, Qval, FDRc, the number of genes in

the intersection, the number of target genes for that TF and the RC (see methods). The second page

shows for each submitted gene the corresponding TFs in the catalogue and its type of regulation. An

export link to the raw results is also provided.

The tool is documented at various levels. The statistical methods and options are explained in a

detailed help page. A “Demo” button loads the tool with a study case data set, to illustrate the process

for a typical submission. An additional frame allows browsing the list of target genes for a particular

TF.

3.1.4.4 Validation with published microarray data

TFactS validation was first performed by re-analyzing microarray-based studies in which TFs present

in our catalogues were shown to be activated or inhibited. Sixteen such studies, independent from

those used to build the database, were found in PubMed [33, 68, 82, 90, 100, 121, 176, 218, 265, 271,

334–336, 348, 355, 389], covering 18 transcription factors in total (14 activations and 4 inhibitions).

These experiments consisted in detecting genes that are differentially expressed between tumor and

normal cells, in different cell types, or that respond to cytokines (interferons) or drugs affecting spe-

cific signalling pathways (Table 3.2). Those studies cover Human and Mouse species and a broad

range of biological processes and conditions. In each report, the regulation of one or more TF was

inferred from microarray and experimental data.

To evaluate the ability of TFactS to detect the relevant TFs, we submitted the genes reported by

the authors as showing a significant response in their respective microarray analysis. When regulated

genes were not listed in the paper, we re-analyzed the raw data obtained from GEO database and we

selected genes significantly regulated more than two-fold.

Even though these studies were based on very different biological systems, the results summarized

in Table 3.2 (details in supplementary file 1) show that TFactS identified all (18/18) of the relevant TFs.

For example, Terragni et al. [335] showed that inhibition of the AKT pathway provokes the activation

of FOXO3 and the inhibition of NF-κB. Consistently, TFactS identified FOXO3 as regulated (Pval '
0.00e+0) and activated (Pval = 1.40e−4) and NF-κB as regulated (Pval ' 0.00e+0) and inhibited

45



(Pval = 1.16e−3).

For some studies, the association is detected both in the sign-less test and in the sign-sensitive tests

(activation or inhibition). The associations are sometimes returned both at the generic (e.g. FOXO)

and specific (e.g. FOXO3) levels.

The sign-sensitive catalogue allowed inferring the type of TF regulation (activated or inhibited).

As shown in Table 3.2 (details in supplementary file 1), TFactS failed to recognize the sign of the

regulation in two cases. Another limitation of the sign-sensitive catalogue is the more restricted num-

ber of TFs that is included. As expected, tests using that catalogue returned a lower RC compared to

sign-less predictions, indicating that it is more conservative.

In summary, using the sign-less catalogue associated with Fisher statistics, TFactS results matched

the conclusions of published experimental studies. Taking into account the sign of regulation provided

a useful piece of information, but did not improve the predictions, at least in these initial validation

tests. However, much more sign annotations would be required to provide a fair comparison between

the two catalogues.

3.1.4.5 Comparison with other methods

We attempted to compare the results returned by TFactS with those of other freely available tools,

which are generally based on in silico cis regulatory motif predictions in gene promoters.

Among those tools, we used GSEA [325] based on (“c3”) signatures generated from predictions of

cis-regulatory motifs that are conserved across the human, mouse, rat and dog genomes and matched

to known TFs by their consensus DNA binding motifs. We also chose four other tools: TFM-Explorer

[80], CORE TF [148], CRSD [210] and oPOSSUM [153], which are based on over-representation

of TF binding sites using TRANSFAC [371] and JASPAR [299] position weight matrices (PWM) for

gene promoter scanning. TRANSFAC contains 365 and presents a large overlap with TFactS database,

including all TFs used in the validation step. Each tool has a specific method for background filtering.

CRSD pre-filters results by q-value ranking; TFM-Explorer uses a threshold based on the parameters

determined by the local genomic context; CORE TF compares the submitted gene promoter set with

a random set; and oPOSSUM is based on phylogenetic footprinting.

To compare the different tools, we have used similar settings for all of them in terms of statis-

tical cut-off and promoter length. Lists of enriched transcription factors generated using these tools

were ranked according to p-values or FWER p-value (GSEA). We considered only significant results

(nominal p-value ≤ 0.05) and limited the number of TFs in the output lists to maximum 100, even

though such long lists are not suitable for experimental validation. Using these parameters, CRSD

and CORE TF found 12 out of 18 expected TFs, TFM-Explorer 8, oPOSSUM 7 and GSEA 2. Three

TFs were absent from JASPAR profiles used by oPOSSUM. When used with TFactS sign-less cata-

logue instead of “c3” signatures, GSEA performed better (5/18). We did not use other GSEA gene set

signatures as they are not centred on TFs. Detailed results are shown in Table 3.1.4.5. Compared to

TFactS, these tools produced much longer lists of regulated TFs, but it is not clear whether these rep-
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Table 3.2: TFactS validation.
Eighteen TFs (14 activated and 4 inhibited) reported in 16 studies were used to test TFactS. Under
each hypothesis, TFs are considered significant on the basis of multiple score thresholds (Pval and
Eval or Qval or FDRc or RC) as described in the text. The expected TFs that were described in
the studies are represented here with names in bold character. Symbols: (y): found regulated, (+):
found activated, (-): found inhibited and (n): not found. act. : activation, inh.: inhibition and reg.:
regulation.

Sign-Less Sign-Sensitive
Catalogue Catalogue

Ref. Model Expected TFs Reg. Act./Inh.
[82]: colon cancer FOXO3 act. y +

MYC inh. y n
[68]: fibroblasts MYC act. y +
[90]: fibrosarcoma STAT1 act. y +
[176]: lung cancer p53 act. y +
[218]: glioblastoma SREBP act. y +
[336]: granulocytes NF-κB act. y +
[33]: B Lymphocytes NF-κB act. y +
[265]: B lymphoma SREBP inh. y -
[335]: glioblastoma FOXO3 act. y +

NF-κB inh. y -
[100]: adrenocortical SF-1 act. y n

cells
[121]: endothelial EGR-1 act. y +

cells
[271]: synovial SMAD act. y +

fibroblasts
[348]: Mouse HIF-1 act. y +

Commd1
Null

[334]: Mouse SP-1 act. y +
TG2 KO
hepatocytes

[355]: osteosarcoma E2F act. y +
[389]: keratinocytes AP-1 inh. y -

Expected hits (Found/Total) 18/18 16/18
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resent background or previously unrecognized regulations. In summary, TFactS was able to identify

expected transcription factor regulations, which, at least in some cases, were not found by tools based

on PWM or consensus motifs, using standard settings.

Table 3.3: TFactS comparison with other tools.
Numbers represent the rank of the expected TF for each study, based on p-value or FWER p-value
(GSEA) among the top 100 list of predicted TFs. For GSEA the rank represented here is the best
rank in both positive and negative output lists. GSEA was run using either “c3” signatures or TFactS
sign-less catalogue. (-) symbol means: not found and (N.A): not applicable (CRSD does not support
mouse data; oPOSSUM does not integrate profiles for SREBP, SMAD and SF-1). Only significant
TFs having nominal p-value ≤ 0.05 are listed in this table. See Table 2 (manuscript) for references of
the studies, which are listed in the same order.

Ref. Expected TFactS Tfm- Core Crsd oPOS- Gsea Gsea
TFs Explorer TF SUM C3 TFactS

[82] FOXO3 1st - 32nd - - - -
MYC 17th 77th 22nd 3rd 7th - -

[68] MYC 1st 61st 6th 9th - - -
[90] STAT1 1st - - - 2nd - -
[176] P53 1st 94th - 3rd - - -
[218] SREBP 3rd - - 42nd N.A - 1st

[336] NF-κB 1st 86th 22nd 90th 1st 16th 1st

[33] NF-κB 2nd 48th 1st 1st 1st - 1st

[265] SREBP 3rd - 55th 20th N.A - -
[335] FOXO3 2nd - 21st - - - -

NF-κB 1st - - 59th 11th - -
[100] SF-1 3rd - 43rd - N.A 3rd -
[121] EGR-1 3rd 62nd 12th 26th - - -
[271] SMAD 1st - - 12th N.A - -
[348] HIF-1 1st - 3rd N.A - - -
[334] SP-1 15th 1st 56th N.A 12th - 21st

[355] E2F 3rd - 7th 1st 6th - -
[389] AP-1 13th 30th - 67th - - 6th

Total hits 18/18 8/18 12/18 12/16 7/14 2/18 5/18

3.1.4.6 Analysis of NCI60 cancer cell line dataset

To test whether TFactS could be used to screen cancer microarray datasets, we analyzed the NCI60

[311] cancer collection, which contains 60 human cancer cell lines clustered in 9 tumor types (melanoma,

ovarian, lung, leukemia, prostate, renal, colon, glioma and breast). On the basis of normalized log-

ratio, we selected genes that were significantly regulated at least two-fold compared to the reference

provided by Shankavaram et al. These lists of genes were analyzed by TFactS, which predicted a

number of regulated TF in each cell line. In order to compare the different cell lines, a matrix of

e-values (Eval) was constructed from these results with TFs in rows and cell lines in columns. We

observed that some TFs, such as β-catenin, FOXO and NF-κB, were found significantly regulated in
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a large number of cell lines, as expected from their widespread role in cancer. Next, we applied the

SAM algorithm to identify TFs differentially regulated between the 9 tumor groups. Among these

TFs, SOX10, MITF and JUN were significantly regulated in melanomas in comparison with other

cancer types (Figure 3.2). The specific role of MITF in melanocytes and melanoma is well known.

By contrast, SOX10 is widely expressed and its unique association with melanoma was more sur-

prising. Future work will have to unravel whether SOX10 may be a specific target for this cancer

type.

Since the NCI60 dataset contains information about the presence of cancer mutations in each

cell line, we looked for significant associations between these mutations and TF regulations. As the

number of cell lines harbouring one particular mutation was low, we grouped mutations according

to signal transduction pathways. Figure 3.2 B shows that mutations in RAS or RAF genes, key

mediators of the MAP kinase pathway which are frequently mutated in melanoma and other tumors,

were associated with the regulation of SOX10, MITF and JUN. The regulation of JUN and MITF

by MAP kinases has already been described [178, 234]. In contrast, association of SOX10 with this

pathway was not expected.

3.1.4.7 Analysis of novel microarray data sets

As an experimental validation for our approach we performed two microarray experiments in two

distinct well-defined biological models: the human eosinophilic leukemia cell line EOL1 and primary

human fibroblast cells stimulated with growth factors.

EOL1 cells express a constitutively activated FIP1L1-PDGF receptor α fusion protein [71]. This

oncogene can be efficiently inhibited by the drug imatinib mesylate (Gleevec R©). We compared gene

expression profiles of EOL1 cells treated with imatinib for 4 hours to those of untreated cells. We

selected genes that were significantly regulated at least 3-fold in control compared to imatinib-treated

cells (supplementary Table 2). TFactS indicated a significant activation of STAT1, STAT3 and STAT5

(see Figure 3.3).

The FIP1L1-PDGFRα has previously been reported to activate STAT5 [71] and STAT3 [259], but

to our knowledge the activation of STAT1 has not been established yet. We tested this prediction

by Western blotting using antibodies that are able to recognize the active, phosphorylated form of

STATs. Figure 3.3 shows that STAT3 and STAT1 are indeed phosphorylated in EOL1 cells and that

this phosphorylation is inhibited by imatinib suggesting that it may also play a role in the transforma-

tion process. These results confirmed the validity of the TFactS target gene analysis.

We next tested the impact of the length of the input gene list on TFactS results. Starting from the

list of significantly regulated genes ranked according to absolute fold-change, we submitted increasing

numbers of top-ranked genes to TFactS (from 10 to 2500). Figure 3.3 shows that TFactS found STAT1

regulated if the number of submitted genes was superior to 50. Similar data were obtained for STAT3

and STAT5. We then performed a robustness analysis by adding randomly selected genes to the same

data set. The addition of a background of up to 500 random genes affected the final result significantly
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Figure 3.2: SOX10, MITF and JUN transcription factors are regulated in melanoma and associated to
mutations in RAS and RAF.
E-values of TFactS-predicted TF regulations for each NCI60 cell line are transformed into scores (-log10(e-
value)). These scores were plotted by cancer type (A) or by pathway mutations (B) for SOX10, MITF and JUN.
Mutations clustered into RAF-RAS pathway targeted BRAF, KRAS, HRAS and NRAS. P-values were obtained
by Kruskal-Wallis test (A) and Student t-test (B). WT: “wild type”; MUT: “mutant”; BR: breast; CNS: central
nervous system; CO: colon; LC: lung cancer; LE: leukemia; ME: melanoma; OV: ovarian; PR: prostate; RE:
renal.
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Figure 3.3: STAT1 and STAT3 are phosphorylated in EOL1 cells and inhibited by imatinib.
A- STAT activation Benjamini-Hochberg corrected p-values predicted by TFactS. B- Cell lysates from imatinib-
treated or control EOL1 cells were used in western blot probed with antibodies against phospho-STAT3 and
phospho-STAT1. As a control we used antibodies against total STAT3 and STAT1.

only when short lists of regulated genes were submitted (Figure 3.4), suggesting that TFactS can detect

a TF signature even when it is diluted in a large number of unrelated genes.

We also analyzed gene expression data from human fibroblasts stimulated by either PDGF-BB

or b-FGF for 1h and 24h. SAM analysis identified 115 relevant probe sets. Hierarchical clustering

of these probe sets showed divergent early gene regulation by PDGF and FGF but overlapping late

response (supplementary Figure 1).

We first analyzed genes commonly regulated by PDGF-BB and b-FGF more than 2-fold after 24h

of stimulation. TFactS indicated that these two growth factors activate SREBP and inhibit FOXO

(Table 3.4 and supplementary Table 3), as expected from our previous publications [84, 111, 174].

Our previous in silico promoter analysis did not point to any known TF regulation (unpublished).

However, in a similar model, SREBP activation had been detected using a combination of promoter

analysis and literature mining [307].

We then focused on the early gene expression response induced by both growth factors. A com-

bined analysis with Affymetrix GCOS and a 2-fold threshold on expression ratio, led to the selection

of 114 probe sets responding to PDGF-BB and 42 probe sets responding to b-FGF, 37 of which were

shared between the two gene lists. We analyzed genes specifically regulated by PDGF-BB (and not
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Figure 3.4: Robustness analysis of TFactS.
Significantly regulated genes in the EOL1 experiment were ranked according to the absolute value of the log2-
ratio (untreated/treated). Then, the top 10 to 2,500 regulated genes were submitted to TFactS (sign-less). Each
run was repeated after addition of 10 to 500 genes randomly selected. We plotted the number of regulated genes
and the number of randomly added genes against a score (-log(e-value)) obtained for the STAT1 transcription
factor.

b-FGF). TFactS detected several significant STAT signatures: STAT1, STAT3 and STAT5 (Table 3.4).

To further confirm these TFactS findings, we sought to cluster the conditions in this microarray

experiment using the expression of predicted TF target genes that were also present in submitted

lists. Figure 3.5 shows a time dependent clustering of the PDGF-BB and b-FGF conditions based

on SREBP target genes, which is consistent with the late (24h) activation of SREBP by both growth

factors. It shows also a successful clustering of the two PDGF-BB 1h stimulation replicates based on

STAT target genes, confirming the predicted early (1h) specific activation of STATs by PDGF-BB.

It is well known that growth factors activate STAT [46, 149, 278, 380], but the specific regulation

of these transcription factors by PDGF and not by FGF was unexpected. To test the specific action of

PDGF-BB, we performed western blots against phosphorylated STAT1 and STAT3 in human fibrob-

lasts after short term (15 min) stimulation with PDGF-BB or b-FGF. Figure 3.6 shows that PDGF-BB
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Figure 3.5: Hierarchical clustering of STAT or SREBP target genes significantly regulated by PDGF-BB
and b-FGF in human fibroblasts.
STAT(1, 3 and 5) target gene signatures were pooled as well as SREBP(1 and 2) target genes. Several reports
have shown that IRS2 gene expression is down-regulated by SREBP while other targets are up-regulated [174].
The intensities are in log2-ratios (color scale). Two replicate experiments are shown. F1: b-FGF(1h); F24:
b-FGF(24h); P1: PDGF-BB(1h);P24: PDGFBB(24h).
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Table 3.4: Analysis of genes regulated by growth factors in human fibroblasts using TFactS.
Analysis of significant gene lists regulated more than 2-fold by PDGF-BB and b-FGF after 24h (upper
Table) or only by PDGF-BB after 1h (lower Table) of stimulation. For each test: regulation (sign-
less), activation and inhibition (sign-sensitive), only transcription factors verified experimentally in
this study or elsewhere are listed with corresponding statistics as reported by TFactS (detailed results
are shown in supplementary Tables 3, 4 and 5). ∩: number of genes in common between TF target
genes and the query list, # TG: number of Target genes for the corresponding TF.

Genes regulated by both PDGF and FGF after 24h
TF Pval Eval ∩ # TG RC

Regulation SREBP 0.00e+0 0.00e+0 9 46 0%
FOXO1 0.00e+0 0.00e+0 15 145 4%
FOXO3 2.00e−5 1.90e−3 8 68 1%

Activation SREBP 1.00e−5 3.00e−4 9 46 0%

Inhibition FOXO1 2.00e−4 6.00e−3 14 144 0%
FOXO3 1.29e−3 3.87e−2 8 66 0%

Genes regulated specifically by PDGF after 1h
Regulation STAT3 0.00e+0 0.00e+0 8 67 2%

STAT1 2.50e−4 1.70e−2 4 61 1%
STAT5 6.00e−5 4.08e−3 4 42 1%

Activation STAT3 0.00e+0 0.00e+0 8 48 2%
STAT1 5.00e−5 1.05e−3 4 23 1%
STAT5 5.40e−4 1.13e−2 4 42 2%

induced a strong phosphorylation of STAT1 and STAT3, while b-FGF did not. We also included other

fibroblast mitogens, such as IGF1, PDGF-AA, PDGF-AB, FGF-4 and insulin. None of these growth

factors activated STAT1 or STAT3 to a significant extent. As a control for b-FGF activity, we checked

other signalling pathways and showed JNK phosphorylation by both PDGF and FGF.

The current hypothesis is that growth factors activate largely overlapping signal transduction path-

ways [115]. This was confirmed for late gene regulation in our model. However, in this model, PDGF-

BB stimulation specifically produced a STAT transcriptional signature, by contrast to other growth

factors. A STAT3-dependent pathway has been suggested to contribute to PDGF-driven proliferation

[46], but whether this cascade is shared by multiple growth factors is not clear. The mechanism by

which PDGF receptors specifically activates STAT requires further investigations.

In conclusion, TFactS allowed us to pinpoint an unexpected specificity in the activation of STAT

transcription factors by PDGF receptors in fibroblasts and leukemia cells.
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Figure 3.6: STAT phosphorylation is specifically induced by PDGF-BB.
Human fibroblasts were starved for 48h in serum free medium and stimulated with the indicated growth factors
for 15 min. Total cell lysate was used for western blot with antibodies against specific phospho-STAT, phospho-
JNK, phospho-AKT, total STAT and total JNK as indicated. Actin was detected as a control.

3.1.5 Conclusions

In this study, we showed that the regulation of TFs can be accurately predicted from transcriptome

data, by comparing the lists of up- and down-regulated genes to a list of curated target gene signatures.

We validated the approach using published microarray studies and new experimental data. It proved

able to propose valid candidate TFs involved in the transcriptional response to a specific treatment

(i.e. imatinib or growth factors). These predictions were relatively robust, although it is likely that the

quality of the experimental microarray data and the normalization steps may significantly affect the

final results. This applies to all the methods dealing with sets of co-expressed genes as input.

We also showed that TFactS can accurately predict the activity of TFs if based on a catalogue

that is annotated with the sign of the regulation (activation or repression). However, we could not

fully assess the performance of this feature, by comparing with other methods, because of the limited

number of signatures annotated in the sign-sensitive TFactS catalogue.

TF signature validations were performed on well characterized TF for which a significant number

of target genes are known (at least 21 in Table 1). In the NCI60 cancer data set analysis, MITF and

SOX10 were represented by only 3 and 10 targets in the database, respectively, indicating that shorter

signatures can also be useful. We are currently working on extending the number of regulations and
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increasing the number of TFs in the catalogue. In addition, we offer the possibility to the scientific

community to add their own annotated target genes either temporarily or permanently. This option is

already implemented in the online version of TFactS. A limitation of our approach is the availability of

high quality experimental target gene signatures. A few databases, such as TRANSFAC [371], TRED

[390], TRRD [181], ORegAnno [237] and PAZAR [273] tackle this issue by gathering published

promoter analysis. As mentioned above, it would be valuable to systematically annotate the sign of

regulation in these databases, which has not been done so far. Obviously, much more work will be

needed to identify the gene signature of all transcription factors present in mammalian genomes.

At this stage, we pooled data from experimental systems differing in terms of species (rat, mouse

and human), cell types and environmental conditions, in order to get consensus signatures. The re-

sults from TFactS validation, based on multiple tissues, species and cell types, suggest the existence

of robust core target signatures for the transcription factors that were analyzed. Nevertheless, the

importance of these parameters will be carefully tested in future versions of the tool, in order to ac-

count for inter-species variations. Some of these parameters are already included in other databases

[181, 237, 273, 371, 390].

Given the diversity in the parameters that can be optimized for each tool, it is difficult to produce

an unbiased, fair comparison with the other tools that are able to predict TF activities, such as those

based on in silico promoter analysis. In our hands, TFactS was able to predict TF regulations that,

in a number of cases, could not be found using a few popular tools based on consensus motifs or

matrices. We did not test more complex analysis, which were reported to improve results significantly

[107, 208, 307, 317, 365]. Obviously, TFactS is not suitable for the identification of novel target

genes, by contrast to PWM-based tools. Our data suggest that TFactS is a viable, simple alternative to

promoter analysis methods to study differential activity of known TFs when sufficient known targets

of the TF are represented in the database.

Altogether, we show here that comparing groups of genes showing a response in microarray data

with experimental target gene signatures is an efficient way to predict the regulation and the level of

activity (activation or inhibition) of well-characterized trans-acting factors. As a proof of concept, we

validated a simple tool (TFactS) that combines Fisher’s test and a curated target catalogues, which do

or do not take into account the sign of the regulations. We also suggest that TFactS may contribute to

the functional analysis of cancer microarray data.
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3.2 The Transcription of FOXO Genes is Stimulated by FOXO3 and Repressed by
Growth Factors1

3.2.1 Abstract

Forkhead box O (FOXO) transcription factors induce cell growth arrest and apoptosis, which can be

prevented by FOXO phosphorylation by AKT in response to growth factors such as platelet-derived

growth factors (PDGF). Beside this well-characterized post-translational modification, we showed

that FOXO1, FOXO3 and FOXO4 were also regulated at the transcriptional level. PDGF, FGF and

IGF-I repressed the expression of FOXO genes in human fibroblasts. This process was sensitive to

phosphatidylinositol-3 kinase inhibition by LY294002. FOXO1-specific shRNA decreased FOXO1

mRNA expression and enhanced fibroblast proliferation, mimicking the effects of growth factors.

Conversely, ectopic FOXO3 activation blocked the proliferation of fibroblasts, and induced the ex-

pression of FOXO1, FOXO4 and p27-KIP1. Using luciferase reporter assays and chromatin immuno-

precipitations, we identified a conserved FOXO-binding site in the promoter of the FOXO1 gene,

which was required for regulation by PDGF, and mediated the up-regulation of FOXO1 by itself and

by FOXO3. Altogether, our results suggest that the expression of FOXO1 and FOXO4 genes is stim-

ulated by FOXO3 and possibly by other FOXO factors in a positive feedback loop, which is disrupted

by growth factors.

3.2.2 Introduction

Forkhead transcription factors, which were initially described in Drosophila melanogaster, constitute

a family of transcription factors that share a conserved DNA binding domain, the so-called fork-

head box [156, 349]. The forkhead box O (FOXO) group comprises four homologous mammalian

proteins, namely FOXO1 (also called FKHR), FOXO3 (FKHR-L1), FOXO4 (AFX) and FOXO6. Ac-

tivation of these factors induces cell cycle arrest, DNA damage repair, differentiation and apoptosis.

They also increase the resistance to oxidative stress, which was shown to be particularly important

in hematopoietic stem cells, and regulate glucose metabolism in various organs. In Caenorhabditis

elegans, the FOXO orthologue DAF-16 prolongs life span.

The activity of FOXO proteins is tightly controlled by multiple post- translational modifications

[254, 356]. Growth factors, insulin and other cell stimuli induce FOXO phosphorylation and inac-

tivation by AKT (also called protein kinase B or PKB), a serine/threonine kinase which is activated

via the phosphatidylinositol-3 (PI3) kinase pathway [156, 254]. All FOXO proteins are substrates

of AKT, which phosphorylates three conserved sites, resulting in the exclusion of FOXOs from the

nucleus and in their subsequent ubiquitination and degradation. Phosphorylation by AKT may also

regulate FOXO ability to bind to DNA [254]. In addition, the mitogen-activated protein kinases ERK

and p38, as well as serum- and glucocorticoid-inducible kinase (SGK), DIRK1 and IKKβ also inacti-

vate FOXO1 and/or FOXO3 by direct phosphorylation [22, 156, 376]. By contrast, phosphorylation
1Essaghir A, Dif N, Marbehant CY, Coffer PJ, Demoulin JB; J Biol Chem. 2009 Apr 17;284(16):10334-42.
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by JNK kinases upon cell stress activates FOXO4 [113].

In the absence of growth factors, FOXOs reside in the nucleus and up-regulate genes which inhibit

the cell cycle (p27 KIP1, p21 WAF1), promote apoptosis (Fas ligand, Bim, TRAIL) and decrease

oxidative stress (superoxide dismutase, catalase) [156]. A number of genes are also repressed by

activated FOXOs, including cyclin D1 and D2. The different members of the FOXO family share

a common DNA binding site and regulate overlapping sets of target genes. FOXO transcriptional

activity is further regulated by acetylation in the nucleus [254].

In line with their ability to block cell growth and to induce apoptosis, FOXO genes act as tumor

suppressors. Deletion of all FOXO1, FOXO3 and FOXO4 alleles in adult mice induces a cancer prone

condition, characterized by hemangiomas and thymic lymphomas [258]. In human cancers, several

chromosomal translocations disrupt FOXO genes, producing hybrid proteins in which the forkhead

DNA binding domain and the AKT phosphorylation sites are lost [122]. Pax3-FOXO1 and Pax6-

FOXO1 were described in alveolar rhabdomyosarcomas, and the fusion of MLL with FOXO3 or

FOXO4 was found in acute myeloid leukemias. In many tumor types, the constitutive activation of

PI3 kinase, AKT and ERK is expected to inhibit FOXO proteins [122].

Not much is known about the regulation of FOXO mRNA expression. The transcription factor

E2F1 was shown to induce FOXO1 and FOXO3 expression [252], and FoxC1 up-regulates FOXO1

in the eye [38]. In the present report, we observed that the RNA expression of FOXO1, FOXO3 and

FOXO4 was repressed by growth factors such as platelet-derived growth factors (PDGF) and fibroblast

growth factors (FGF), which induce cell proliferation. These growth factors play a key role in the

development of the embryo and in various human diseases, including cancer [14, 114, 268]. PDGFs

are dimeric ligands, which bind to specific receptor tyrosine kinases, PDGFRα and β, forming homo-

or hetero-dimers [147]. They activate multiple signaling effectors, including PI3 kinase, AKT, ERK

and phospholipase Cγ [85, 147, 173, 332]. These signal transduction pathways regulate the activity of

numerous transcription factors, controlling the expression of more than one hundred target genes [83,

84, 115, 174]. PDGF was reported to induce the phosphorylation and inactivation of FOXO1 protein

in hepatic stellate cells, in fibroblasts and in vascular smooth muscle cells [1, 2, 18, 352, 353]. Here,

we suggest that the inactivation of FOXO3 protein by PDGF disrupts a positive feedback mechanism,

whereby FOXO3 stimulates the expression of FOXO genes.

3.2.3 Materials and methods

3.2.3.1 Cells and reagents

AG01518 human foreskin fibroblasts were grown in Quantum 333 fibroblast growth medium (PAA,

Austria). PDGF-AA, -BB, FGF-2 (basic-FGF), FGF-4 and IGF-I were obtained from Peprotech (Lon-

don, UK). Antibodies against FOXO and AKT were from Cell Signaling Technology and Santa Cruz.

Anti-β-actin antibodies and cycloheximide were from Sigma. LY294002 was purchased from Cal-

biochem. BJ-hTert human fibroblasts, HEK293T and NIH3T3 were cultured as described [84].
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Thymidine incorporation assays were performed as described with minor modifications [86]. Fi-

broblasts were seeded in triplicates in a 96-well plate in Quantum 333 (4000 cells/well). After one

day, cells were washed and starved in serum-free Minimum Eagle medium (MEM, Sigma) for 24h.

Growth factors (25 ng/ml) were then added with [3H]thymidine (0.5 µCi/well, GE Healthcare) for 24

h. Microtiter plates were harvested after a brief incubation with trypsin using a cell harvester (Perkin

Elmer). The incorporation of [3H]thymidine was quantified using a TopCount instrument (Perkin

Elmer).

3.2.3.2 Gene expression analysis

Subconfluent AG01518 fibroblasts were incubated for 48h in MEM with bovine serum albumin

(0.05%). PDGF-BB (25 ng/ml) or b-FGF (10 ng/ml, heparin 50 µg/ml) were added 1h or 24h be-

fore harvest. RNA extraction was performed using the RNeasy kit (Qiagen). The RNA quality was

first tested in agarose gel. As a further control, the expression of known target genes NR4A1 and SCD

was checked by quantitative RT-PCR [84]. Human Affymetrix chips HGU133A2 were hybridized

following manufacturer instructions.

Results were analyzed using GCOS R© suite software, and normalized using the control condition

as baseline to calculate ratios [199]. In the MAS5 algorithm, the scale factor using all probe sets

was set to 100 and the normalize factor was set to 1. The data was submitted to GEO (accession

#GSE14256). We performed two biological replicates. Probe sets that were flagged ‘absent’ across

all conditions in the two experiments were discarded. Quantitative PCR analysis was performed as

described [83, 84, 199] using ABgene SYBR green-based kits (Thermo Scientific) and the oligonu-

cleotides shown in supplementary table 1.

3.2.3.3 Lentivirus-mediated shRNA silencing

A set of 5 shRNA-specific clones for human FOXO1 was obtained from Sigma. All of them were

packaged for viral production, infection and tested for target knockdown. Two constructs:

TRCN0000039578 and TRCN0000039581 were used for further studies (Supplementary Table 1). A

negative “scrambled” control was obtained from Addgene (#1864).

The shRNA-expressing and control lentiviral plasmids were transfected with the packaging plas-

mid pCMV-dr8.2 dvpr and the envelop plasmid pCMV-VSV-G [Addgene, #8455 and #8454, [322]]

into HEK293T cells using Fugene 6 (Roche). Virus-containing supernatants were collected at 36 h

and 60 h after transfection and used to infect fibroblasts in the presence of 8 µg/ml polybrene (Sigma).

Then, cells were incubated with standard growth medium containing 2 µg/ml puromycin for 3 days

prior to cell analysis.
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3.2.3.4 Immunofluorescence experiments

NIH3T3 fibroblasts (200.000 per well) were grown on glass coverslips for 24h in 6 well plate. Then

cells were co-transfected using Lipofectamine 2000 (Invitrogen) with pEGFP-N1 and pCMV6- -

FOXO1 (Origene) or pCMV5-FOXO3 [Addgene, #14937, [309]] or empty vector. After 24h, cells

were washed with PBS and starved in DMEM in the presence of BSA (0.05%) for 48h. Cells were

stimulated with PDGF-BB (25ng/ml) for one hour, washed with cold PBS, and fixed in paraformalde-

hyde (4% in PBS) for 15 min. Cells were washed and incubated for 1 h at room temperature in PBS

containing 5% fetal calf serum and 0.5% saponin. Cells were incubated overnight at 4◦C with anti-

FOXO1 or anti-FOXO3 antibodies in the presence of DAPI. Cells were then washed and incubated

with secondary antibodies coupled to Alexa-Fluor (Molecular Probes). After 2 h, cells were washed,

mounted on slides and visualized using a fluorescent miscroscope. Transfected cells were identified

by GFP fluorescence.

3.2.3.5 Luciferase assays

The FOXO1 promoter was cloned by PCR from the BAC clone RP11-181D10 (BACPAC, http:

//bacpac.chori.org/) as template (see supplementary table 1 for primer sequences). The pro-

moter was sequenced and subcloned into pGL3-Luciferase, using SmaI and KpnI restriction sites.

The 588 bp mutant resulted from the digestion with EcoRI (within the FOXO1 promoter) and KpnI

(within the plasmid). The 200bp mutant was generated similarly by digestion with ApaI and KpnI.

The 132bp and 79bp mutants were amplified by PCR and subcloned into pGL3 (KpnI and HindIII

sites). The F mutant was obtained by QuickChange mutagenesis (Stratagene). All constructs were

sequenced.

Plasmids were linearized by BamHI and KpnI digestion before transfection. Subconfluent mouse

NIH3T3 fibroblasts were transfected using Lipofectamine 2000 with 1 µg pGL3 construct and 1.5

µg pEF-β-galactosidase per well (6 wells plates) in the presence of 10% calf serum. After 24h of

incubation, the cells were washed with PBS and starved in medium with 0.05% BSA for 24h and then

stimulated with PDGF-BB (25 ng/ml) for 24 h.

Alternatively, subconfluent HEK293T cells were transfected using calcium phosphate with 0.125

µg pGL3, 0.25 µg pEF-β-galactosidase and FOXO1, FOXO3 or FOXO3-A3-ER [94]. Cells were

incubated for 4h, washed with PBS and then stimulated with 4-hydroxy-tamoxifen 100 nM or left

untreated. The luciferase activity was monitored using Bright Glo (Promega) and normalized using

β-galactosidase activity as described [84, 174].

3.2.3.6 Chromatin immunoprecipitation (ChIP) assay

Chromatin cross-linking was performed with 1% formaldehyde and was stopped by the addition of

glycine to a final concentration of 125 mM. Cells were harvested with cold PBS buffer containing

protease inhibitors. Chromatin was fragmented by enzymatic digestion (Enzymatic shearing kit; Ac-
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tive Motif, Belgium). An aliquot was used to check fragmentation on an agarose gel and to quantify

the amount of DNA. Digested chromatin (50 µg) was first precleared for 1 h with Ultralink protein

A/G beads (Pierce). After centrifugation, supernatants were incubated overnight at 4 ◦C with anti-

FOXO1 (H-128; Santa Cruz Biotechnology) or anti-FOXO3 (Cell Signaling Technologies) or anti-

STAT5 (Santa Cruz Biotechnology), used as a control (3 µg). The immunoprecipitated complexes

were bound to protein A/G beads for 3 h at 4◦C and washed successively in a radioimmunoprecipi-

tation buffer (10 mM Tris, 1 mM EDTA, 1% Triton X-100, 0.1% SDS, 140 mM NaCl, 0.1% sodium

deoxycholate and 1 mM PMSF, pH 7.4), LiCl buffer (1 mM Tris, 250 mM LiCl, 0.5% Nonidet P40,

0.5% sodium deoxycholate and 1 mM EDTA, pH 7.4) and Tris–EDTA buffer (1 mM EDTA and

10 mM Tris, pH 7.4). Proteins were then eliminated using proteinase K in the presence of 10% (w/v)

SDS overnight at 37◦C. After phenol extraction, DNA was precipitated, dissolved in water, and used

as template for PCR with the primers shown in supplementary table 1. PCR products were visual-

ized on 3% agarose gels. Alternatively, quantitative PCR was performed using the same primers in

the presence of SYBER-green (ABgene kit) on an iCycler instrument (Bio-Rad). Enrichment of spe-

cific promoter regions after immunoprecipitation was expressed as the percentage of the total input

chromatin.

3.2.3.7 Statistical analysis

Unless otherwise stated, one representative experiment out of at least three replicates is shown with

standard deviations. Statistical significance was calculated according to Student t-test (*, p-value≤
0.05; **, p-value≤ 0.01).

3.2.4 Results and discussion

3.2.4.1 Growth factors repress the expression of FOXO1, FOXO3 and FOXO4 genes.

In a microarray experiment using Affymetrix Genechips, we analyzed the regulation of gene expres-

sion by PDGF and FGF in AG01518 normal human fibroblasts. The detailed microarray results will

be described elsewhere. We noticed that the expression of the genes FOXO1, FOXO3 and FOXO4

was decreased 24h after growth factor stimulation. To confirm this observation, we measured the RNA

levels of FOXO genes by quantitative PCR. Figure 3.7 A shows that the expression of FOXO1 is re-

pressed threefold after stimulation of AG01518 fibroblasts with PDGF-BB, FGF-2 or FGF-4. FOXO4

expression was also strongly repressed, while FOXO3 was regulated to a lesser extent by PDGF.

FOXO6, which was described as a brain-specific isoform, was not expressed in these cells (data not

shown). Similar results were obtained in BJ dermal fibroblasts immortalized with telomerase (BJ-

hTert, Figure 3.7 A, right panels). IGF1 also repressed FOXO1 expression in a reproducible manner.

In time course experiments, the expression of FOXO1 and FOXO4 was decreased 6 hours after the

addition of PDGF (Figure 3.7 B). Shorter treatment periods did not significantly lower FOXO expres-

sion (data not shown). Next, the level of FOXO1 protein was visualized by Western blot in AG01518
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cells stimulated for 24 h with PDGF-BB (Figure 3.7 C). The result confirmed the down-regulation of

FOXO1 in PDGF-treated cells.

3.2.4.2 PDGF inactivates FOXO.

The activity of FOXO proteins is inhibited by phosphorylation upon growth factor stimulation. We

confirmed the phosphorylation of FOXO1, FOXO3 and FOXO4 in AG01518 fibroblasts stimulated

with PDGF by Western blot using antibodies directed against phospho-serine 256 of FOXO1 (which

cross-react with FOXO4) or antibodies against serine 253 of FOXO3 (Figure 3.8 A). This conserved

site is phosphorylated by AKT [254, 349], which was also activated in these cells upon PDGF treat-

ment, as judged from blots with the anti-phospho-serine 473 antibodies.

It is well established that FOXO phosphorylation induces its translocation from the nucleus to

the cytosol. Interestingly, this was reported in vascular smooth muscle cells treated by PDGF [1].

To confirm that PDGF affects FOXO localization in fibroblasts, we transfected NIH3T3 cells with

FOXO1 or FOXO3, and studied the localization of the proteins by immunofluorescence. Figure 3.8 B

shows that FOXO1 and FOXO3 were excluded from the nucleus upon treatment with PDGF for one

hour.

To evaluate FOXO transcriptional activity in cells treated by growth factors, we analyzed the

regulation of known FOXO target genes by PDGF-BB and FGF-2 in AG01518 fibroblasts using our

microarray data (Figure 3.9). Based on published work, we identified 58 genes which were reported

to be up-regulated by at least one FOXO isoform and were present in our initial microarray data, as

well as 36 down-regulated genes. Most of the genes known to be induced by FOXO were repressed

by stimulation of fibroblasts with PDGF and FGF-2 for 24 hours. Well-characterized FOXO target

genes, such as p27/CDKN1B, SOD2, CITED2, GADD45A, CASP8 and BAX, were all repressed by

growth factors. Conversely, the majority of the genes known to be repressed by FOXO were induced

by growth factors, including cyclin D (CCND1, CCND2) and BIRC5. To exclude the possibility

that this result was obtained by chance, we performed Fisher’s statistical test, which gave a p- value of

1.6x10-4. No significant effect of growth factors was observed after one hour of treatment (Figure 3.9).

Altogether, these results suggested that the expression of FOXO targets was affected by PDGF and

FGF-2 in a manner consistent with FOXO inhibition.

3.2.4.3 FOXOs play a key role in the proliferation of fibroblasts.

It is well established that FOXO factors induce cell growth arrest and apoptosis [152]. To test whether

this also applies to human fibroblasts, we used a FOXO3-oestrogen receptor fusion protein (FOXO3-

A3-ER), which can be activated by 4-hydroxy-tamoxifen [94, 235]. In this construct, the three AKT

phosphorylation sites of FOXO3 are mutated to alanine, preventing the inactivation of the protein by

growth factors. FOXO3-A3-ER was expressed in AG01518 using a retroviral vector. The number of

viable cells was estimated by measuring ATP levels or by counting cells in the presence of Trypan
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Figure 3.7: FOXO expression is down-regulated by growth factors in human fibroblasts.
A- AG01518 human fibroblasts (left panels) were starved for 24 hours in serum-free medium, and then stim-
ulated for 24 hours with the indicated growth factor before RNA extraction. The expression of FOXO genes
was monitored by quantitative PCR. The same experiment was performed with BJ-hTert cells stimulated for 16
hours (right panels). B- Starved AG01518 cells were stimulated with PDGF-BB for the indicated periods of
time and analyzed as above. C- Starved AG01518 cells were treated with PDGF-BB or control medium for 24
hours. Cells were lyzed in the presence of 1% Triton-X100. FOXO1 was immunoprecipitated and analyzed by
western blot with specific anti-FOXO1 antibodies as described [84].
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Figure 3.8: PDGF induces FOXO phosphorylation and translocation from the nucleus to the cytosol.
A- AG01518 were starved for 48h and stimulated with PDGF-AA or –BB for 15 min. Total cell lysates were
analyzed by Western blotting with the indicated specific antibodies as described [173, 320]. B- NIH3T3 cells
were grown on glass coverslips and transfected with FOXO1 or FOXO3. Cells were starved for 48 hours and
then stimulated with PDGF-BB or control medium for 1 hour. Staining was performed with anti-FOXO1 or anti-
FOXO3 antibodies. For each condition, the localization of FOXO was reported in more than 200 individual
cells. The percentage of cells in which FOXO was exclusively located in the nucleus (white bar), exclusively in
the cytosol (black bars) or diffuse in the whole cell (gray bars) is shown for a representative experiment.

blue (Figure 3.10). Activation of FOXO3-A3-ER by 4-hydroxy-tamoxifen blunted the effect of PDGF

and FGF-2 on fibroblast proliferation.

As FOXO proteins are tightly regulated by several post-translational mechanisms, it was not clear

whether a change in FOXO RNA level affects cell growth. To tackle this question, we used the

pLKO lentiviral vector, which is designed to encode short inhibitory RNA hairpins (shRNA). Two

specific FOXO1 shRNA reproducibly reduced FOXO1 mRNA expression measured by quantitative

PCR, while a control sequence had no effect (Figure 3.11 A). When fibroblasts were infected with

both constructs together, FOXO1 expression was repressed by 63%. Remarkably, this is comparable

to the effect of PDGF on FOXO1 expression. Transduction of these two FOXO1 shRNA alone or in

combination increased the basal proliferation of AG01518 fibroblasts, as demonstrated by the thymi-

dine incorporation experiment shown in Figure 3.11 B. PDGF stimulated fibroblast proliferation more

than twofold in the presence of control shRNA, but did not significantly increase cell growth in the

presence of FOXO1 shRNA. In conclusion, these data suggested that decreasing FOXO1 expression

is enough to enhance fibroblast cell growth.

3.2.4.4 The regulation of FOXO1 by PDGF is sensitive to PI3 kinase inhibition.

To decipher the mechanism of regulation of FOXO expression by PDGF, we first tested whether

de novo protein synthesis was required. As shown in Figure 3.12 A, PDGF was able to decrease

FOXO1 expression in the presence of cycloheximide, a potent protein synthesis inhibitor, suggesting
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Figure 3.9: Regulation of FOXO target genes by growth factors in fibroblasts.
Starved AG01518 fibroblasts were stimulated with PDGF-BB or FGF-2 for one or 24 hours. RNA was extracted
to perform Affymetrix Genechip hybridizations. Results from two independent experiments were expressed as
average log2 ratios, using untreated cells as reference. Only published target genes of FOXOs are shown.
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Figure 3.10: Activation of FOXO3 prevents fibroblast proliferation upon growth factor stimulation.
AG01518 cells were infected with retroviruses expressing FOXO3-A3-ER or control retroviruses (empty pBABE
vector) and selected in the presence of puromycin. A- FOXO3-A3-ER expression was detected by Western blot
using specific anti-FOXO3 antibodies. B- Cells were incubated in the presence of PDGF-BB for 5 days in
serum-free medium with 4-hydroxy-tamoxifen (black bars) or vehicle (white bars). Living cells were counted in
the presence of Trypan blue. C- Cells were incubated in the presence of control medium, FGF-2, PDGF-BB or
serum (10%) with 4-hydroxy-tamoxifen (black bars) or control medium (white bars) for three days (triplicate
cultures). The ATP content of each well was tested by Cell-Titer Glow (Promega).

66



Figure 3.11: FOXO1-specific shRNAs enhance fibroblast growth.
A- AG01518 cells were infected with lentiviral particles expressing control shRNA, or one of the two FOXO1
shRNA or both at the same time. RNA was isolated 72 h after infection, and quantitative PCR was performed to
detect FOXO1 and RPLP0 as a control. B- Proliferation of infected fibroblasts was assessed by a [3H]thymidine
incorporation assay. Starved cells were stimulated with PDGF (black bars) or control medium (white bars) in
the presence of [3H]thymidine. In each panel, the average of three independent experiments is shown with SEM.

the existence of a direct regulatory mechanism.

We next sought to identify which signal transduction pathway was required in this process, using

small inhibitory molecules. The PI3 kinase inhibitor LY294002 abolished the regulation of FOXO1

by PDGF in AG01518 cells, while the mitogen-activated protein kinase pathway inhibitor U0126 had

no effect (Figure 3.12 B). Similar results were obtained in BJ-hTert cells (Figure 3.12 C). LY294002

also blocked the down-regulation of FOXO4. We had observed previously that LY294002 prevents

the activation of AKT by PDGF in AG01518, as expected [[84] and unpublished data]. As PI3 kinase

is also required for FOXO phosphorylation and inactivation by PDGF [2, 353], our data raised the
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possibility that FOXO proteins stimulate the expression of their own genes, a process that would be

disrupted upon AKT activation by growth factors.

Figure 3.12: Role of PI3 kinase in the FOXO repression by PDGF.
A- BJ-hTert fibroblasts were starved for 24 h, and incubated with cycloheximide (15 ng/ml) for 1h. Cells
were treated with PDGF-BB (white bars) or control medium (black bars) for 8 h. RNA was extracted and
the expression of FOXO1 and RPLP0 was quantified by PCR. The average of two independent experiments is
shown with SEM. B- AG01518 fibroblasts were starved for 24 h and stimulated with PDGF-BB for 24 h in the
presence of LY294002 (20 µM), U0126 (10 µM) or control medium for 24 h. C- BJ-hTert cells were treated for
6 hours as described in panel B.

3.2.4.5 FOXO1 transcription is regulated by FOXO3.

To test this hypothesis, we first analyzed the expression of FOXO genes in AG01518 fibroblasts trans-

duced with FOXO3-A3-ER. The activation of FOXO3-A3-ER by 4-hydroxy-tamoxifen induced the

expression of FOXO1 and FOXO4, as shown by quantitative PCR (Figure 3.13). The p27-KIP1 gene,

a well characterized target of FOXO3, was used as a positive control [94]. As shown in Figure 3.13,

it was regulated to a similar extent as FOXO1 and FOXO4. By contrast, we did not observe any regu-

68



lation of endogenous FOXO3, which was amplified with probes hybridizing with the 3’ untranslated

region of FOXO3, absent in the FOXO3-A3-ER construct. The expression of FOXO3-A3-ER was

controlled using FOXO3 oligonucleotides that were able to amplify the retroviral construct. Collec-

tively, these data indicated that FOXO3 activation can induce the expression of FOXO1 and FOXO4.

Figure 3.13: FOXO3 can induce FOXO1 and FOXO4 expression.
AG01518 cells were infected with FOXO3-A3-ER retroviruses or controls. After 48 hours, cells were treated
with 4-hydroxy-tamoxifen (black bars) or control medium (white bars) for 24 hours. RNA was extracted and
the expression of FOXO genes, p27-KIP1 and RPLP0 was measured by quantitative PCR.

We next analyzed the FOXO1 promoter. We isolated a 1238-base pair fragment of the human

FOXO1 gene promoter (Figure 3.15 A), which presents a relatively high level of homology with the
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mouse sequence. This fragment was cloned in front of a luciferase reporter gene and co-transfected

with FOXO3-A3-ER in HEK293T cells. In the presence of 4-hydroxy-tamoxifen, FOXO3-A3-ER

enhanced FOXO1 promoter activity (Figure 3.15 B). We next performed serial 5’ deletions of the

promoter (Figure 3.15 A) and analyzed the effect of FOXO3 activation. Deletion of 650 nucleotides

did not affect the promoter activity or its response to FOXO3 activation (Figure 3.15 B). By contrast,

FOXO3 activation had a much reduced impact on a 200-base pair promoter, and did not stimulate

the activity of promoters retaining only 132 or 79 base pairs. The in silico analysis of the FOXO1

promoter revealed a putative FOXO binding site located 370 nucleotides before the first exon. This

sequence is conserved in the mouse and rat genome (see Figure 3.14). Based on the consensus FOXO

binding site, we mutated two key adenines into cytosines (Figure 3.15 A). A full length 1238-bp

promoter harboring this mutation responded only weakly – but significantly (p<0.01) – to FOXO3-

A3-ER activation, compared to wild-type (Figure 3.15 B).

To test if FOXO1 could regulate the expression of its own gene, we transfected HEK293T cells

with wild-type FOXO1 and compared it with wild-type FOXO3, in a luciferase assay (Figure 3.15 C).

Transfection of FOXO3 strongly stimulated FOXO1 promoter activity, confirming the experiments

performed with FOXO3-A3-ER. FOXO1 stimulated the promoter of its own gene significantly, but

to a lesser extent compared to FOXO3. Mutation of the FOXO binding site of the FOXO1 promoter

abolished the effect of FOXO1 and decreased the effect of FOXO3.

To assess whether FOXO1 and FOXO3 were binding directly to the FOXO1 promoter, we per-

formed chromatin immunoprecipitation experiments with anti-FOXO antibodies. A 108-bp DNA

fragment that included the FOXO consensus site of the promoter was specifically associated with

FOXO1 in HEK293T cells (Figure 3.15 D). This effect was increased by FOXO1 transfection. FOXO3

was also bound to the same promoter fragment. Like in luciferase experiments described above, the

highest signal was observed in cells transfected with FOXO3-A3-ER and stimulated with 4-hydroxy-

tamoxifen. In conclusion, our data suggest that FOXO1 expression is up-regulated upon binding of

FOXO1 and FOXO3 proteins to the FOXO1 gene promoter. Nevertheless, a second regulatory mech-

anism may contribute to FOXO1 regulation independently of the consensus FOXO binding site that

we identified, as suggested by the effect of FOXO3 on the mutant promoter.

3.2.4.6 PDGF blunts the activation of the FOXO1 promoter by FOXO factors.

To investigate whether this mechanism could account for the regulation of FOXO1 by PDGF, lu-

ciferase reporter assays were performed in transfected NIH3T3 fibroblasts. We observed that PDGF

significantly repressed the transcriptional activity of the FOXO1 promoter (Figure 3.16 A). The ac-

tivity of the mutant FOXO1 promoter, which lacks the consensus FOXO binding site, was not stimu-

lated by PDGF. Next, we tested whether PDGF affected FOXO recruitment to the FOXO1 promoter

by chromatin immunoprecipitation. We observed that FOXO1 and FOXO3 were associated to the

FOXO1 promoter in AG01518 fibroblasts (Figure 3.16 B), in agreement with the results that we ob-

tained in HEK293T cells. Fibroblast stimulation with PDGF decreased the binding of FOXO1 and
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Figure 3.14: Comparison of the human, mouse and rat FOXO1 promoter sequences.
The alignment was performed using Clustal 2.0. The consensus forkhead box is shown in red. The DNA
fragment amplified by PCR in ChIP experiments is underlined.
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Figure 3.15: Identification of a FOXO-binding site in the FOXO1 promoter.
A- Fragments of FOXO1 promoter were cloned upstream of the luciferase reporter gene. B- Linearized con-
structs were transfected in HEK293T cells with Foxo3-A3-ER. Cells were treated with 4-hydroxy-tamoxifen
or left untreated for 24h before measuring luciferase and β-galactosidase activities. C- HEK293T cells were
co-transfected with FOXO1 promoter constructs and either wild-type FOXO1 or FOXO3. D- Chromatin im-
munoprecipitation assays for FOXO1 and FOXO3 binding to the FOXO1 gene promoter. After cross-linking
chromatin to DNA-interacting proteins, immunoprecipitations of FOXO1 or FOXO3 proteins using specific
antibodies were performed. Binding of FOXO proteins was measured by quantitative PCR amplification of
the FOXO1 gene promoter, as shown in Figure 3.14. The average values of three independent experiments,
expressed as percentages of the input DNA, are shown with SEM.
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FOXO3 significantly (Figure 3.16 B). Altogether, our data suggested that PDGF dampen the activation

of FOXO1 promoter by FOXO proteins.

Figure 3.16: PDGF inhibits FOXO binding to the FOXO1 promoter.
A- NIH3T3 mouse fibroblasts were transfected with the indicated FOXO1 promoter construct and stimulated
with PDGF-BB for 24h. Luciferase activities were measured as described in material and methods. One
representative experiment is shown with SD. B- AG01518 fibroblasts were starved for 48h and stimulated for
24h in the presence of PDGF (black bars) or control medium (white bars). Chromatin immunoprecipitations
were performed as described in Figure 3.15. The average values of three independent experiments, expressed
as percentages of the input DNA, are shown with SEM. N.t., not tested.

As mentioned above, the inactivation of FOXO proteins by growth factors has been ascribed to

the phosphorylation of FOXOs and their subsequent translocation from the nucleus to the cytosol

[54, 156]. This well-established pathway likely accounts for the inhibition of FOXO proteins by

PDGF in the present study (Figure 3.17). In addition, Aoki et al. showed that PDGF induces the

degradation of FOXO1 protein by proteasomes [18]. We observed that treating fibroblasts with the

proteasome inhibitor MG132 blocked the repression of FOXO1 mRNA expression by PDGF (Fig-

ure 3.18), suggesting that the degradation of FOXO by proteasomes may play a role in our model.

Altogether, these observations are in accordance with the model proposed by Matsuzaki and col-

leagues, who showed that both cytosolic retention and degradation of FOXO1 are required for its

efficient inactivation by insulin [229]. We can not rule out the involvement of additional layers of
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regulation, at the level of FOXO DNA binding or transcriptional activity, for instance [54].

Figure 3.17: Regulation of FOXOs by growth factors at the transcriptional and post-translational levels.
In the absence of growth stimulus (left panel), FOXO are activated and regulate the expression of a number
of target genes including FOXO1 and FOXO4. In the presence of growth factors (right), AKT inactivates
FOXO, switching off target gene expression and disrupting the positive feedback on FOXO transcription. P,
phosphorylated site.

3.2.5 Conclusions

Our data demonstrate that FOXO1 expression is stimulated by activated FOXO3, based on the follow-

ing observations: (i) FOXO3-A3-ER activation leads to increased FOXO1 expression and increased

FOXO1 promoter activity, (ii) wild-type FOXO3 over-expression also increases FOXO1 promoter

activity, (iii) FOXO3 binds to at least one consensus site in FOXO1 promoter and (iv) inactivation

of FOXO3 by phosphorylation in the presence of PDGF correlates with FOXO1 down-regulation.

Likewise, FOXO3 may also regulate the expression of FOXO4, as its expression is induced by ac-

tivated FOXO3-A3-ER and decreased by PDGF. However, no conserved consensus FOXO binding

site could be identified in the promoter of FOXO4. In addition, luciferase experiments and chromatin

immunoprecipitations suggested that FOXO1 induces the expression of its own gene. Since all FOXO
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Figure 3.18: The proteasome inhibitor MG132 blocks the effect of PDGF on FOXO gene expression.
AG01518 fibroblasts were starved for 48 h in serum-free medium. Cells with treated with PDGF-BB (25 ng/ml),
MG132 (20 µM) or control medium for 15h. Cells were harvested and RNA was extracted. Quantitative PCR
was performed to monitor FOXO1, FOXO4 and RPLP0 expression. Visual inspection of the cells revealed
significant toxicity induced by MG132, which might be caused by FOXO stabilization. Results are expressed as
a ratio between the expression of FOXO and RPLP0 with SD. **, p-value< 0.01.

transcription factors bind to the same promoter elements and share a number of target genes, it is

possible that they all induce the expression of FOXO1 and FOXO4, at least to some extent, creating a

positive feedback network controlling FOXO gene expression. Such positive feedback regulation has

been described for other transcription factors such as SREBP [93]. Understanding the regulation of

the FOXO3 gene by growth factors such as FGF requires further studies.

In accordance to the decrease in FOXO1 mRNA, we also observed a decrease in FOXO1 protein
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expression in cells treated with PDGF for 24 hours. However, FOXO1 degradation by proteasomes

may also contribute the decrease in FOXO1 protein. Since the transcriptional repression of FOXO1

gene also depends on protein degradation (Figure 3.18), it was not possible to discriminate between

these two possibilities.

In line with previous reports on other cell types [18, 42, 152], we show that activation of FOXO3

blocked the proliferation of human fibroblasts in response to growth factors. Conversely, reducing the

expression of the FOXO1 transcript with specific shRNA enhanced fibroblast proliferation. This latter

experiment indicated that the level of FOXO1 mRNA expression is an important determinant of cell

proliferation, in addition to the well characterized post-translational modifications of FOXO proteins

by AKT and other signaling kinases.

The regulation of FOXO mRNA expression may sustain or amplify the anti-proliferative and anti-

apoptotic effects that are initiated by the direct and rapid control of FOXO proteins by phosphorylation

in the presence of growth factors. Conversely, up-regulation of FOXO genes by activated FOXO3 may

also help to restore FOXO expression level upon growth factor withdrawal or stress.

In a microarray study, Zhu et al suggested that FOXO1 expression was down-regulated in mouse

B lymphocytes by several mitogens, such as interleukin-4, lipopolysaccharide, anti-IgM and anti-

CD40 [394]. Decreased mRNA expression of FOXO1, FOXO3 and FOXO4 has also been reported

in B cells upon activation of the B-cell receptor, which also induced FOXO1 protein phosphorylation

[150]. The decrease in FOXO1, FOXO3 and FOXO4 expression in these cells was sensitive to PI3

kinase inhibition, like in our study. However, FOXO1 was not down-regulated in cells deficient in

Bruton’s kinase, a key mediator of BCR signaling, although it could still be phosphorylated on serine

256, suggesting that the two processes were uncoupled. Thus, a different mechanism may account for

FOXO down-regulation in B lymphocytes.

As the constitutive activation of growth factor receptors and the PI3 kinase pathway is a frequent

event in cancer cells, our data predict that FOXO gene expression may be decreased in tumors, which

may contribute to uncontrolled cell growth. Interestingly, a decreased expression of FOXO3 correlates

with prostate cancer cell progression toward androgen independence [217]. Future studies will have

to determine whether the mRNA expression of FOXO genes is reduced in tumor cells.

In conclusion, we identified a new mechanism of regulation of FOXOs at the transcriptional level,

which modulates fibroblast proliferation.
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General Discussion
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CHAPTER 4

GENERAL DISCUSSION

Gene transcription is a major mechanism by which cells regulate and maintain their functions. This

process is subjected to a tight control involving many general and specific transcription factors. De-

pending on cell type, the regulation of these factors can be influenced by cell signalling pathways

induced by circulating agents, such as hormones, growth factors and immune complexes.

4.1 Gene expression induced by PDGF

In this study, we used microarrays to explore the gene expression response induced by growth factors

on primary human fibroblasts and a cancer cell line. Growth factors influence cells by inducing many

signalling cascades. The general action of these pathways is to monitor TF activation and repression

to coordinate biological effects, such as growth, cell division, metabolism and immune response. It is

thought that different growth factors regulate largely overlapping rather than independent set of genes

[115].

Platelet-Derived Growth Factor (PDGF) is the most studied growth factors in our laboratory, es-

pecially its action on primary fibroblasts. A particular issue that is covered by this thesis, is the gene

transcription response of fibroblasts when stimulated with PDGF. Demoulin et al., in our laboratory,

have already shown that fibroblasts turn on cholesterol and fatty acid metabolism, when stimulated

by this growth factor for a long time (24h), based on gene expression data. From the differentially

regulated list of genes, targets of Sterol Regulatory Element Binding Protein (SREBP) were recog-

nized. SREBP is a transcription factor involved in sterol biosynthesis. They further confirmed that

this transcription factor is induced by PDGF on primary fibroblasts via the PI3K signalling pathway.

Starting from these observations, our objective was to study in detail the fibroblast transcriptional

response induced by PDGF stimulation, and compare it to other growth factors, including Fibroblast

Growth Factor (FGF). To achieve this goal, we performed microarray experiments using Affymetrix

GeneChip arrays. In these experiments, we compared two time-point stimulations: short-term (1h)

and long-term (24h). After RNA extraction, hybridization, data normalization and condition compar-

ison, we end up with lists of genes significantly regulated in each time-point for both growth factors

compared to the non-stimulated control condition.
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A primary analysis of the significant list of genes differentially regulated between all conditions as

defined by SAM algorithm has revealed that a difference could be observed between PDGF and FGF

in term of gene regulation at the short time-point stimulation, however this difference is adjusted after

24h of stimulation, in which both growth factors induce a commonly regulated set of genes. These

findings suggest that a short action of growth factors may induce different signalling pathways, but a

long action ends toward overlapping pathways.

4.2 TFactS tool

The next step, was to analyze genes regulated by each growth factor to extract meaningful information

with respect to transcription factors and their activity. When analyzed by in silico promoter scanning

algorithms, SREBP binding elements were not found in the set of gene promoters regulated by PDGF

after 24h-stimulation. As an alternative approach, we sought to build a tool that can infer both the

regulation and the activity of TFs, in any biological system, based on lists of regulated genes as those

generated by microarrays. The idea is to automate, by a computer program, the process used by many

biologists, which consists on recognizing known target genes of a particular TF in the regulated gene

list, and perform a statistical analysis. We called this tool “TFactS.”

Strikingly, although Fisher’s test is used in gene function enrichment, TFactS approach had not

been previously used in TF mining. Databases of experimentally reported TF-gene regulations were

only used to build Position Weight Matrices (PWMs). These PWMs are the basis of the majority of

Transcription Factor Binding Site (TFBS) in silico discovery. Motivated by the availability of increas-

ing genome sequences, and the challenge to predict TFBS based only on the sequence-information

content, this field is rapidly expanding with an increasing number of published algorithms. The most

successful methods were reported for lower organisms, such as yeast, however the analysis of mam-

malian genomes is still challenging. The promoter sequence identification, the intergenic sequence

length and nucleotide content, in addition to the complexity of the gene transcription, involving in-

direct TF DNA binding and the epigenetic modifications are the major sources of problems for these

algorithms.

TFactS compares submitted lists of genes (up- and down- regulated) with a catalogue of TF-gene

regulations. Its primary objective is to detect not only significant TFs responsible for regulating these

lists, but also the activity of those TFs. Thereafter, two distinct catalogues were built from published

TF-gene regulations gathered from both the literature and TF databases for human, mouse and rat

experimentally known regulations. The first catalogue contains only associations between TFs and

their target genes without any information on the regulation-type (up- or down-regulation). This

catalogue is called “sign-less,” and used as a basis to detect TF regulation in the studied system. The

second catalogue, which takes into account the type of the regulation linking TFs to their targets, is

called “sign-sensitive.” It is the basis to infer TF activity from the submitted gene lists and needs a

clear separation between down- and up-regulated gene list submissions. The comparison is performed

according to Fisher’s test as inspired from the majority of biological information enrichment-based
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bioinformatics’ tools. When compared to some of the in silico prediction based tools on selected

microarray studies, for which authors defined experimentally the TFs involved, TFactS performed

better, although the compared tools use different background filtering methods, including phylogeny

conservation, context-sensitive and false positive rigorous filtering. This comparison can be critisized,

with respect to the choice of validation studies (although some were suggested by the reviewers), and

the parameters used for each tool (which may not be optimal). Importantly, TFactS is unable to find

novel target genes for a given TF.

4.3 Predicted TFs regulated by PDGF receptor

4.3.1 STAT

TFactS predicted an early specific activation of STAT by PDGF (Figure 4.1), when compared to other

growth factors in human primary fibroblasts. This was unexpected and requires a more detailed study

to unravel the mechanism behind. STAT activation by PDGF receptors plays a role in growth and

motility in vessel wall remodeling [194]. This activation is also involved in the proliferation induced

by PDGF receptor [312]. There is a possible role of Myc in STAT induced proliferation [46]. STAT

activation by PDGF receptors is not fully understood as many mechanisms were proposed according

to studied cell lines.

The specific activation of STAT by PDGFRβ and not by PDGFRα is in line with literature, in

which the major role of PDGFRβ in STAT activation is shown in comparison to PDGFRα [350].

Nevertheless, the PDGFRα expressed as a hybrid protein FIP1L1-PDGFRα in the EOL-1 cancer cell

line was suggested by TFactS to induce STAT activation, which was confirmed experimentally. Thus,

a careful study of the mechanisms by which STATs are activated preferentially by normal PDGFRβ

should be undertaken.

4.3.2 SREBP

When fed with the regulated gene lists in our microarray experiment, TFactS predicted significant

regulation and activation of SREBP by both PDGF and FGF after 24h-stimulation (Figure 4.1), con-

firming the findings of our laboratory that were previously described [84]. Since SREBP is responsible

for sterol biosynthesis, its induction by growth factors is essentially needed, in the context of in vitro

cultured primary fibroblasts, for the maintenance and the regeneration of cell membranes, especially

when cells are proliferating, which is the major action induced by growth factors. Thus, SREBP

activation may be part of the cell cycle as also suggested by the others [35].

4.3.3 FOXO

Interestingly, TFactS also predicted a significant regulation and inhibition of FOXO by both PDGF

and FGF after long-term stimulation (Figure 4.1). It is well known that FOXO are phosphorylated by
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AKT. This post-translational modification is responsible for their inhibition and exclusion from the

nucleus.

In this study, we have shown that in primary fibroblasts: (i) FOXO maintain their own gene

expression in a feed-back positive loop, which could be mastered mainly by FOXO3; (ii) FOXO

interfere with proliferation induced by PDGF; (iii) PDGF interrupts this FOXO feed-back positive

loop, by inducing AKT phosphorylation, which leads to inhibition of FOXO and their exclusion from

the nucleus. Our findings were confirmed by a recent paper [7].

FGF-induced inhibition of FOXO needs further investigations since this growth factor is not

known to activate AKT on human fibroblasts (see Figure 3.6). One possibility is that FGF inhibits

FOXO via the ERK pathway, since it is shown that ERK can also inhibit FOXO by phosphorylation

[376].

Based on these findings, we can assert that inhibition of FOXO at both protein and transcriptional

levels contribute to cell proliferation induced by growth factors. This is in line with SREBP and E2F

activation, suggesting cell entrance in division and proliferation.

4.3.4 Other transcription factors

TFactS predicted the regulation and activation of E2F, which is widely involved in cell division (Fig-

ure 4.1). Other TFs were predicted by TFactS as regulated, suggesting their additive role in the

proliferation induced by PDGF. The majority of them are in line with the literature. Some of them are

widely invloved in cell division and proliferation, such as MYC, AP-1, beta-catenin and NFκB. We

also observed the regulation of cell cycle genes by growth factors in neural stem cells (see Paper 5

in Annexes). PPARγ could be inhibited, since many studies have shown an interference between

proliferative-induction by PDGF and this TF [20, 125, 129, 206]. Some others represent new find-

ings like ATF, PPARα, GLI and FLI. These TFs need further investigations to confirm exactly their

activation state and the way they could be involved in this process.

4.4 TFactS potential applications

4.4.1 TFactS cancer screening

A potential use of TFactS could be in the oncology field. Indeed, many studies reported significant

differences in term of gene regulation between cancer classes, which opened an area of research in

the mechanisms underlying cancer development, progression and metastasis. These mechanisms have

been studied for diagnosis and prognosis purposes as well as for treatment development. The differ-

ences in gene regulation that govern these processes, could be a reflect of TF differential regulation

between cancer classes or between normal and malignant cells. To test the ability of TFactS to dis-

cover new TF regulations on cancer microarray data set, NCI60 collection was analyzed for gene

regulations and then submitted to sign-less TFactS. TFactS predicted a group of TFs as regulated in

most cancer types. These TFs are almost known as involved in cancer, including β-catenin, GLI,
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Figure 4.1: Transcription factor regulation by growth factors in fibroblasts as predicted by TFactS.
Significantly predicted TF regulations by TFactS are shown in white boxes, and predicted activations and inhi-
bitions are shown in red and green, respectively. The raw list was filtered by discarding TFs with less than 3
genes in the intersection between submitted genes and target genes.

NFκB, FOXO and SMAD.

We plan to screen larger cancer expression data sets from public databases (like GEO, ArrayEx-

press, Oncomine, . . . ), first to confirm TFactS findings on NCI60 data set, then to find new regulations

in other cancer types. We will particularly focus on FOXO regulation in cancer.

4.4.2 FOXO regulation in cancer

In the literature, FOXO have been associated with cancer and can act as tumor suppressors. FOXO

loss of function leads to increased cellular survival and a predisposition to neoplasia [285]. In addi-

tion, deletion of FOXO genes in mice engendered thymic lymphomas and hemangiomas [258]. An

indirect implication is also suggested from the position of FOXO downstream of AKT. Indeed, in
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many cancers, AKT pathway is activated, which leads to FOXO inhibition. However, there was no

systematic check for FOXO activity status in tumors. Therefore, a careful study should be done to

screen different tumor types for FOXO status, especially at the mRNA level.

The results of TFactS, on NCI60 cancer data set, suggest an important role of FOXO in tumors.

Our findings on the way FOXO could be silenced by growth factors, are in line with these prediction

results. Indeed, the feed-back positive loop by which FOXO maintain their expression and activation,

could be interrupted in tumors. This interruption would be induced either by an intervention at the

protein level and/or at the RNA level (Figure 4.2).

Figure 4.2: FOXO transcription factors could be regulated at different levels.
FOXO TFs may be regulated at different levels. At the protein level, they could be regulated through phos-
phorylation and degradation. At the RNA level, they could be regulated by transcription repressors and small
inhibitory RNA affecting RNA stability and translation.
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4.4.3 De novo TFBS predictions

TFactS uses already known TF-gene regulations, which makes the search for new regulations out of

context with this tool. It is designed to infer TF regulations but not gene regulations. However, TFactS

could be used as a guide to gene promoter analysis by in silico based methods. This could be done,

for example, by running clustering algorithms in gene expression data and detecting significantly

regulated TFs using TFactS on each cluster. Then, using the PWMs of these predicted TFs, one can

run pattern matching programs on the promoters of clustered genes. The newly discovered TFBS in

the promoters of genes that belong to a cluster and that are not known targets of the predicted TF

on that cluster could be the basis of experimental studies, such as luciferase activity tests and ChIP

experiments.

4.5 TFactS amelioration

4.5.1 More regulations

Adding more data in both sign-sensitive and sign-less catalogues is our priority. For sign-less cat-

alogue, we will add new regulations from TF databases as soon as they are available. However,

sign-sensitive catalogue will need manual curation of the literature. This is the only possibility while

waiting for a systematic annotation of the regulation type in the current TF databases. This option is

starting to be included in the recent TF databases, such as PAZAR.

It would be intersting to include regulations generated by high-throughput experiments, such as

microarrays, ChIP-on-chip and ChIP-Seq. However, since these methods are more noisy, a real strat-

egy to incorporate their results in the catalogue should be defined and tested. In addition, only mi-

croarrays generated results could be incorporated into the sign-sensitive catalogue, because they can

give information on the regulation type. One should be careful about incorporating raw microarray

data, since there is no evidence that regulated genes are direct targets of the studied TF.

The next versions of TFactS will integrate regulation data from high-throughput techniques. The

user will be given a choice to select either curated catalogues with high quality data or the high-

throughput generated catalogues with much more data of lesser quality.

4.5.2 Distinct species

TFactS catalogues, as implemented in the current version, are built in one-shot from three organisms

(human, rat and mouse). This does not prevent a good performance on the validation studies, which

contained both human and mouse models. However, separating catalogues in a species-relative fash-

ion is one of our goal. This should be relatively easy to implement since TF databases already include

this feature.
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4.5.3 Additional biological information mining

TFactS can also be extended to signalling pathway mining. This could be achieved by building cata-

logues of well-established gene-pathway and/or TF-pathway associations. In that way, each predicted

TF could be linked to one or more pathways. An addition of experimentally curated microRNA (miR)

target catalogue to TFactS will be a plus. Thus, regulated miRs in the system could also be predicted.

This will permit to build a global network view of the processes underlying the observed system tran-

scriptome. This network would be used to deduce the molecular events (signalling, TFs and miRs)

that could link a treatment, for instance, and the related mRNA signature.

This task will be surmounted by the availability of databases, such as NetPath, which contain

information on experimentally proven gene-pathway and TF-pathway associations [248]. In addition,

curated miR target databases, such as mir2disease, are also available [170].

4.5.4 Alternative tests to Fisher’s

TFactS uses Fisher’s test, which relies on the submitted gene list size. The robustness analysis showed

that when TFactS is fed with long lists, it still predicts accurately expected TF regulation. The addition

of noisy data to these lists did not affect the performance. However, the submitted gene list has to

contain sufficient number of target genes for a given TF to be predicted. In some situations, depending

on the studied system and the statistics used to analyze microarray data, it is impossible to have enough

regulated gene list. In this case, rather than Fisher’s test, other methods could be used. These methods,

such as Kolmogorov-Smirnov’s test, make use of intensities instead of gene counts. In addition, they

can use the whole expression data set. Thus, the performance of these alternatives using TFactS

catalogues should be tested.
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[43] BJÖRKLUND, S., ALMOUZNI, G., DAVIDSON, I.,
NIGHTINGALE, K. P., AND WEISS, K. Global tran-
scription regulators of eukaryotes. Cell 96, 6 (Mar
1999), 759–767.
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[103] EBERLÉ, D., HEGARTY, B., BOSSARD, P., FERRÉ,
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SUPPLEMENTARY TABLE 1

Supplementary Table 1: Oligonucleotides used for QPCR, ChIP and cloning, plus shRNA targeting FOXO1
gene.

Ref # Gene Application Forward primer Reverse primer
JB408/409 FOXO1 exons 2-3 (3’ UTR) qPCR GCTTCCCACACAGTGTCAAGAC CCTGCTGTCAGACAATCTGAAGTAC
JB456/457 FOXO1 exons 1-2 & ectopic1 qPCR CGCAGATCTACGAGTGGATGGT GGACAGATTGTGGCGAATTGAA
JB517/518 FOXO3 exons 2-3 (3’ UTR) qPCR GGGGAACTTCACTGGTGCTA TGTCCACTTGCTGAGAGCAG
JB388/389 FOXO3 exons 1-2 & ectopic1 qPCR TGAGAAGTTCCCCAGCGACTT TCCAACCCATCAGCATCCA
JB410/411 FOXO4 exons 2-3 qPCR TTGGAGAACCTGGAGTGTGACA AAGCTTCCAGGCATGACTCAG
JB414/415 FOXO6 exons 1-2 qPCR CCGTTACGTGCCCTACTTCAAG TTCTGCACGCGGATGAAAC
OPC1845/1846 p27 kip1 exons 1-2-3 qPCR CCTGCAACCGACGATTCTTC GGGCGTCTGCTCCACAGA
JB458/459 RPLP0 exons 6-7 qPCR TCTATCATCAACGGGTACAAACGA GGCCTTGACCTTTTCAGCAA
JB553/554 FOXO1 promoter (108 bp) ChIP AGTACTCGGCTCTGCTGCTC TGTTTCTGTGATTCTCTCGCC
JB441/442 FOXO1 promoter (1238 bp) Cloning GACAGATCGCAGCGAAAGAAAA GCCGCGAGGAATTCTACTCAA
FOXO1 shRNA sequences:
TRCN0000039578 FOXO1 shRNA FOXO1 gene silencing CCGGGCCTGTTATCAATCTGCTAAACTCGAGTTTAGCAGATTGATAACAGGCTTTTTG
TRCN0000039581 FOXO1 shRNA FOXO1 gene silencing CCGGCAGGACAATAAGTCGAGTTATCTCGAGATAACTCGACTTATTGTCCTGTTTTTG

1These oligonucleotides amplify FOXO constructs expressed from plasmids and retroviral vectors.
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SUPPLEMENTARY FIGURE 1

Supplementary figure 1: Hierarchical clustering of genes regulated by PDGF-BB and b-FGF.
SAM analysis was performed between conditions and the significant probe sets were hierarchical clustered. The intensities are in log2-
ratios. F1: b-FGF(1h); F24: b-FGF(24h); P1: PDGF-BB(1h); P24: PDGF-BB(24h).
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SUPPLEMENTARY TABLE 2: TFACTS
PREDICTIONS IN EOL-1 EXPERIMENT.
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Activated Transcription Factors:
Transcription Factor P.value E.value Q.value FDR control (B­H) Intersection Target genes Random Control(%)

STAT 1.00E-005 2.50E-004 8.95E-005 2.00E-003 9 89 0
STAT1 2.00E-005 5.00E-004 8.95E-005 4.00E-003 5 23 0
STAT3 9.00E-005 2.25E-003 2.69E-004 6.00E-003 6 48 0
STAT5 4.50E-004 1.13E-002 1.01E-003 8.00E-003 5 42 0
NFKB1 3.19E-002 7.97E-001 5.70E-002 1.00E-002 1 2 0

Inhibited Transcription Factors:
Transcription Factor P.value E.value Q.value FDR control (B­H) Intersection Target genes Random Control(%)

LEF1 1.61E-002 4.02E-001 4.02E-001 2.00E-003 1 1 0

Regulated Transcription Factors:
Transcription Factor P.value E.value Q.value FDR control (B­H) Intersection Target genes Random Control(%)

STAT 0.00E+000 0.00E+000 0.00E+000 6.94E­004 10 89 3
STAT1 0.00E+000 0.00E+000 0.00E+000 1.39E­003 8 61 1
STAT5 0.00E+000 0.00E+000 0.00E+000 2.08E­003 6 42 1
STAT3 0.00E+000 0.00E+000 0.00E+000 2.78E­003 7 67 2
NFKB1 0.00E+000 0.00E+000 0.00E+000 3.47E­003 9 119 1
TCF/BETA­CATENIN 2.00E­005 1.44E­003 2.16E­005 4.17E­003 11 306 15
RELA 2.00E­005 1.44E­003 2.16E­005 4.86E­003 6 70 1
BCL6 5.00E­005 3.60E­003 4.72E­005 5.56E­003 3 10 0
NFKB 2.80E­004 2.02E­002 2.35E­004 6.25E­003 5 74 0
STAT5B 3.60E­004 2.59E­002 2.72E­004 6.94E­003 3 18 0
FOXO 4.20E­004 3.02E­002 2.89E­004 7.64E­003 7 175 5
REL 5.70E­004 4.10E­002 3.59E­004 8.33E­003 3 21 2
STAT5A 6.60E­004 4.75E­002 3.84E­004 9.03E­003 3 22 0
FOXO1 9.50E­004 6.84E­002 4.89E­004 9.72E­003 6 145 3
E2F1 9.70E­004 6.98E­002 4.89E­004 1.04E­002 3 25 0
JUND 1.09E­003 7.85E­002 5.15E­004 1.11E­002 3 26 0
GLI 1.22E­003 8.78E­002 5.42E­004 1.18E­002 7 209 5
LEF1 1.66E­003 1.20E­001 6.97E­004 1.25E­002 3 30 0
MYC 4.12E­003 2.97E­001 1.64E­003 1.32E­002 11 564 19
P53 5.34E­003 3.85E­001 2.02E­003 1.39E­002 5 143 0
ELK1 6.12E­003 4.41E­001 2.20E­003 1.46E­002 2 15 0
EGR1 6.43E­003 4.63E­001 2.21E­003 1.53E­002 4 94 1
GAS 7.97E­003 5.74E­001 2.52E­003 1.60E­002 1 1 0
JUN 8.00E­003 5.76E­001 2.52E­003 1.67E­002 3 52 0
ATF4 8.78E­003 6.32E­001 2.65E­003 1.74E­002 2 18 0
ETS1 9.15E­003 6.59E­001 2.65E­003 1.81E­002 4 104 1
GLI2 9.46E­003 6.81E­001 2.65E­003 1.88E­002 4 105 2
NFIX 1.59E­002 1.14E+000 4.24E­003 1.94E­002 1 2 0
SP1 1.63E­002 1.17E+000 4.24E­003 2.01E­002 8 417 16
MAZ 2.37E­002 1.71E+000 5.60E­003 2.08E­002 1 3 0
FOSL1 2.37E­002 1.71E+000 5.60E­003 2.15E­002 1 3 0
ESR2 2.37E­002 1.71E+000 5.60E­003 2.22E­002 1 3 0
EGR3 3.15E­002 2.27E+000 7.00E­003 2.29E­002 1 4 0
FOXO4 3.15E­002 2.27E+000 7.00E­003 2.36E­002 1 4 0
TFAP2A 3.55E­002 2.55E+000 7.65E­003 2.43E­002 3 91 0
E2F 3.65E­002 2.63E+000 7.65E­003 2.50E­002 2 38 0
CREB1 4.48E­002 3.23E+000 9.08E­003 2.57E­002 4 169 5
ARNT 4.69E­002 3.38E+000 9.08E­003 2.64E­002 1 6 0
ATF6 4.69E­002 3.38E+000 9.08E­003 2.71E­002 1 6 0
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SUPPLEMENTARY TABLE 3: TFACTS
PREDICTIONS IN HUMAN FIBROBLAST

EXPERIMENT.

TFactS predictions based on significant gene lists regulated more than 2-fold by PDGF-BB and
b-FGF after 24h of stimulation.
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Activated Transcription Factors:
Transcription Factor P.value E.value Q.value FDR control (B­H) Intersection Target genes Random Control(%)
SREBP 1.00E-005 3.00E-004 3.00E-004 1.67E-003 9 46 0
E2F 7.70E-003 2.31E-001 1.16E-001 3.33E-003 5 38 0
PPARA 3.40E-002 1.02E+000 3.40E-001 5.00E-003 2 9 0

Inhibited Transcription Factors:
Transcription Factor P.value E.value Q.value FDR control (B­H) Intersection Target genes Random Control(%)
FOXO 1.00E-005 3.00E-004 3.00E-004 1.67E-003 18 175 0
FOXO1 2.00E-004 6.00E-003 3.00E-003 3.33E-003 14 144 0
FOXO3 1.29E-003 3.87E-002 1.29E-002 5.00E-003 8 66 0
RUNX2 3.34E-002 1.00E+000 2.50E-001 6.67E-003 1 1 0

Regulated Transcription Factors:
Transcription Factor P.value E.value Q.value FDR control (B­H) Intersection Target genes Random Control(%)

FOXO1 0.00E+000 0.00E+000 0.00E+000 5.26E­004 15 145 7
SREBP 0.00E+000 0.00E+000 0.00E+000 1.05E­003 9 46 0
FOXO 0.00E+000 0.00E+000 0.00E+000 1.58E­003 19 175 10
GLI 0.00E+000 0.00E+000 0.00E+000 2.11E­003 16 209 15

TCF/BETA­CATENIN 0.00E+000 0.00E+000 0.00E+000 2.63E­003 24 306 35
FOXO3 2.00E­005 1.90E­003 2.43E­005 3.16E­003 8 68 4
SP1 5.00E­005 4.75E­003 5.21E­005 3.68E­003 19 417 56
GLI2 6.00E­005 5.70E­003 5.47E­005 4.21E­003 9 105 5
AP1 1.00E­004 9.50E­003 8.11E­005 4.74E­003 8 88 4
CREB 1.90E­004 1.81E­002 1.39E­004 5.26E­003 6 51 1
E2F 3.80E­004 3.61E­002 2.52E­004 5.79E­003 5 38 3
E2F4 4.30E­004 4.09E­002 2.58E­004 6.32E­003 4 22 1
ATF1 4.60E­004 4.37E­002 2.58E­004 6.84E­003 6 60 7
STAT 6.70E­004 6.37E­002 3.49E­004 7.37E­003 7 89 2
STAT3 8.30E­004 7.89E­002 4.04E­004 7.90E­003 6 67 0
FLI1 1.11E­003 1.06E­001 5.06E­004 8.42E­003 4 28 2
ESR1 1.65E­003 1.57E­001 7.08E­004 8.95E­003 5 52 1
CREB1 1.97E­003 1.87E­001 7.99E­004 9.47E­003 9 169 8
ZBTB16 2.68E­003 2.55E­001 1.03E­003 1.00E­002 2 5 0
ATF2 3.19E­003 3.03E­001 1.16E­003 1.05E­002 4 37 3
TFAP2A 4.00E­003 3.80E­001 1.39E­003 1.11E­002 6 91 1
MYC 5.33E­003 5.06E­001 1.75E­003 1.16E­002 18 564 66
SP4 5.50E­003 5.23E­001 1.75E­003 1.21E­002 2 7 0
RARA 7.58E­003 7.20E­001 2.24E­003 1.26E­002 4 47 1
NFKB 7.68E­003 7.30E­001 2.24E­003 1.32E­002 5 74 3
ETS2 7.99E­003 7.59E­001 2.24E­003 1.37E­002 3 25 0
JUN 1.08E­002 1.03E+000 2.92E­003 1.42E­002 4 52 0
ETV4 1.33E­002 1.26E+000 3.46E­003 1.47E­002 3 30 1
RUNX2 1.67E­002 1.59E+000 3.70E­003 1.53E­002 1 1 0
GAS 1.67E­002 1.59E+000 3.70E­003 1.58E­002 1 1 0
FRA1 1.67E­002 1.59E+000 3.70E­003 1.63E­002 1 1 0
AP2G 1.67E­002 1.59E+000 3.70E­003 1.68E­002 1 1 0
ELK4 1.67E­002 1.59E+000 3.70E­003 1.74E­002 1 1 0
CEBPB 1.86E­002 1.77E+000 3.99E­003 1.79E­002 4 61 2
ETS 2.29E­002 2.18E+000 4.78E­003 1.84E­002 4 65 4
PPARG 2.87E­002 2.73E+000 5.75E­003 1.90E­002 3 40 1
RELA 2.91E­002 2.77E+000 5.75E­003 1.95E­002 4 70 2
AP2B 3.32E­002 3.15E+000 6.20E­003 2.00E­002 1 2 0
HOXA10 3.32E­002 3.15E+000 6.20E­003 2.05E­002 1 2 0
CEBPA 3.53E­002 3.35E+000 6.44E­003 2.11E­002 5 109 14
PPARA 4.33E­002 4.11E+000 7.50E­003 2.16E­002 2 20 2
SP3 4.71E­002 4.47E+000 7.50E­003 2.21E­002 5 118 3
REL 4.73E­002 4.49E+000 7.50E­003 2.26E­002 2 21 0
HLF 4.93E­002 4.69E+000 7.50E­003 2.32E­002 1 3 0
NR2E1 4.93E­002 4.69E+000 7.50E­003 2.37E­002 1 3 0
ARX 4.93E­002 4.69E+000 7.50E­003 2.42E­002 1 3 0
HNF1 4.93E­002 4.69E+000 7.50E­003 2.47E­002 1 3 0
FOSL1 4.93E­002 4.69E+000 7.50E­003 2.53E­002 1 3 0
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SUPPLEMENTARY TABLE 4: TFACTS
PREDICTIONS IN HUMAN FIBROBLAST

EXPERIMENT.

TFactS predictions based on significant gene lists regulated more than 2-fold by PDGF-BB and
b-FGF after 1h of stimulation.
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Activated Transcription Factors:
Transcription Factor P.value E.value Q.value FDR control (B­H) Intersection Target genes Random Detection(%)

CREB 4.03E­003 8.06E­002 8.06E­002 2.50E­003 3 51 0
NFKB 9.42E­003 1.88E­001 9.42E­002 5.00E­003 3 69 0
AP1 1.51E­002 3.02E­001 1.01E­001 7.50E­003 3 82 1
SMAD 3.56E­002 7.11E­001 1.45E­001 1.00E­002 2 46 0
GLI 4.32E­002 8.63E­001 1.45E­001 1.25E­002 4 210 0
TCF/BETA­CATENIN 4.34E­002 8.68E­001 1.45E­001 1.50E­002 5 310 0

Regulated Transcription Factors:
Transcription Factor P.value E.value Q.value FDR control (B­H) Intersection Target genes Random Detection(%)

NFKB 3.00E­005 1.74E­003 1.50E­004 8.62E­004 4 74 0
RELA 3.00E­005 1.74E­003 1.50E­004 1.72E­003 4 70 1
CEBPA 1.60E­004 9.28E­003 5.34E­004 2.59E­003 4 109 0
NFKB1 2.20E­004 1.28E­002 5.50E­004 3.45E­003 4 119 2
CREB 3.00E­004 1.74E­002 6.00E­004 4.31E­003 3 51 0
P53 4.50E­004 2.61E­002 7.15E­004 5.17E­003 4 143 1
CEBPB 5.00E­004 2.90E­002 7.15E­004 6.03E­003 3 61 0
ELK1 6.80E­004 3.94E­002 8.50E­004 6.90E­003 2 15 0
CREB1 8.40E­004 4.87E­002 9.20E­004 7.76E­003 4 169 4
TCF/BETA­CATENIN 9.20E­004 5.34E­002 9.20E­004 8.62E­003 5 306 1
REL 1.34E­003 7.77E­002 1.08E­003 9.48E­003 2 21 0
CEBPD 1.34E­003 7.77E­002 1.08E­003 1.03E­002 2 21 0
AP1 1.47E­003 8.53E­002 1.08E­003 1.12E­002 3 88 0
TFAP2A 1.62E­003 9.40E­002 1.08E­003 1.21E­002 3 91 0
JUND 1.62E­003 9.40E­002 1.08E­003 1.29E­002 2 23 0
EGR1 1.78E­003 1.03E­001 1.10E­003 1.38E­002 3 94 0
GLI 1.86E­003 1.08E­001 1.10E­003 1.47E­002 4 209 0
USF1 2.58E­003 1.50E­001 1.43E­003 1.55E­002 3 107 0
ATF2 4.16E­003 2.41E­001 2.19E­003 1.64E­002 2 37 0
SMAD 6.38E­003 3.70E­001 3.19E­003 1.72E­002 2 46 0
ESR2 7.92E­003 4.59E­001 3.68E­003 1.81E­002 1 3 0
ESR1 8.09E­003 4.69E­001 3.68E­003 1.90E­002 2 52 0
FOXO 1.02E­002 5.92E­001 4.27E­003 1.98E­002 3 175 0
STAT6 1.06E­002 6.12E­001 4.27E­003 2.07E­002 1 4 0
ATF1 1.07E­002 6.19E­001 4.27E­003 2.16E­002 2 60 0
ETS 1.24E­002 7.22E­001 4.79E­003 2.24E­002 2 65 2
STAT3 1.32E­002 7.64E­001 4.85E­003 2.33E­002 2 67 2
FOXO3 1.36E­002 7.87E­001 4.85E­003 2.41E­002 2 68 0
NFKB2 1.58E­002 9.15E­001 5.09E­003 2.50E­002 1 6 0
CEBPG 1.58E­002 9.15E­001 5.09E­003 2.59E­002 1 6 0
JUND1 1.58E­002 9.15E­001 5.09E­003 2.67E­002 1 6 0
SP1 2.12E­002 1.23E+000 6.56E­003 2.76E­002 4 417 2
USF2 2.16E­002 1.25E+000 6.56E­003 2.85E­002 2 87 0
SRF 2.36E­002 1.37E+000 6.74E­003 2.93E­002 1 9 0
NFAT2 2.36E­002 1.37E+000 6.74E­003 3.02E­002 1 9 0
ETS1 3.02E­002 1.75E+000 8.25E­003 3.10E­002 2 104 1
GLI2 3.07E­002 1.78E+000 8.25E­003 3.19E­002 2 105 0
NFAT1 3.13E­002 1.82E+000 8.25E­003 3.28E­002 1 12 0
ATF4 4.67E­002 2.71E+000 1.20E­002 3.36E­002 1 18 0
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SUPPLEMENTARY TABLE 5: TFACTS
PREDICTIONS IN HUMAN FIBROBLAST

EXPERIMENT.

TFactS predictions based on significant gene lists regulated specifically by PDGF-BB after 1h of
stimulation.
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Activated Transcription Factors:
Transcription Factor P.value E.value Q.value FDR control (B­H) Intersection Target genes Random Control(%)
STAT3 0.00E+000 0.00E+000 0.00E+000 2.38E-003 8 48 2
STAT 0.00E+000 0.00E+000 0.00E+000 4.76E-003 10 89 2
STAT1 5.00E-005 1.05E-003 3.47E-004 7.14E-003 4 23 1
STAT5 5.40E-004 1.13E-002 2.81E-003 9.52E-003 4 42 2
SMAD 8.64E-003 1.81E-001 3.60E-002 1.19E-002 3 46 0
NFKB1 1.89E-002 3.96E-001 6.54E-002 1.43E-002 1 2 0

Regulated Transcription Factors:
Transcription Factor P.value E.value Q.value FDR control (B­H) Intersection Target genes Random Control(%)

STAT3 0.00E+000 0.00E+000 0.00E+000 7.35E­004 8 67 1
STAT 0.00E+000 0.00E+000 0.00E+000 1.47E­003 10 89 0
JUN 1.00E­005 6.80E­004 2.37E­005 2.21E­003 5 52 0
JUND 1.00E­005 6.80E­004 2.37E­005 2.94E­003 4 26 0
RELA 3.00E­005 2.04E­003 5.68E­005 3.68E­003 5 70 0
STAT5 6.00E­005 4.08E­003 9.47E­005 4.41E­003 4 42 0
SMAD3 1.60E­004 1.09E­002 2.13E­004 5.15E­003 3 21 0
SP1 1.80E­004 1.22E­002 2.13E­004 5.88E­003 9 417 8
STAT1 2.50E­004 1.70E­002 2.63E­004 6.62E­003 4 61 0
NFKB1 3.20E­004 2.18E­002 3.03E­004 7.35E­003 5 119 0
NFKB 5.20E­004 3.54E­002 4.48E­004 8.09E­003 4 74 3
SMAD 1.63E­003 1.11E­001 1.26E­003 8.82E­003 3 46 1
FOS 1.73E­003 1.18E­001 1.26E­003 9.56E­003 3 47 0
TCF/BETA­CATENIN 4.21E­003 2.86E­001 2.44E­003 1.03E­002 6 306 2
JUNB 4.62E­003 3.14E­001 2.44E­003 1.10E­002 2 20 0
SMAD4 4.62E­003 3.14E­001 2.44E­003 1.18E­002 2 20 1
GAS 5.16E­003 3.51E­001 2.44E­003 1.25E­002 1 1 0
AP2G 5.16E­003 3.51E­001 2.44E­003 1.32E­002 1 1 0
FRA1 5.16E­003 3.51E­001 2.44E­003 1.40E­002 1 1 0
PITX2 5.16E­003 3.51E­001 2.44E­003 1.47E­002 1 1 0
AP2B 1.03E­002 7.00E­001 4.43E­003 1.54E­002 1 2 0
RELB 1.03E­002 7.00E­001 4.43E­003 1.62E­002 1 2 0
HIF1A 1.46E­002 9.90E­001 5.83E­003 1.69E­002 2 36 0
MSX2 1.54E­002 1.05E+000 5.83E­003 1.77E­002 1 3 0
FOSL1 1.54E­002 1.05E+000 5.83E­003 1.84E­002 1 3 1
E2F 1.61E­002 1.10E+000 5.88E­003 1.91E­002 2 38 1
MYC 2.25E­002 1.53E+000 7.88E­003 1.99E­002 7 564 16
RARA 2.41E­002 1.64E+000 8.15E­003 2.06E­002 2 47 2
AP2A 2.55E­002 1.74E+000 8.33E­003 2.13E­002 1 5 0
ESR1 2.91E­002 1.98E+000 9.19E­003 2.21E­002 2 52 0
ARNT 3.06E­002 2.08E+000 9.33E­003 2.28E­002 1 6 1
MEF2A 3.56E­002 2.42E+000 1.02E­002 2.35E­002 1 7 2
SP4 3.56E­002 2.42E+000 1.02E­002 2.43E­002 1 7 1
P53 3.66E­002 2.49E+000 1.02E­002 2.50E­002 3 143 0
CDX2 4.05E­002 2.76E+000 1.10E­002 2.57E­002 1 8 0
HNF1B 4.55E­002 3.09E+000 1.16E­002 2.65E­002 1 9 0
GATA1 4.55E­002 3.09E+000 1.16E­002 2.72E­002 1 9 0
FOXO3 4.75E­002 3.23E+000 1.18E­002 2.79E­002 2 68 1
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SUMMARY

During this work, we developed TFactS (www.tfacts.org), a bioinformatics tool that predicts the
activation (or inhibition) of transcription factors based on a list of regulated genes generated by expres-
sion microarrays. Using Fisher’s statistics, TFactS compares a list of regulated genes with a database
of transcription factors associated with well-established target genes. This approach is an alterna-
tive to the systematic analysis of gene promoters using consensus transcription factor binding sites.
We showed that it can be used to analyze published cancer microarray data. TFactS was validated
experimentally by analyzing gene regulation by platelet-derived growth factor (PDGF) receptors.

PDGF stimulates cell migration and proliferation in wound healing, angiogenesis and embryogen-
esis, as well as in different types of cancers. We performed microarrays to identify genes regulated by
PDGF receptors in fibroblasts and leukemic cells. TFactS suggested that PDGF activates transcrip-
tion factors of the STAT and SREBP families, in line with our experimental data. TFactS has also
predicted an inhibition of Forkhead box O (FOXO) transcription factors. It was already known that
PDGF inhibits these factors by stimulating their phosphorylation by AKT. Our data demonstrate that
PDGF also represses the expression of FOXO genes at the mRNA level. We showed that FOXO3 and
FOXO1 can bind to FOXO1 gene promoter and stimulate FOXO1 mRNA transcription in a positive
feed-back loop that is disrupted by growth factors. This process contributes to the growth promoting
activity of PDGF. The data also suggest a mechanism by which growth factors may down-regulate
FOXO genes in tumors.

In conclusion, this work describes a new approach for transcription factor mining in microarray
expression data. This allowed us to decipher the transcriptional regulations triggered by PDGF re-
ceptor signaling. This tool may contribute to the global analysis of transcriptional networks in cancer
cells.
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RÉSUMÉ

Nous avons développé TFactS (www.tfacts.org), un outil qui prédit l’état de régulation (activa-
tion ou inhibition) des facteurs de transcription à partir des données des microarrays. TFactS utilise le
test de Fisher pour comparer les listes de gènes régulés à une base de données liant les facteurs de tran-
scription à leur gènes cibles. Cette approche représente une alternative aux méthodes dites in silico,
qui se basent sur la recherche de motifs de fixation de facteurs de transcription dans les promoteurs de
gènes régulés. TFactS a été validé expérimentalement sur les gènes régulés par le PDGF.

Le PDGF est un facteur de croissance qui induit la migration et la prolifération des cellules lors
de la cicatrisation, l’angiogenèse et l’embryogenèse, ainsi que dans différents types de cancers. Nous
avons réalisé des expériences de microarrays pour identifier les gènes régulés par le récepteur du
PDGF dans les fibroblastes normaux et dans une lignée cancéreuse de leucémie. TFactS, appliqué
sur ces données, a suggéré une régulation de plusieurs facteurs de transcription dont STAT et SREBP,
validés expérimentalement. TFactS a aussi prédit l’inhibition par le PDGF d’un groupe de facteurs de
transcription FOXO, suppresseurs de tumeurs, impliqués dans l’apoptose et l’arrêt du cycle cellulaire.
Le récepteur du PDGF induit la phosphorylation de FOXO par AKT provoquant son inactivation et
son exclusion du noyau. Nous avons montré que ce récepteur, en plus, inhibe l’expression des gènes
FOXO. En effet, nos résultats montrent que FOXO3 et FOXO1 activent l’expression du gène FOXO1
en se fixant directement sur son promoteur. Ceci suggère un maintien de l’activité de FOXO, en
absence d’un signal de croissance, par une boucle d’activation positive dans laquelle l’activation de
FOXO induit sa propre expression. Lors d’une stimulation par le PDGF, cette boucle est rompue et la
cellule retrouve les conditions nécessaires pour la prolifération. Ce mécanisme pourrait être impliqué
dans différents cancers.

Ce travail présente une nouvelle approche pour la détection des facteurs de transcription régulés
à partir de données d’expression. Son application au PDGF a contribué à la compréhension des
régulations induites par ce facteur. TFactS pourrait permettre l’élaboration et l’analyse des réseaux de
transcription dans les tumeurs.
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