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Abstract 

Non-Hodgkin’s lymphoma (NHL) is a group of B-cell malignancies that is the 5th 

most common cancer in males and the 4th most common cancer in females. Three 

of the four most common histological subtypes of NHL are Diffuse Large B-cell 

Lymphoma (DLBCL), Follicular Lymphoma (FL) and B-cell Chronic Lymphocytic 

Leukemia (B-CLL), which together make up over 60% of NHL cases. These 

diseases vary in both aetiology and aggressiveness, with patient prognosis 

predicted using indices that rely on biological surrogates in order to predict disease 

behavior. This results in a large degree of heterogeneity within prognostic groups, 

with some high-risk patients demonstrating long survival and low-risk patients 

undergoing rapid transformation and succumbing to an early death. The use of 

molecular profiling allows interrogation of genetic and transcriptional features of 

tumor samples that are directly indicative of cellular mechanisms of disease 

pathogenesis. This is therefore an attractive option for more accurately predicting 

patient prognosis and thereby allowing design of risk-adapted therapeutic regimes 

in order to increase survival rates. 

 

In this work whole-genome gene expression and single nucleotide polymorphism 

(SNP) microarrays have been employed in order to interrogate the transcriptome 

and genome of NHL tumor samples. In order to allow informed analysis of 

genomic data-sets within the context of gene networks, novel bioinformatic 

methods were required. This work therefore included the development of novel 

methods for informed analysis of genome-wide SNP microarray data, visualization 

of the subsequent gene-set enrichment analysis (GSEA) results, as well as 

bioinformatic methods for mapping loss-of-heterozygosity without the need for 

patient-matched control samples. Following development, the utility of these 

genome-wide approaches for the elucidation of pathogenic mechanisms with the 

use of small sample sizes was investigated by the interrogation of a novel 

immunodeficiency disorder. This resulted in our characterization of the first 
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described case of immunodeficiency linked with a chromosomal duplication of the 

IL25 locus at 14q11.2 and an aberrant Th2-switching mechanism. It also provided 

proof that whole-genome analyses could be used to determine pathogenic 

mechanisms of disease. 

 

Whole-genome transcriptional profiling was subsequently used in order to 

elucidate features associated with response to chemotherapy in FL patients. 

Differential gene expression analysis implicated a large number of genes, including 

cellular oncogenes, FOX-family genes, MAF-family genes, and genes associated 

with helper T-cell (Th) lineages. The differential expression of genes associated 

with Th lineages in patients with complete response (CR) to chemotherapy 

compared to those who failed to achieve CR, provided some indication that Th1 

and Th2 differentiation is suppressed and the Th17 lineage promoted in patients 

failing to achieve CR. However, due to the limited insight that can be gained from 

differential gene expression analysis, these results were further interpreted using 

GSEA and our novel method of pathway component crosslinking (PCC). This 

revealed that components within the MAPK pathway were important in 

mediating chemotherapeutic response. The MAPK pathway may therefore present 

itself as a potential therapeutic target or predictor of therapeutic response in NHL.  

 

In order to predict conserved mechanisms of disease pathogenesis within three 

important subtypes of NHL, genome-wide DNA copy number analysis was used in 

order to highlight patterns of copy number variation (CNV) that are present in a 

high frequency of each of the subtypes. These analyses highlighted 6 regions of 

conserved CNV among NHL samples that mapped over the LMO4, PLSCR1, 

RKTG, RCC2, MPDZ and PIK3C2G genes. Each of these genes was found to 

function in regulating the stimulation or propagation of signals across the MAPK 

pathway, and implicated signalling from the IL6 receptor. This trend was 

maintained within results from our genome-wide SNP screens for features 
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associated with genetic susceptibility to NHL. Using our novel methods of 

informed analysis and visualisation of results, this genetic susceptibility pilot study 

again found the MAPK pathway to be central to disease aetiology, and additionally 

implicated the IL6 signalling pathway. This was an interesting finding in light of 

previous associations of the Th17 with disease pathogenesis, as IL6 also functions 

in promoting Th17 differentiation. 

 

Although whole-genome microarrays are valuable tools for elucidating large 

patterns of change that are associated with disease pathology, they are not 

sensitive enough to investigate single-gene candidates and their potential role in 

oncogenesis. For this reason, the whole-genome approach to interrogating 

pathogenic mechanism of NHL was also complimented by detailed investigation of 

3 candidate genes using sensitive laboratory techniques. These candidate genes 

included a MAF-family gene (BACH2), a FOX-family gene (FOXP1), and a p53 

family member (TP73). These gene families were all implicated by the work in 

this thesis in regulating chemotherapeutic response in FL. Furthermore, the 

individual candidates all had previous association with NHL pathogenesis. 

 

The BACH2 gene is a member of the MAF-family of genes that was implicated as 

part of this work by gene expression profiling of chemotherapeutic response in FL 

patients. Although high expression of BACH2 protein had been previously 

associated with a favourable outcome in a Japanese cohort of DLBCL patients, its 

role in NHL pathogenesis had not been investigated in a Caucasian population and 

no insight had been gained into its possible tumor suppressor function. BACH2 

functions as a transcriptional repressor that binds MARE elements such as the 

HS1, HS2, HS3 and HS4 elements of immunoglobulin heavy-chain (IgH) 

promoter. The IgH locus is targeted by frequent translocations in NHL, including 

the t(14;18)(q21;q34) translocation which places the anti-apoptotic BCL2 gene 

under its control. However, this translocation is not invariably associated with 
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high BCL2 expression, indicating that other factors may influence expression from 

these loci. Using a sensitive PCR-based technique, t(14;18)(q21;q34) translocations 

were detected in 57% of NHL samples in this investigation. The transcript 

abundance of both BCL2 and BACH2 was then measured relative to an internal 

reference gene by quantitative real-time polymerase chain reaction (qPCR). This 

showed that, in line with previous investigations, there was no significant 

difference in BCL2 expression between translocation-positive and translocation-

negative patients. However, translocation-positive patients with low BACH2 

expression demonstrated significantly higher levels of BCL2 transcript compared 

to both translocation-negative patients and translocation-positive patients with 

high BACH2 expression. This indicated that BACH2 may play a role in repressing 

BCL2 expression from the t(14;18)(q21;q34) translocation that is found in a high 

frequency of NHL patients.  

 

The FOXP1 gene is a member of the forkhead box family of genes that had also 

been implicated in chemotherapeutic response by gene expression profiling 

conducted as part of this thesis. This gene functions as a transcriptional repressor 

that has been implicated as both an oncogene and tumor-suppressor gene, and has 

been shown to repress transactivation of NFκB-responsive genes. High expression 

of FOXP1, as measured by immunohistochemistry (IHC), has been inconsistently 

associated with a poor outcome in DLBCL and FOXP1 transcript abundance is also 

used as a discriminating marker for DLBCL cell of origin subtypes. Recently, N-

terminally truncated isoforms of FOXP1 have been described that lack poly-

glutamine and coiled-coil domains, and were therefore hypothesised to have a 

competitive inhibitory role on full-length FOXP1 isoforms. Using a novel qPCR 

assay, we measured the relative abundance of full-length and truncated FOXP1 

isoforms in NHL tumor samples and control hyperplastic lymphoid tissue (HLT). 

The relative isoform abundance was then evaluated against microarray-based 

measurements of the expression of 111 NFκB-associated genes in order to 
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investigate their effect on NFκB signalling. Using this approach, we found that the 

transcript abundance of truncated isoforms of FOXP1 was significantly increased 

in FL and DLBCL tumor samples compared to control HLT. In FL samples, this 

was associated with increased expression of a large number of NFκB-associated 

genes and a decreased response to chemotherapy; however this trend was not 

maintained in DLBCL samples. This suggests that, in FL, the relative abundance of 

full-length and truncated isoforms of FOXP1 may regulate NFκB activity, This 

assay may therefore be used as a marker of this gene signature, and could also be 

potentially utilised as a predictor of chemotherapeutic response. 

 

The TP73 gene was selected for detailed investigation because of observations 

within this thesis of its association with chemotherapeutic response and its 

frequent hemizygous deletion in FL and DLBCL. The TP73 gene is a homologue of 

p53, which functions in regulating cellular responses to DNA damage by 

inhibiting cell-cycle progression and promoting apoptosis. This gene has been 

shown to be targeted by hemizygous deletion and hypermethylation in NHL 

tumors, and N-terminally truncated variants (ΔTAp73) have been shown to 

possess an oncogenic function by inhibiting the activity of p53 and full-length 

TP73 (TAp73). Using EpiTyper technology, genome-wide DNA copy number 

analysis and genome-wide transcriptional analysis, we confirmed that the TP73 

gene is targeted by hypermethylation and hemizygous deletion within our NHL 

sample cohort and that hemizygous deletion was accompanied by increased 

expression of genes that regulate oncogenic RAS activity. Using a novel qPCR 

assay, the relative abundance of TAp73 and ΔTAp73 isoforms was assessed in NHL 

tumor and control HLT samples, and compared to gene expression microarray-

based gene-expression measurements of a large number of p53- and RAS-

associated genes. Using this approach, we found that ΔTAp73 isoforms showed 

increasing abundance with increasing tumor aggressiveness. Furthermore, 

increasing abundance of ΔTAp73 was associated with gene-expression pattern 
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indicative of decreasing p53 activity and also with the increasing expression of 

RAS-associated genes. This provides strong evidence that oncogenic shifts in the 

relative abundance of TAp73 and ΔTAp73 isoforms can inhibit the activity of p53 

and may therefore allow escape from RAS-induced senescence. This is a 

particularly important observation in light of observations in this thesis that 

implicate the MAPK pathway as being central to NHL pathogenesis, as RAS can 

activate MAPK cascades. 

 

In conclusion, the work in this thesis describes the development of novel methods, 

the use of whole-genome screens to elucidate perturbations associated with the 

molecular pathogenesis of NHL, and defines the roles of three candidate genes in 

regulating important cellular mechanisms of lymphomagenesis. This work 

provides a platform for future investigations through the development of 

bioinformatics protocols and by highlighting potential candidate genes for future 

investigation. Furthermore, this thesis details promising molecular markers for 

disease pathogenesis as well as highlighting a range of potential therapeutic 

targets. 
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1.1 What is Non-Hodgkin’s Lymphoma? 

Non-Hodgkin’s Lymphoma (NHL) is a group of hematological malignancies that 

originates in lymphoid tissue; different cancers can develop from other types of 

tissue and then spread to lymphoid tissue, but these are not lymphomas.  

Lymphoid tissue consists of the primary lymphoid organs where lymphocytes 

develop, the thymus and the bone marrow (BM), and secondary lympoid organs 

that mediate immune responses to infection, such as the lymph nodes, spleen, 

mucosa-associated lymphoid tissue (MALT), adenoids and tonsils. Lymph nodes 

are the most commonly affected lymphoid tissue in NHL. These are small organs 

that are spread over the body and connected by the lymphatic system. In order to 

assess the spread of disease, lymph nodes are classified into regions by the Ann 

Arbor and Binet staging systems (Sections 1.6.4.1 and 1.6.4.2). These regions 

encompass groups of proximate lymph nodes so that disease spread is assessed over 

larger anatomical regions rather than between individual nodes. The main type of 

cells contained in lymphoid tissue are lymphocytes; consisting of either B-cells or 

T-cells. Although both of these cell types can be the progenitor for NHL, over 85% 

of cases are B-cell in origin [NCCN, 2006]. Three of these B-cell malignancies are 

the focus of this work.  

 

1.1.1 B-cells 

B-cells are the antibody producing cells of the body. These cells are found in the 

bone marrow, where they mature, and also in lymphoid tissue, blood and lymph. 

A normal adult is estimated to have 1011 B-cells, and produce them at a rate of 

approximately 2x107-5x107 cells per day [Pathak and Palan, 2005]. However, a 

large number of these (approximately 95%) die by apoptosis before reaching the 

periphery due to faulty gene rearrangement, anti-self receptor expression, lack of 

stimulation or other factors [Pathak and Palan, 2005]. 
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B-cell maturation begins with differentiation of pluripotent hematopoietic stem-

cells into lymphoid progenitor cells. During B-cell development the lymphoid 

progenitor cell differentiates into the earliest committed B-cell precursor, the pre-

pro-B cell. This cell has its immunoglobulin (Ig) genes in the germ-line 

conformation, and only shows low expression of the genes responsible for V(D)J 

recombination, such as Recombination Activating Genes (RAG1 and RAG2) and 

Terminal deoxynucleotide Transferase (TdT). These genes are induced by 

cytokines during progression to early pro-B cells [Mak and Saunders, 2006].  

 

During the early pro-B cell stage there is limited cell-surface expression of CD45, 

as well as expression of a precursor B cell receptor (BCR) composed of Ig-α, Ig-β 

and calnexin. Recombination of the Diversity (IgD) and Joining (IgJ) regions of the 

Ig heavy chain (IgH) locus signifies progression to late pro-B cells, during which 

stage the DJ region is recombined with the Variable (IgV) region of the IgH locus. 

Late pro-B cells also express the first surface antigen related to B-cell 

differentiation, CD19 [Pathak and Palan, 2005]. 

 

After successful V(D)J recombination of the IgH locus, a pre-BCR is expressed 

with functional IgH molecules and two non-functioning surrogate light chain 

(IgL) molecules [Mak and Saunders, 2006]. This cell is referred to as a large pre-B-

cell. The expression of the pre-BCR is an important checkpoint in B-cell 

maturation; failure to express this molecule causes cells to be deleted by apoptosis, 

and expression facilitates allelic exclusion, subsequent differentiation and clonal 

expansion to form small pre-B-cells [Mak and Saunders, 2006]. Small pre-B-cells 

are arrested in the G1 phase of the cell-cycle, during which stage recombination of 

the IgV and IgJ regions of the IgL genes (Igκ or Igλ) takes place. Due to more than 

one locus being present for the IgL chain, there is not only allelic exclusion, but 

also isotypic exclusion [Mak and Saunders, 2006].  
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If recombination of the IgL genes is successful, a fully functional BCR will be 

expressed on the surface of the next stage in maturation, the immature B-cell. If 

expression of a functional BCR fails, cells are deleted by apoptosis. During this 

stage B-cells also undergo negative selection. Cells are exposed to self-antigens, 

and those that are reactive are either deleted by apoptosis or anergised. Those cells 

that are not self-reactive colonise lymphoid follicles and express homing receptors 

allowing them to recirculate as naïve mature B cells. In order to survive, these 

cells require the survival factors provided by lymphoid follicles, so must continue 

to recirculate. Important survival stimuli include signalling through the BCR, 

CD45, and BAFF. 

 

If unstimulated, circulating naïve B-cells will pass through primary follicles, 

return to circulation via the lymph, and die by apoptosis soon after [Pathak and 

Palan, 2005]. Upon antigen stimulation, naïve B-cells create a primary focus of 

proliferating cells, followed by a germinal centre (GC) and secondary follicle 

[Pathak and Palan, 2005]. Class-switch recombination, somatic hypermutation of 

IgV genes, and affinity maturation within the GC result in terminal-differentiation 

of naïve B-cells and leads to the formation of antibody producing plasma cells. 

These either migrate to the medullary cords of the lymph node, to the bone 

marrow (BM), or re-enter circulation as memory B-cells. 
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1.2 Epidemiology of Non-Hodgkin’s Lymphoma  

NHL constitutes approximately 45% of haematological malignancies and 88% of 

Lymphomas. In Australia NHL affects around 3,500 people per year, making it the 

5th most common cancer in males and the 4th most common cancer in females. The 

incidence of this group of malignancies has risen sharply in the last two decades 

(Figure 1.01) and continues to steadily rise at a rate of 3-4% per year in most 

Westernized countries [Fisher and Fisher, 2004]. This increased prevalence is 

extraordinary in comparison to other cancers, and is paralleled only by that of skin 

cancer. Approximately 50% of the increase in NHL cases has been the result of 

improved cancer reporting, the increased sensitivity of diagnostic techniques and 

changes in classification. Another large proportion of the increase has been the 

result of the global Human Immunodeficiency Virus (HIV) epidemic, which 

particularly affects males between the ages of 25 and 54 [Fisher and Fisher, 2004].  
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Figure 1.01: Temporal changes in incidence and mortality of NHL in Males and Females residing in 

Australia. Figure from Grulich and Vajdic (2005). 

 

Although NHL is the 4th most common cancer in children, this is primarily due to 

its association with congenital immunodeficiency (Section 1.4.3). Most cases 

present at an advanced age, with the highest number of diagnoses in individuals in 

their 70’s [Grulich and Vajdic, 2005]. It is more common in whites than blacks, 

and occurs more frequently in males than in females [Fisher and Fisher, 2004]. 
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1.3 Classification of Non-Hodgkin’s Lymphoma 

The classification of haematological malignancies has been evolving throughout 

the 20th and 21st centuries. For nearly two decades the dominant classification 

criteria were the Kiel classification system and the Working Formulation [NHLCP, 

1997]. This was eventually integrated into one system by the Revised European-

American Lymphoma (REAL) classification system, before being revamped by the 

International Lymphoma Study Group and a clinical advisory committee to the 

World Health Organisation (WHO). Today, the first step in evaluating any patient 

with a haematological malignancy is classification of their tumor using the WHO 

classification system [Armitage, 2005]. 

 

The WHO classification system incorporated the previous criteria outlined by the 

REAL classification system with changes prompted by years of clinical experience 

utilizing it [Harris et al., 1994]. The REAL classification system operated on the 

premise that distinct disease entities should be defined using all available 

information. This led to the definition of neoplasms with criteria such as cellular 

morphology, immunophenotype, genetic features and clinical features [Harris et 

al., 1994]. The WHO classification system maintained these criteria, but allowed 

for the division of single disease entities, as described by the REAL classification, 

into distinct sub-categories as well as the adoption of amended nomenclature and 

the instatement of previously ‘provisional’ disease entities as ‘real’.  

 

Using the WHO classifications, B-cell malignancies are divided into precursor B-

cell neoplasms and mature B-cell neoplasms. Precursor B-cell neoplasms have only 

one major category of disease, precursor B-lymphoblastic leukemia/lymphoma. 

Mature B-cell neoplasms are divided into 12 major categories of disease: 
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• B-cell chronic lymphocytic leukemia / small lymphocytic lymphoma 
• B-cell prolymphocytic leukemia 
• Lymphoplasmocytic lymphoma 
• Splenic marginal zone B-cell lymphoma 
• Hairy cell leukemia 
• Plasma cell myeloma / plasmacytoma 
• Extranodal marginal zone B-cell lymphoma of MALT type 
• Nodal marginal zone B-cell lymphoma 
• Follicular lymphoma 
• Mantle-cell lymphoma 
• Diffuse large B-cell lymphoma 
• Burkitt’s lymphoma / Burkitt cell leukemia 
 

1.3.1 Focus of this Investigation 

This investigation has focused on three of the most common B-cell malignancies, 

which together make up 62% of all NHL cases; Diffuse Large B-cell Lymphoma 

(DLBCL), Follicular Lymphoma (FL) and B-cell Chronic Lymphocytic Leukemia 

(B-CLL). These malignancies are proposed to originate from mature B-cells, as 

determined by the rearrangement of their IgH and IgL genes [Alizadeh and Staudt, 

2000]. However, each differs with respect to their progression through the 

germinal centre (Figure 1.02). FL cells have a growth pattern resembling that of 

GC B-cells (GCB) [Shaffer et al., 2002], and the vast majority express the germinal 

centre B-cell marker, BCL6 [Colomo et al., 2003]. Approximately half of DLBCL 

cases also possess a GCB phenotype (Section 1.8.1.1) [Davis and Staudt, 2002]. 

However, the remaining cases more closely resemble post-GC activated B-cells 

(ABC) (Section 1.8.1.1) [Davis and Staudt, 2002]. B-CLL biologically and clinically 

resembles low-grade lymphoma [Hanada et al., 1993], and is classed as a low-grade 

lymphoma by the REAL classification system [Harris et al., 1994]. The normal 

cellular counterpart of B-CLL was long postulated to be the CD5+ mantle-zone B-

cell due to their general CD5-positivity. However, subsequent gene expression 

profiling has shown that B-CLL more closely resemble memory B-cells than CD5+ 

B-cells or GCBs [Klein et al., 2001]. Only 50-70% of B-CLL cases show 

hypermutation of IgV genes [Klein et al., 2001]. This resulted in sub-classification 
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of B-CLL into Ig-mutated and Ig-unmutated cases (Section 1.8.3.1), which are 

respectively presumed to have transited the GC or developed independently of the 

GC [Klein et al., 2001]. Further evidence for an association between these 

malignancies is provided by the ability of both FL and B-CLL to transform in 

DLBCL-like disease (Sections 1.5.2.3 and 1.5.3.3). This suggests that FL and B-CLL 

may represent indolent examples of NHL that are capable of progressing to 

phenotypically-similar representations of an example of aggressive NHL, DLBCL. 

 

Mantle Zone

Germinal Centre

Marginal Zone

B-CLL (UM-IgV)

FL
DLBCL (GCB)

Naïve B-cell GC B-cell

B-CLL (M-IgV)
DLBCL (ABC)

Mature B-cell

 
Figure 1.02: Proposed cellular origin of malignancies focused on in this investigation, and their 
molecular subtypes. 
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1.4 Etiology of Non-Hodgkin’s Lymphoma 

The etiology of NHL is not as well delineated as in many other malignancies. But 

many of the cytogenetic alterations and genetic mutations are introduced by 

aberrations within processes associated with normal B-cell maturation. The 

presence of the t(14;18)(q21;q32) translocation in up to 85% of FLs [Hanada et al., 

1993; Shipp, 1994] suggests that this is the cause of initial transformation for this 

subtype. However, DLBCL and B-CLL are not similarly defined by a single genetic 

aberration, suggesting that their etiology is either yet to be defined or due to 

different combinations of synergistic aberrations in each case that result in 

transformation. There are several other etiological factors in this complex group of 

malignancies; for example, primary or secondary immunodeficiency is consistently 

and strongly associated with lymphomagenesis. Immunodeficiency-associated 

lymphoma is often, but not exclusively, also associated with Epstein Barr Virus 

(EBV) infection. In addition, chronic antigen stimulation caused by a range of 

other pathogens and diseases has also been associated with lymphomagenesis, and 

a genetic component has been demonstrated in healthy individuals (Section 5.1.2). 

  

1.4.1 Hazards of B-cell Development 

The nature of adaptive immunity requires the integration of B-cell homeostasis 

with specificity-based selection mechanisms involving the rearrangement and 

somatic hypermutation of Ig genes. Errors during these processes can lead to the 

acquisition of genetic aberrations that can result in the failure of B-cells to 

apoptose, or can lead to abnormal rates of B-cell proliferation. For example, 

reciprocal chromosomal translocations produced during V(D)J recombination, 

involving one of the Ig loci and an oncogene, are typical of B-cell malignancies 

(Section 1.4.1.1) [Kuppers, 2005]. The process of somatic hypermutation also plays 

a significant role in the generation of B-cell malignancies. The BCL6 and FAS 

genes of many normal GC B-cells have been found to contain mutations, 

indicating that inappropriate targeting of somatic hypermutation may contribute 
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to the development of B-cell malignancies [Peng et al., 1999; Pascqualucci et al., 

2001]. In support of this theory, aberrant hypermutation of many oncogenes have 

been reported in normal GC B-cells and DLBCL [Peng et al., 1999; Pasqualucci et 

al., 2001]. The potential for genetic aberrations to occur at any one of these GC B-

cell specific events provides some explanation for the large proportion of B-cell 

malignancies that originate from cells that have traversed the GC [Kuppers, 2005]. 

 

1.4.1.1 Genetic Translocations  

Rearrangement of the Variable, Diversity and Joining regions of the Ig genes in 

developing B-cells allows for the production of polyclonal populations of cells 

with a varied Ig repertoire. However, aberration of this process resulting in the 

recombination of active Ig regulatory regions with cellular oncogenes is a frequent 

pathogenic mechanism in B-cell lymphomas. The most commonly translocated 

oncogenes in NHL are BCL2, BCL6 and MYC.  

 

The t(14;18)(q32;q21) translocation, placing the anti-apoptotic BCL2 gene 

proximal to the Ig heavy-chain (IgH) promoter, occurs in up to 85% of FL and 

30% of DLBCL [Hanada et al., 1993; Shipp, 1994]. Not only is this translocation 

present in a large proportion of NHL cases, but B-cell clones containing the BCL2 

translocation also increase in frequency with age in healthy individuals. Over-

expression of BCL2 can inhibit apoptosis and is associated with poor prognosis, but 

the BCL2 translocation is not invariably associated with high BCL2 expression 

[Gascoyne et al., 1997; Lopez-Guillermo et al., 1999]. This is potentially due to 

other factors that regulate expression controlled by the IgH promoter, presenting a 

hypothetical multiple hit mechanism involving BCL2 translocation and up-

regulation of IgH expression by antigen stimulation or other factors. In order to 

define the true role of Ig translocations in NHL pathogenesis, we have 

characterised one of these secondary mechanisms (Section 7.1). 
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The BCL6 gene, located at 3q27, functions as a transcriptional repressor that is 

required for germinal centre formation [Akasaka et al., 2003; Shaffer et al., 2006]. 

Like BCL2, BCL6 is targeted by translocations with IgH genes at 14q32, but also 

with the κ or λ IgL regions at 2p11 and 22q11, respectively [Arber, 2000], and a 

range of non-Ig genes [Akasaka et al., 2000]. These translocations are found in 

approximately 40% of FL patients, and are believed to place patients at a higher 

risk of histological transformation (Section 1.5.2.3) [Akasaka et al., 2003]. BCL6 

translocations are also found in up to 35% of DLBCL cases and are paradoxically 

associated with both extra-nodal disease [Akasaka et al., 2000] and a favourable 

outcome [Lossos et al., 2001]. 

 

The t(8;14)(q24;q32) translocation, placing the MYC oncogene under control of 

the IgH promoter, occurs in up to 15% of DLBCL cases [Kramer et al., 1998]. The 

function of MYC is not well defined, but the product of this gene is known to have 

deoxyribose nucleic acid (DNA)-binding activity and function in cell-cycle 

progression and apoptosis [Chang et al., 2000]. Although strong MYC expression is 

associated with histological transformation of FL (Section 1.5.2.3) and higher 

disease stage in DLBCL [Chang et al., 2000], the presence of the t(8;14)(q24;q32) 

translocation has been shown to be associated with longer overall survival in 

DLBCL patients [Kramer et al., 1998]. 

 

1.4.2 Epstein Barr Virus 

EBV is a herpes virus with B-cell transforming capability. Approximately 90% of 

the world’s population is infected, resulting in polyclonal activation and 

proliferation of B-cells [Fisher and Fisher, 2004; Muller et al., 2005]. However, 

initial infection is generally sub-clinical due to the control of EBV-mediated 

lymphoproliferation by EBV-specific cytotoxic T-cells resulting in viral latency. 

EBV infection is therefore only lymphomagenic with concurrent immune 

dysregulation, such as that caused by chronic malarial infection, HIV infection 
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(Section 1.4.5), or by immunosuppressive drugs (Section 1.4.4). Immune 

dysregulation can result in the polyclonal proliferation of EBV-immortalised B-

cells. The high mitotic rate of these cells leads to an increased chance of genetic 

mutation, resulting in the proliferation of monoclonal cells with specific 

cytogenetic abnormalities.  

 

1.4.3 Congenital Immunodeficiency 

Primary immunodeficiency disorders that have increased risk of NHL include 

Severe Combined Immunodeficiency Disorder (SCID), X-linked 

Agammaglobulinemia (XLA), Wiskott-Aldrich Syndrome (WAS), Ataxia 

Talangiectasia (A-T), Nijmegen Breakage Syndrome (NBS) and Bloom’s Syndrome. 

The risk of developing NHL varies depending on the severity and etiology of the 

disorder. In many cases of immunodeficiency, especially those that do not result 

from defects in DNA repair pathways (eg. SCID, XLA and WAS), causes of NHL 

are similar to that in acquired immunodeficiency; that is, increased susceptibility 

to infection with lymphomagenic pathogens such as EBV (Section 1.4.2) [Grulich 

and Vajdic, 2005].  

 

Other primary immunodeficiency disorders, such as A-T, NBS and Bloom’s 

Syndrome are furthermore predisposed to developing NHL due to aberrations in 

pathways that respond to DNA damage [Varon et al., 1999; Ellis and German, 

1996]. Double-stranded break (DSB)-repair is an especially important process 

within the lymphoid lineage due to the DSBs introduced during V(D)J 

recombination. It is thus logical that genes with a role in resolving recombination 

activating gene (RAG)-mediated DSBs at Ig loci are important factors in 

lymphoma predisposition. However, not all lymphoma-associated translocations 

involve Ig loci, suggesting that genes with a general role in DSB-repair are 

important contributors to lymphoma susceptibility. Good examples of this contrast 

are the inherited genetic disorders NBS and Bloom’s syndrome. Both of these 
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disorders are characterised by genetic instability and susceptibility to cancer, 

particularly NHL. The product of the gene that is mutated in NBS (NBS1) forms a 

complex with MRE11 and RAD50 during non-homologous end-joining (NHEJ) of 

DSBs, including the hairpinned structures created by the RAG recombinases 

[Kanaar et al., 1998]. Bloom’s syndrome is caused by mutation of the BLM gene, 

coding for a DNA helicase involved in DSB-repair, but which does not appear to 

be associated with V(D)J recombination [Vanasse et al., 1999]. This illustrates that 

defects in DNA repair mechanisms are important contributors to NHL 

predisposition whether associated with V(D)J recombination or not.  

 

1.4.4 Organ Transplant and Autoimmune Disorders 

Organ transplantation and autoimmune disorders both result in chronic antigen 

stimulation and are treated with immunosuppressive drugs. The contribution of 

chronic inflammation to NHL risk has been demonstrated by a 25-fold increased 

risk of NHL in high-inflammatory rheumatoid arthritis compared to low-

inflammatory rheumatoid arthritis [Fisher and Fisher, 2004]. However, 

immunosuppression resulting in unrestrained EBV-mediated lymphoproliferation 

is perceived to be the primary etiological factor [Fisher and Fisher, 2004]. The risk 

of NHL is directly related to the intensity and duration of immunosuppression. 

This is illustrated by the 20-fold relative risk of developing NHL following kidney 

transplant, with lower intensity immunosuppression, compared to the 120-fold 

relative risk following heart transplant, with higher intensity immunosuppression 

[Grulich and Vajdic, 2005].  

 

1.4.5 Human Immunodeficiency Virus 

The prevalence of NHL in males between 25- and 40-years of age increased 

dramatically during the 1980’s due to the HIV epidemic. HIV specifically infects 

CD4+ T-cells, but >90% of HIV-associated NHLs are derived from B-cells. This 

indicates that predisposition to NHL is due to a secondary mechanism, such as 
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decreased T-cell immunosurveillance or increased cytokine production, rather 

than an oncogenic activity of HIV. HIV infection can result in increased 

susceptibility to EBV infection, reactivation of a previous EBV infection, or the 

increased production of cytokines that cause B-cell activation and proliferation 

[Powles et al., 2000]. HIV-associated NHL tumors have a wide pathological 

spectrum, but the majority are high-grade, present in extra-nodal sites and are 

EBV-positive [Grulich and Vajdic, 2005]. Prior to the development of highly 

active anti-retroviral therapy, NHL was diagnosed at a rate 60-fold higher in HIV-

infected individuals than the general public [Powles et al., 2000]. Introduction of 

highly active antiretroviral therapy led to an approximate 42% reduction in HIV-

associated NHL, but much of this was attributable to a decrease in Central Nervous 

System NHL [Fisher and Fisher, 2004]. HIV-infection therefore remains an 

important etiological factor of NHL. 

 

1.4.6 Other Pathogens 

Other pathogens that have been linked to the development of B-cell NHL include 

Hepatitis C Virus (HCV), Helicobacter pylori, Campylobacter jejuni, and Human 

Herpes Virus 8 (HHV8). Chronic antigen stimulation by the E2 protein of HCV 

can result in mixed cytoglobulinemia, a benign lymphoproliferative disorder that 

can progress to B-cell NHL [Muller et al., 2005]. Infection with H. pylori and C. 

jejuni have both been associated with increased risk of MALT Lymphoma, but 

only H. pylori infection has been associated with increased risk of splenic 

marginal-zone lymphoma [Muller et al., 2005]. HHV8 infection has been 

associated with a rare form of NHL, primary effusion lymphoma, but this is usually 

associated with concurrent infection with either HIV (Section 1.4.5) and/or EBV 

(Section 1.4.2) [Fisher and Fisher, 2004]. 
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1.5 Disease Background, Diagnosis and Treatment 

1.5.1  Diffuse Large B-cell Lymphoma 

DLBCL is the most common form of NHL and constitutes approximately 30-40% 

of all adult lymphomas in Western countries [Poulsen et al., 2005]. It may occur at 

any age, but incidence increases with advancing age and the median age of 

presentation is in the sixth decade [Harris et al., 1994]. Unlike FL, DLBCL is more 

common in males, and shows a male:female ratio of 2-3:1 [Harris et al., 1994]. 

Patients often present with a rapidly enlarging mass at a single nodal or extranodal 

site, usually within the abdomen [Harris et al., 1994]. Patients may also present 

with symptoms related to B-cell abnormalities (B-symptoms; fever, night sweats, 

severe itchiness, weight loss), or symptoms related to the affected area; for 

example, lymphomas of the stomach can cause stomach pain, nausea and a 

reduction in appetite, whereas lymphomas of the thymus or lymph nodes of the 

chest may cause irritation of the trachea or swelling of the head and arms by 

compression of the superior vena cava (SVC syndrome) [NCNN, 2006]. Unlike FL 

and CLL, DLBCL is defined as an aggressive disease [Shipp, 1997]; it is associated 

with a rapidly progressive clinical course and a median survival of one to two 

years if left untreated [Uherova et al., 2001]. However, with high-dose 

combination chemotherapy, 60-80% of patients achieve complete response and 

approximately 40% appear to be cured [Robbins et al., 1999; Coiffer, 2001]. 

 

1.5.1.1 Diagnosis  

Although fine needle aspiration of enlarged lymph-nodes is useful as a preliminary 

investigation, histopathological review of an affected lymph-node is necessary for 

the definitive diagnosis of DLBCL [NCCN, 2006]. As indicated by the name of the 

disease, B-cells in the lymph node display a diffuse histology, although pseudo-

follicles can sometimes be seen. An example of the histological appearance of 

DLBCL cells is shown in Figure 1.03. Sections from the tumor should be 

immunophenotyped for the CD20 B-cell marker, the CD3 T-cell maker, the CD10 
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and BCL6 germinal centre markers, the anti-apoptotic protein BCL2, the 

proliferation marker MIB1, and the mantle-cell marker CD5 [NCCN, 2006]. All 

DLBCL cases are expected to be CD20+ and CD3-, but expression of the remaining 

markers may vary.  

 

 
Figure 1.03: Histological appearance of DLBCL. A mixture of centroblastic cells (exhibiting 1-3 
peripheral nuclei) and immunoblastic cells (exhibiting a single central nuclei) can be seen1 
 
 
It is also essential to determine the spread of the disease by physical examination, 

chest X-ray, and/or computed tomography (CT) scans. A biopsy or aspirate of the 

BM is also advised by both the NCCN [NCCN, 2006] and NCI-sponsored working 

group [Cheson et al., 1999] in order to determine BM involvement prior to 

treatment. BM biopsy is either scored as positive if there is unequivocal evidence 

of malignancy, negative if there are no aggregates or a few well circumscribed 

aggregates, or undeterminate if there are an increased number of aggregates but 

with no atypical cellular morphology [Cheson et al., 1999]. The presence of 

cytopenias, as determined by a complete blood count (CBC), can also provide 

indication of BM involvement. Several other tests also provide valuable prognostic 

information, including serum levels of lactate dehydrogenase (LDH; Section 

1.6.1.1) and Beta-2-Microglobulin (β2M, Section 1.6.1.2) level. Karyotype analysis 

is not common for DLBCL cases in clinical practice. However, chromosomal 

duplication over several oncogenes, including BCL2, MYC and REL are common 

in this disease and are of prognostic importance [Rao et al., 1998].  

                                                 
1 Figure from Harris et al. (1994) 
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1.5.1.2 Treatment  

Treatment decision for DLBCL is based upon the bulk and spread of the disease as 

determined by the Groupe d’Etude des Lymphomes Folliculaires criteria (GELF; 

Section 1.6.1.6) and the international prognostic index (IPI; Section 1.6.2.1) or 

revised-IPI (R-IPI; Section 1.6.2.2) staging respectively [Armitage, 1993]. Patients 

with early stage disease can be treated less aggressively with short-course 

combination chemotherapy regimes followed by radiotherapy. All advanced stage 

patients receive full-course combination chemotherapy with or without 

Rituximab. Combination chemotherapy with Cyclophosphamide, Vincristine, 

Prednisone and Doxorubicin (CHOP) was the gold standard chemotherapy regime 

for treatment of DLBCL for over 25 years [Armitage, 1993; Coiffier, 2001]. The 

addition of Rituximab, an anti-CD20 monoclonal antibody, with CHOP (R-CHOP) 

has led to an increased rate of event-free survival (EFS; 47.5% for R-CHOP 

compared to 28% for CHOP) [Feugier et al., 2005] and is one of the two 

recommended first-line therapies in the NCCN clinical guidelines for oncology 

[NCCN, 2006]. The other recommended first-line therapy is Rituximab in 

combination with Etoposide, Prednisone, Vincristine, Cyclophosphamide and 

Doxorubicin (EPOCH). Despite the range of therapies available there is a marked 

difference in therapeutic response in DLBCL patients; approximately 50% can be 

cured with combination chemotherapy, while others die within a few years [Davis 

and Staudt, 2002]. 

 

1.5.1.3 Treatment Response Criteria 

The measurement of chemotherapeutic response in NHL patients following a 

treatment regime is important for assessing the success of the initial treatment and 

possibly directing future treatment. Until recently, therapeutic response was 

defined by the regression of disease in the patient, as assessed by lymph node size 

and the involvement of extra-nodal sites such as the BM, spleen and liver [Cheson 

et al., 1999]. However, as technology has evolved and become more readily 
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available in diagnostic laboratories, these criteria have evolved to incorporate the 

use of [18F]fluorodeoxyglucose (FDG) positron emission tomography (PET), flow 

cytometric analyses and immunohistochemistry (IHC) [Cheson et al., 2007].  

 

PET is a powerful imaging technique that can utilize the uptake of FDG in 

respiring tumor tissues, in order to stage, re-stage, or assess therapeutic response in 

some NHL subtypes. Although it is not recommended for all cases due to 

variability in FDG-avidity between histologic subtypes, it has been shown to be 

beneficial for both pre- and post-treatment assessment of potentially curable and 

FDG-avid NHL subtypes such as DLBCL. This allows the accurate delineation of 

the extent of pre-treatment disease and precise assessment of complete remission 

following treatment [Cheson et al., 2007]. Therapeutic response is now therefore 

determined by a combination of results from both a traditional clinical 

examination as well as imaging results. Patients are thereby classified into one of 

four categories; (i) complete response (CR), if there is a complete disappearance of 

all evidence of disease, (ii) partial response (PR), if disease has not appeared at new 

sites and there is a measurable regression at disease sites noted prior to therapy, 

(iii) progressive disease (PD), if any lesion that was present prior to therapy 

increases in size by ≥50% or there is any new lesion, or (iv) stable disease (SD), if 

the patient does not meet the criteria for CR, PR or PD. In addition to the criteria 

stated here, there are additional criteria based upon the size of the liver and 

spleen, the presence of a lymphocytic infiltrate in the bone marrow, and other 

PET-based criteria.  
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1.5.2 Follicular Lymphoma 

Follicular lymphoma comprises 22% of NHL [Shaffer et al., 2002], making it the 

second most common form of lymphoma in Western countries [Sakata et al., 

2004]. It usually affects middle aged adults, and has an equal incidence in males 

and females [Harris et al., 1994]. Patients tend to present with painless 

lymphadenopathy in the neck, inguinal or axillae regions [Rohatiner and Lister, 

2005], but may also show involvement of extranodal sites such as the spleen or BM 

[Robbins et al., 1999]. As for all NHLs, patients may also present with B-symptoms 

and/or other symptoms depending on the location of the lymphoma.  

 

FL is characterized as a clinically indolent disease, but shows great heterogeneity 

in clinical outcome; many patients have a long clinical course with frequent 

relapses, whereas others undergo rapid transformation to aggressive disease 

(Section 1.5.2.3). FL relapses vary in clinical aggressiveness, but become 

progressively more refractory to treatment. It is the development of 

chemotherapy-resistant disease and transformation of FL to DLBCL that are the 

main causes of death in these patients, resulting in a median survival of 10 years 

[Bjork et al., 2005]. 

 

1.5.2.1 Diagnosis  

The definitive diagnosis of any NHL requires the excision and histological 

investigation of an affected lymph node [Cheson et al., 1999; NCNN, 2006]. An 

example of the histological appearance of FL can be seen in Figure 1.04. Unlike 

other NHLs, the growth pattern of FL resembles that of normal GC B-cells [Shaffer 

et al., 2002]. Additional immunohistochemical characterization of neoplastic cells 

is also recommended; FL should be positive for the CD20 B-cell marker, negative 

for the CD3 T-cell marker, negative for the CD5 mantle-cell marker, and will 

usually be positive for the anti-apoptotic protein BCL2 and the CD10 germinal 

centre marker [NCNN, 2006]. 
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Figure 1.04: Histological appearance of FL. Left: Follicular histology of neoplastic cells. Centre: Normal 
reactive germinal centre. Right: Neoplastic follicle showing small cleaved cells (centrocytes) and large non-
cleaved cells (centroblasts). Figures from Harris et al. (1994) 

 

1.5.2.2 Treatment and Response Criteria 

Treatment selection is highly individualized and based upon many considerations 

including age, comorbidities and the stage of disease. Reflective of the 

heterogeneity of FL and its therapeutic outcome, are the multiple forms of 

treatment including watchful waiting, radiotherapy, single-agent chemotherapy 

(either alkylating agents or purine analogs), multi-agent chemotherapy, interferon 

treatment and monoclonal antibody-based therapy [Reiser and Diehl, 2002].  

 

In advanced stage patients with a low tumor burden a watchful waiting approach 

is generally adopted until disease progression [Reiser and Diehl, 2002]. When 

compared to immediate treatment with combination chemotherapy regimes, this 

initial no-treatment policy has been found to have no significant affect on OS of 

patients [Horning, 2000]. For patients with early stage disease radiotherapy can be 

effective; this cures approximately 50% of Ann Arbor stage I patients and 

approximately 25% of stage II patients [Reiser and Diehl, 2002]. The median time 

taken for FL patients to progress to a state requiring chemotherapeutic treatment 

is 3 years [Bjork et al., 2005]. 

 

For the majority of advanced stage FL patients, current chemotherapy regimes are 

not effective enough to cure [Reiser and Diehl, 2002]. Even with CR to therapy, 

20 
 



the rate of relapse remains fairly consistent. In advanced cases, or when chemo-

resistance is encountered, patients may be treated with autologous stem cell 

transplant or allogenic bone marrow transplant following high-dose 

chemotherapy [Reiser and Diehl, 2002]. However, the majority of cases are treated 

with similar therapeutics to that employed for DLBCL. The first-line therapies 

recommended by the NCNN clinical practice guidelines [NCNN, 2006] are: 

• Chlorambucil 
• Cyclophosphamide 
• CHOP +/- Rituximab 
• CVP (Cyclophosphamide, Vincristine, Prednisone) +/- Rituximab 
• Fludarabine +/- Rituximab 
• FND (Fludarabine, Mitoxantrone, Dexamethazone) +/- Rituximab 
• Radioimmunotherapy +/- Rituximab followed by Radiotherapy 
 

Treatment response is assessed in the same way as DLBCL (Section 1.5.1.3). 

However, due to frequent relapses that become more refractory to chemotherapy, 

only the response to first-line treatment is used in this investigation. Furthermore, 

due to the low number of samples accompanied by clinical data, patients are 

classified only as having either a complete response or failing to achieve a 

complete response (PR, SD and PD). 

 
1.5.2.3 Histological Transformation  

Histological transformation of FL to DLBCL is defined as the loss of follicular 

architecture with an associated evolution to large cell morphology [Freedman, 

2005]. This has been described in up to 85% of cases [Elintoba-Johnson et al., 

1998; Glas et al., 2005] and is associated with a progressive clinical course, 

therapeutic resistance, and a median survival of 12 months [Hough et al., 2001]. 

The likelihood of transformation is relatively uniform for the first 6 years 

following diagnosis, but decreases thereafter [Bastion et al., 1997]. Neither disease 

stage nor performance status is predictive of transformation. However, 

transformation is more frequent in patients with a high serum albumin level (< 

3.5g/dL) and a high serum β2M level (≥ 3 mg/L), and was less frequent in patients 
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who showed CR to initial treatment [Bastion et al., 1997]. Several genomic 

aberrations have been found to be associated with transformation in FL patients, 

including chromosomal duplication at 2p, 7p 12p, 12q and 13q, and chromosomal 

deletion at 4q [Tagawa et al., 2005]. The CDKN2A, CDKN2B and TP53 (see 

Appendix II) genes have also been linked to transformation of FL due to their 

mutation and/or deletion in the majority of cases [Freedman, 2005]. 
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1.5.3 Chronic Lymphocytic Leukemia 

CLL is the most common form of leukaemia among Western adults [Dighiero and 

Binet, 2000], but is classified as a subtype of NHL. The median age of presentation 

in CLL is 60 years, and males are affected approximately twice as frequently as 

females [Robbins et al., 1999]. Approximately 95% of CLL is B-cell in origin 

[Pathak and Palan, 2005], with immunophenotypes related to mature B-cells 

[Damle et al., 2002], and cells matching the B-CLL immunophenotype have been 

found in up to 3.5% of adults with normal blood counts [Rawstron et al., 2002].  

 

The symptoms of CLL are not generally associated with the early stages of disease 

at which most patients are diagnosed, meaning that 80-90% of patients are 

asymptomatic at the time of diagnosis [Kay et al., 2002a]. In the later stages of 

disease, the accumulation of CLL B-cells in the BM often causes normal BM 

function to be interrupted, leading to leukocytopenias as well as anaemia and/or 

thrombocytopenia [Cheson et al., 1996]. Leukocytopenias may culminate in an 

increased rate of infection by Staphylococcus aureus, Streptococcus pneumoniae, 

and Haemophilus influenzae [Pathak and Palan, 2005]. Approximately 20% of CLL 

patients will also develop an autoimmune disorder such as autoimmune 

haemolytic anaemia or idiopathic thrombocytopenia purpura [Pathak and Palan, 

2005]. Other common clinical presentations include weight loss, extreme fatigue 

and fever [Cheson et al., 1996].  

 

CLL is characterized as a generally indolent disease, but prognosis depends highly 

upon tumor burden. Median survival is 4-6 years, but patients with a low 

peripheral blood lymphocyte (PBL) count may survive more than 10 years 

[Robbins et al., 1999]. As with FL, CLL may transform to more aggressive 

histologies. Up to 30% of patients may transform to prolymphocytic leukemia, 

while a further 10% may transform to DLBCL (Section 1.5.3.3). Transformation to 
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either prolymphocytic leukemia or DLBCL is generally associated with a survival 

of less than 1 year [Robbins et al., 1999]. 

 

1.5.3.1 Diagnosis 

In order to definitively diagnose B-CLL, a physical exam is conducted in which the 

lymph nodes, spleen and liver are palpated to determine size. A CBC is also 

performed and it is recommended by the NCCN clinical guidelines that the PBLs 

be immunophenotyped by IHC or flow cytometry and serum LDH levels be 

measured [NCCN, 2006]. Other tests that are useful for diagnosis, but not 

commonly performed in a general practice setting, include the measurement of 

serological markers such as β2M and sCD23, a BM aspirate, cytogenetics and 

fluorescence in situ hybridization (FISH) analysis. 

 

Lymphadenopathy is common in presentation of B-CLL, and the spread of 

lymphadenopathy is a prognostic factor when employing the Binet staging system 

(Section 1.6.4.2) [Binet et al., 1977]. By measuring the size of lymph nodes in two 

planes before and after treatment, which is now more achievable through the use 

of CT or PET-scan, the change in lymphadenopathy may also be used as a measure 

of therapeutic response during clinical trials [Cheson et al., 1996]. Splenomegaly 

and, to a lesser extent, hepatomegaly are also common in presentation of B-CLL. 

The degree of splenomegaly and hepatomegaly are determined by measurement of 

the distance the organ extends below the costal margin, and their presence is 

incorporated into the Rai staging system (Section 1.6.4.1) [Rai et al., 1975].  

 

A CBC is performed in order to determine the degree of lymphocytosis, 

leukocytopenias, thrombocytopenia and anaemia by white blood cell counts, 

platelet count, and Hb concentration respectively. Today, the threshold for 

diagnosis of CLL is a PBL count greater than 5,000/μL [Cheson et al., 1996]. This is 

substantially less than the 15,000/μL recommended by Rai and colleagues in 1975, 
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and commonly leads to the inclusion of benign disease within the diagnosis [Kay 

et al., 2002b]. These PBLs should be phenotypically representative of a mature B-

cell, however it is common to find admixture of prolymphocytes and an 

abundance of up to 55% prolymphocytes is still consistent with a diagnosis of B-

CLL [Cheson et al., 1996].  

 

Immunophenotyping of CLL B-cells is useful for differential diagnosis from other 

lymphoproliferative disorders such as PLL, hairy cell lymphoma, T-cell chronic 

lymphocytic leukemia and splenic lymphoma with circulating villous lympocytes 

[Dighiero et al., 1991]. The panel of antigens recommended for analysis by the 

NCCN are displayed on Table 1.01. CLL B-cells should be positive for the B-cell 

markers CD19, CD20, CD23, positive for the B-CLL marker CD5, and negative for 

the T-cell marker CD3 [Cheson et al., 1996]. The clonality of the Ig light-chain 

may also be investigated by flow cytometry and should be monoclonal for either λ 

or κ, with a dim surface Ig (sIg) signal [Cheson et al., 1996].  

 
Table 1.01: Antigens recommended for investigation by the NCCN. Key: √ = Recommended for 
differential diagnosis. U = Useful in some circumstances for further prognostic stratification. 
Antigen Immunohistochemistry Flow Cytometry Typical Signal 
CD20 √ √ Dim 
CD5 √ √ + 
CD3 √  - 
CCND1 √  - 
κ/λ  √ Dim 
CD19  √ + 
CD23  √ +/- 
CD10  √ - 
CD43 U  +/- 
CD38  √ variable 
ZAP70 U U variable 

 

 BM aspirate or biopsy is generally not required for diagnosis of CLL; however it is 

usually appropriate due to the relationship between the pattern of BM infiltration 

and patient survival [Bosch and Montserrat, 2002]. Investigation of the BM can 
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also allow evaluation of erythrocyte precursors and megakaryocytes in order to 

determine whether any anaemia or thrombocytopenia that may be present is due 

to inadequate BM function [Cheson et al., 1996]. In order for a definitive diagnosis 

of CLL, greater then 30% of cells of the BM aspirate or biopsy must be lymphoid 

[Cheson et al., 1996]. Both the percentage of lymphoid cells and the cellularity of 

the BM are inversely correlated with survival [Lee et al., 1987]. Conversely, a high 

percentage of myeloid and erythroid cells are positively associated with survival 

[Lee et al., 1987]. Lymphoid cells may be present in one of four patterns; nodular, 

interstitial, diffuse and mixed [Bosch and Montserrat, 2002]. A diffuse pattern of 

infiltration is associated with progressive disease and shorter survival [Dighiero et 

al., 1991]. Despite the useful prognostic information that can be provided by BM 

aspirate or biopsy, these are not commonly performed in a clinical setting because 

of high cost and invasiveness. 

 

1.5.3.2 Treatment and Response Criteria 

There is general consensus that early stage patients are treated with a ‘watch and 

wait' approach. This is due to two factors; first, treatment is primarily palliative, 

not curative, so is not needed in the absence of symptomatic disease. Second, 

deferring treatment until progression of disease does not alter OS [Dighiero et al., 

1998]. However, approximately 30% of low risk patients will develop progressive 

disease [Molica, 1991], and 25% will die of CLL-related causes [Dighiero and 

Binet, 2000]. The Rai and Binet staging systems are unable to determine which 

patients in the low risk group will develop progressive disease. It has thus not been 

determined whether early treatment of only this group of patients will increase 

survival.  

 

The most common treatments for CLL are alkylating agents (eg. chlorambucil), 

purine analogs (eg. fludarabine), monoclonal antibodies (eg. rituximab), and 
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combinations thereof. The NCCN clinical practice guidelines in oncology 

recommend five first-line therapy regimes: 

• Chlorambucil +/- prednisone 

• Cyclophosphamide +/- prednisone 

• CVP  

• Fludarabine and cyclophosphamide (FC)) +/- rituximab 

• Fludarabine +/- rituximab 

 

However, there are also many other common treatments such as: 

• Doxorubicin 

• Cyclophosphamide, doxorubicin and prednisone (CAP) 

• Cyclophosphamide, vincristine and prednisone (COP) 

• CHOP 

• Mini-CHOP (CHOP with double the dose of cyclophosphamide and half the 

dose of doxorubicin) 

• Alemtuzumab 

• Pentostatin and cyclophosphamide (PC) +/- rituximab 

 
Despite the wide range of therapeutic options and a variable rate of complete 

responders, there are very few cases of complete remission defined by molecular 

or immunophenotypic tests [Pengalis et al., 2002]. There are also many 

mechanisms for drug resistance in CLL [Ribrag et al., 1996]. This highlights the 

need for future development of therapeutics and the more appropriate targeting of 

those therapeutics that are currently available so as to produce a high rate of 

complete response and a low rate of drug resistance.  

 

The response of CLL patients to treatment is divided into four categories; CR, PR, 

PD and SD. However, the factors that define these categories in fact define clinical 

remission rather than a therapeutic response. The NCI-sponsored working group 

on CLL defined these categories as follows [Cheson et al., 1996]: 
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• CR is defined by the presence of the following for ≥ 2 months: 

o No lymphadenopathy, splenomegaly or hepatomegaly  
o No symptoms 
o No lymphocytosis (PBL count ≤ 4x109/L, BM lymphocyte percentage <30% 

with no nodules) 
o No neutropenia (neutrophil count ≥ 1.5x109/L) 
o No thrombocytopenia (platelet count > 100x109/L) 
o No anaemia (untransfused Hb concentration > 11g/dL) 

• PR is defined by the presence of the following for ≥ 2 months 
o 50% decrease in lymphadenopathy and/or splenomegaly, hepatomegaly 
o Plus ≥ 1 of the following: 

- No neutropenia 
- No thrombocytopenia 
- No anaemia 

• PD is defined by the presence of the following: 
o 50% increase in, or presence of new, lymphadenopathy, hepatomegaly or 

splenomegaly 
o 50% increase in lymphocytosis (as measured by PBL count) 
o Development of Ritchers Syndrome (Section 1.5.3.3) 

• SD is defined as all cases that do not fit into the categories of CR, PR or PD. 
 
 
1.53.3 Histological Transformation 

The development of DLBCL in CLL patients, otherwise known as Richter’s 

syndrome, presents as a rapidly enlarging mass within a lymph node or the spleen 

[Robbins et al., 1999]. This occurs in approximately 10% of patients, independent 

of Rai stage and treatment response [O’Brien et al., 1995], and is accompanied by 

rapid clinical progression [Matolcsy et al., 1994]. The clonal relationship between 

CLL and DLBCL presenting in the same patient is contentious [van Dongen et al., 

1984; Cherepakhin et al., 1993]. One investigation suggests that in some patients 

DLBCLs and CLLs share a common clonal progenitor, while in others the 

malignancies develop independently [Matolcsy et al., 1994]. There has been no 

single genetic aberration associated with Richter’s Syndrome, which may be due 

to mixed origins of the disorder. However, there has been evidence of elevated C-

MYC levels, RB1 gene deletion, and TP53 gene mutation playing a role in some 

cases [Matolcsy et al., 1994] 
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1.6  Clinical Risk Stratification 

1.6.1 General Prognostic Criteria 

1.6.1.1 Serum Lactate Dehydrogenase Level 

LDH functions in the final step of anaerobic glycolysis by converting L-lactate and 

NAD to pyruvate and NADH. Serum LDH levels have been associated with the 

number of intracellular LDH isoezymes in NHL, which are increased in high-

grade versus low-grade tumors [Swan et al., 1989]. The serum levels of LDH have 

been found to be predictive of tumor burden and to be an independent indicator 

of prognosis in FL, CLL and DLBCL [Swan et al., 1989; Shipp et al., 1993]. For this 

reason, serum LDH is employed as a marker in both the International Prognostic 

Index (IPI, Section 1.6.2.1) [Shipp et al., 1993] and the Follicular Lymphoma 

International Prognostic Index (FLIPI, section 1.6.3.2) [Solal-Celingy et al., 2004]. 

Measurement of serum LDH levels is also recommended in B-CLL patients as a 

useful prognostic factor [NCCN, 2006]. There have been contrasting reports 

regarding its efficacy in B-CLL [Rambotti and Davis, 1981], but some studies have 

described LDH as a strong prognostic variable, both independently [Lee et al., 

1987] and when combined with serum β2M level [Desablens et al., 1997].  

 

1.6.1.2 Serum Beta-2-Microglobulin Level 

The β2M protein is expressed on the cell surface in association with class I major 

histocompatibility complex (MHC). Despite variable expression on tumor cells 

[Amiot et al., 1998], β2M can be detected in the serum of NHL patients and has 

been observed to be related to tumor burden [Swan et al., 1989]. High serum β2M 

levels (>4mg/L) have also been associated with short survival in NHL [Kay et al., 

2002a; Molica, 1997]. Moreover, serum β2M level correlates with both Rai and 

Binet stage (Sections 1.6.4.1 and 1.6.4.2) in B-CLL, was significantly higher in 

patients with bulky disease [Di Giovanni et al., 1989], and is a strong predictor of 

5-year survival [Shanafelt et al., 2004]. A high serum β2M level is also predictive 

of transformation from FL to DLBCL (Section 1.5.2.3) [Bastion et al., 1997]. 
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1.6.1.3 Serum Thymidine Kinase Levels 

Thymidine Kinase (TK) is a cellular enzyme normally expressed during the G1- 

and S-phases of the cell cycle, and functions in the salvage pathway of DNA 

synthesis. Elevated serum levels of TK are found in NHL, and correlates with 

disease stage [Di Raimondo et al., 2001]. Serum TK levels have also been shown to 

correlate with serum β2M and LDH levels and the proliferative activity of 

neoplastic cells [Hallek et al., 1999]. It is because of these properties that serum TK 

level is a useful prognostic marker for NHL. 

 

1.6.1.4 Ann Arbor Stage 

The Ann Arbor staging system was originally developed for prognosis of Hodgkin’s 

disease, but for a long period of time was also used as a prognostic index for NHL 

[Shipp, 1997]. Lymph nodes are classified into regions, and the spread of disease 

through these regions are used to determine patient risk. The grouping of lymph 

nodes into regions was adopted due to the similar survival between patients with 

disease spread through adjacent lymph nodes compared to those with no 

extralymphatic spread [Carbone et al., 1971]. The areas of involvement include the 

left and right cervical regions, left and right axillary regions, left and right 

infraclavicular regions, left and right pelvic regions, left and right inguinal femoral 

regions, supraclavicular region, occipital region, mediastinal region, hilar region, 

periaortic region and mesentery region [Armitage, 2005]. With reference to these 

regions, the Ann Arbor stages are defined as follows: 
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• Stage I: Only a single lymph node region or extralymphatic organ involved. 

• Stage II: Involvement of two or more lymph node regions (or an 

extralymphatic organ plus one lymph node region) on the same side of the 

side of the diaphragm. 

• Stage III: Lymph node regions on both sides of the diaphragm. 

• Stage IV: Diffuse or disseminated involvement of one or more extralymphatic 

organs. 

 

Over time, several staging modifiers have been introduced for the Ann Arbor 

system, and are written in sub-script to the stage. The staging modifiers ‘A’ and ‘B’ 

denote the absence or presence of B-symptoms respectively, and can be applied to 

all stages. In patients with stage I to III disease, the involvement of a single 

proximal extranodal site of involvement can be denoted by ‘E’ [Armitage, 2005]. 

The Cotswald meeting also suggested further modifiers, such as indicating the 

number of regions involved in stage II disease by a subscript and the splitting of 

stage III disease into a further two categories dependant on the nodal involvement 

[Armitage, 2005]. 

 

Because the spread of disease is different in NHL compared to Hodgkin’s disease, 

the Ann Arbor staging system is less accurate in identifying prognostic groups in 

NHL patients. This prompted the formation of a revised index for prognostication 

of NHL, the IPI (Section 1.6.2.1). This has been further tailored for both aggressive 

NHL (R-IPI, Section 1.6.2.2) and FL (FLIPI, Section 1.6.3.2). However, the Ann 

Arbor staging system remains incorporated as part of these indices due to its 

statistically significant capability for prognostication in NHL. 

 

1.6.1.5 ECOG Performance Status 

The Eastern Cooperative Oncology Group (ECOG) criteria for performance status 

is another model incorporated into the international prognostic indices. The 
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performance status score reflects the effect of the tumor on the patient [Oken et 

al., 1982]. A progressive ECOG performance score indicates a greater need for 

palliative treatment due to symptomatic manifestation of the disease. This score is 

based on the patient’s ability to perform everyday activities, and is classified as 

following: 

0. Patient fully active and able to carry out pre-disease tasks without any 
restriction. 

1. Patient restricted in physically strenuous activity, but able to carry out 
tasks of a light or sedentary nature. 

2. Patient is mobile, confined to a bed or chair for less that 50% of waking 
hours and has ability for self care. 

3. Patient is confined to a bed or chair for more than 50% of waking hours 
and only has a limited capability to for self care.  

4. Patient is totally confined to a bed or chair, completely disabled and can 
not carry out any self care. 

5. Patient is dead. 
 

1.6.1.6 GELF Criteria 

In order to demarcate patients who should receive an intensive treatment regime, 

the Groupe d’Etude des Lymphomes Folliculaires dichotomized patients based on 

the presence or absence of bulky disease [Solal-Celigny et al., 1998]. Those patients 

with one or more of the following characteristics were classified as having bulky 

disease: 

• Any tumor mass with a diameter > 7cm 
• Involvement of ≥ 3 nodal sites, each with a diameter of > 3cm 
• Any B-symptoms 
• Splenomegaly 
• Compression syndrome 
• Any pleural or peritoneal effusion 
• Leukemia (PBL count > 5.0x109/L) 
• Any cytopenia 
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1.6.2 DLBCL-Specific Prognostic Criteria 

1.6.2.1 International Prognostic Index 

The International Non-Hodgkin’s Lymphoma Prognostic Factors Project was the 

collaborative effort of 16 institutions and cooperative groups in the United States, 

Europe and Canada aimed at developing an international index to predict outcome 

in patients with aggressive NHL [Shipp et al., 1993]. These groups recognized that 

clinical prognostic features could act as surrogate variables that represent the 

complex biology of aggressive NHL. Using a large cohort of patients, this group 

investigated the predictive capacity of several previously described prognostic 

factors with relation to overall survival (OS) and relapse-free survival (RFS). These 

factors represented tumor growth and invasive potential, the patient’s response to 

the tumor and the patient’s ability to tolerate therapy [Shipp et al., 1993]. After 

statistical analyses of a range of clinical variables, five were found to have 

statistically significantly predictive power for patient outcome and were 

incorporated into the IPI (Table 1.02).  

 
Table 1.02: Clinical parameters incorporated into the International Prognostic Index  
Clinical Variable Good Prognosis Poor Prognosis 

Age ≤ 60 years > 60 years 

Ann Arbor Stage2 Localised (Stage I or II) Advanced (Stage III or IV) 

Number of Extranodal Sites 
of Disease 

≤ 1 > 1 

ECOG Performance Status3 0 or 1 ≥ 2 

Serum LDH Level ≤ 1 times normal > 1 times normal 

 
The relative risk of the five independent factors was found to be comparable, so 

the stratification of patients was based on a cumulative index of each variable. 

Patients were defined as low risk, low intermediate risk, high intermediate risk or 

high risk if they presented with 0-1, 2, 3 or 4-5 of the variables relating to poor 
                                                 
2 Section 1.6.1.4 
3 Section 1.6.1.5 
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prognosis respectively [Shipp et al., 1993]. These four risk groups predicted 5-year 

survivals of 73%, 51%, 43% and 26% respectively [Shipp, 1994]. This prognostic 

system was found to be suitable for all patients, but an age-adjusted index was also 

developed for patients below the age of 60. The age adjusted index used only Ann 

Arbor stage, serum LDH level and ECOG performance status as predictive 

variables and placed patients into low, low intermediate, high intermediate and 

high risk groups based on the presence of 0, 1, 2 or 3 variables predicting a poor 

prognosis respectively [Shipp et al., 1993]. The age-adjusted risk groups predicted 

5-year survivals of 83%, 69%, 46% and 32% respectively. Independent evaluation 

of the IPI has shown it is a sound platform for predicting the outcome of DLBCL 

patients treated with CHOP [Hermans et al., 1995; Wilder et al., 2002]. However, 

there has been recent debate as to the effectiveness of this index when compared 

to gene expression profiling [Banham et al., 2005].  

 

1.6.2.2 Revised International Prognostic Index 

The introduction of Rituximab to CHOP combination chemotherapy regimes 

increased therapeutic effectiveness, but altered the significance of associations 

between the IPI and treatment outcome. This lead to a recent revision of how the 

distribution of IPI risk factors stratifies patients into risk-categories. Instead of 

categorizing patients into four risk categories, the R-IPI categorizes patients into 

three risk categories with either 0, 1-2, or 3-5 IPI risk factors (Table 1.6.1). The 

“very good” prognostic group (0 risk factors) were described to have a 90% chance 

of long-term survival with R-CHOP therapy. The “good” prognostic group (1-2 

risk factors) was described to have an 80% chance of long-term survival with R-

CHOP therapy. The “poor” prognostic group was described as having a 50% 

chance of long-term survival with R-CHOP therapy. Due to all of the samples in 

this study being from before 2007, the IPI is the prognostic index used in for the 

small proportion of DLBCL cases accompanied by clinical information in this 

investigation. 
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1.6.3 FL-Specific Prognostic Criteria 

In order to determine prognosis, the number of affected areas must be determined 

by physical examination (including palpation of the liver and spleen), and either 

x-ray, CT-scan or PET-scan. The effects of the tumor on the host can be assessed 

by CBC to determine the presence of leukocytopenias cytopenias, platelet count to 

determine the presence of thrombocytopenia and haemoglobin (Hb) concentration 

to determine anaemia. Although the BM is involved in 50% of FL cases [Reiser and 

Diehl, 2002], BM biopsy is only recommended in some cases because of its 

invasiveness [NCNN, 2006]. The serum marker LDH is interrogated for 

determination of the IPI (Section 1.6.2.1), but other serum markers such as β2M 

(Section 1.6.1.2) and TK1 (Section 1.6.1.3) may also be of prognostic value. 

 

1.6.3.1 Histological Grading 

FL is graded, using the Berard criteria, according to the number of large non-

cleaved transforming cells (centroblasts) per high power field (hpf). The definition 

of grades 1, 2 and 3 in FL is the presence of 0-5, 6-15 or >15 centroblasts (Figure 

1.04) per hpf respectively. Grade 3 is further sub-divided in to 3a and 3b 

depending on whether centrocytes are still present (3a) or whether the 

centroblasts form solid sheets with no centrocytes present (3b) [Harris et al., 

1999]. However, because of inadequate criteria for the definition of centroblasts, 

their classification is subjective. This results in very poor reproducibility of tumor 

grade between pathologists and 10%-30% of cases having an inconclusive grade 

[Glas et al., 2005]. 

 

1.6.3.2 Follicular Lymphoma International Prognostic Index 

The IPI (Section 1.6.2.1) was developed to replace the Ann Arbor staging for 

prognosis in NHL, but was aimed towards the prognostication of aggressive 

lymphomas [Shipp et al., 1993]. Although there has been some support for the use 

of the IPI to select therapeutic approaches for advanced stage low-grade 
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lymphomas [Foussard et al., 1997], it was found to generally be ineffective at 

defining prognoses for FL due to the limited number of patients that are 

categorized as having high-risk disease [Bjork et al., 2005]. This was addressed by 

the development of the FL international prognostic index (FLIPI).  

 

In order to develop the FLIPI, twelve pre-treatment clinical parameters were 

subjected to multivariate analysis for their capacity to predict OS. Eight were 

found to be independent predictors of survival, and five of these were 

incorporated into the criteria for the FLIPI [Solal-Celigny et al., 2004]. The five 

factors were associated with patient characteristics (Age), tumor invasiveness (Ann 

Arbor stage and the number of nodal areas involved), tumor aggressiveness (serum 

LDH level), and the effect of the tumor on the host (Hb concentration). The 

thresholds set for poor prognosis were an age over 60 years, an Ann Arbor stage of 

III or IV, more than four nodal areas involved, a higher than normal serum LDH 

level, and a Hb concentration less than 120g/dL [Solal-Celigny et al., 2004]. Due to 

the low number of patients with zero, one, four or five factors predicting poor 

prognosis, those with zero or one were both classified as low risk and those with 

four or five were both classified as high risk. Those with two factors predicting 

poor prognosis were classified as low-intermediate risk, and those with three were 

classified as high-intermediate risk [Solal-Celigny et al., 2004]. 
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1.6.4 CLL-Specific Prognostic Criteria 

The prognostication of B-CLL is achieved by assessing only the tumor stage; that 

is, the spread of malignant cells in the body. Despite the use of different criteria to 

assess disease spread and the failure to account for many factors that have an 

adverse affect on survival, such as older age, diffuse BM infiltration, abnormal 

karyotype and high PBL count, these systems are able to stratify patients into 

groups with significantly different survival [Dighiero et al., 1991]. However, as 

demonstrated in Figure 1.05, there is stark contrast between the proportions of 

patients allocated to each prognostic group by the two systems. The Rai staging 

system placed only 30% of patients into the good prognostic group, while the 

Binet staging system placed 63% of patients into the good prognostic group 

[Dighiero et al., 1991]. This is a huge discrepancy when considering that pre-

treatment evaluation calls for a ‘watch and wait’ approach to treatment for only 

those patients in this group [Dighiero and Binet, 2000]. The International 

Workshop on Chronic Lymphocytic Leukemia proposed integration of the two 

systems in which the Binet stage would be further defined by the Rai stage 

[IWCLL, 1989], however this has not been widely adopted clinically. 
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Figure 1.05: Comparison between the percentage of patients that fit into the good, intermediate 
and poor prognostic groups using the Rai and Binet staging systems 
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1.7.3.1 Rai Staging 

As with staging criteria for other malignancies, the Rai and Binet staging criteria 

for CLL are based on spread of the disease at the time of diagnosis. The first 

universally accepted system for staging CLL was that described by Rai et al. in 

1975. This divided patients into five stages.  

• Rai 0: Patients with lymphocytsosis only 

• Rai I: Patients with lymphocytosis and lymphadenopathy 

• Rai II: Patients with lymphocytosis and splenomegaly and/or hepatomegaly 

• Rai III: Patients with lymphocytosis and anemia 

• Rai IV: Patients with lymphocytosis and thrombocytopenia 

 

A National Cancer Institute (NCI)-sponsored working group later recommended 

the conversion of Rai stages into low, intermediate and high risk categories. 

According to their recommendations, stage 0 would correspond to low risk, stages 

I and II would correspond to intermediate risk, and stages III and IV would 

correspond to high risk [Cheson et al., 1996]. These risk categories accurately 

predict survival with median survival times of 16, 8 and 3 years for low, 

intermediate and high risk respectively [Bosch and Montserrat, 2002]. However, as 

demonstrated by Figure 1.06, there remained to be a large variance in survival 

even within Rai stages. This is especially problematic in low-risk disease, where 

stage does not predict disease progression. 
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Figure 1.06: Survival time of B-CLL patients classified by Rai stage. 
Diagram from Rai et al. (1975) 

 

 

1.7.3.2 Binet Staging 

The second prognostic system that is commonly employed by clinicians was 

developed by Binet et al. (1977), and categorized patients into three stages (A, B 

and C) corresponding to low, intermediate and high risk. In this system, anaemia 

is defined by a Hb concentration less than 10g/dL, and thrombocytopenia defined 

by a platelet count less than 100 x 109/L. Binet et al. also described five areas of 

involvement (Figure 1.07), defining three lymph node regions and two 

extralymphatic regions, the liver and spleen. The Binet stages are as follows 

[Cheson et al, 1996]: 
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• Binet A: Patients with up to 2 areas involved and no anaemia or 

thrombocytopenia 

• Binet B: Patients with up to 3 areas involved and no anaemia or 

thrombocytopenia 

• Binet Stage C: All patients with anaemia or thrombocytopenia, regardless of 

the number of areas involved. 

 
The Binet staging system was again effective at predicting survival in patients, 

with median survival times of 15, 5 and 3 years for the low (stage A), intermediate 

(stage B) and high (stage C) risk categories, respectively [Bosch and Montserrat, 

2002]. However, survival prediction was later further improved by the splitting of 

stage A into stages A’ and A’’ by the French Cooperative Group on CLL. 

Approximately 80% of patients, with a PBL count less than 30x109/L and Hb 

concentration greater than 12g/dL, were catergorised into stage A’, and the 

remaining 20% of patients were categorised into stage A’’ [Digiero et al., 1991]. 

Stage A’ patients showed a 5-year survival rate of 87%, which was comparable to 

age- and gender-matched controls, while stage A’’ patients showed a 5-year 

survival rate of only 60% [Dighiero et al., 1991]. 
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Figure 1.07: Five areas of involvement in Binet staging system.  
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1.7 Molecular Pathogenesis of Non-Hodgkin’s Lymphoma 

NHL is hypothesized to result from initial transformation, followed by the 

acquisition of further genetic aberrations that contribute to disease progression. 

Many aberrations have been defined as having a role in the molecular 

pathogenesis of NHL; these affect processes such as cellular interactions within the 

tumor microenvironment, B-cell maturation, cell-cycle regulation, and apoptosis. 

This literature overview will only cover a selection of candidates in order to 

provide examples of mechanisms mediating NHL pathogenesis; for a more 

comprehensive list of candidates and their role, see Appendix II.  

 

1.7.1 Tumor Microenvironment Interactions  

The importance of tumor microenvironment interactions and the host immune 

response to NHL has recently been demonstrated by molecular profiling research 

(Section 1.8). These studies have provided evidence that the action of non-

malignant immune cells within the tumor microenvironment play a large role in 

the pathogenesis of NHL. In addition to the paracrine signaling and cellular 

interactions mediated by non-malignant cells, malignant cells also mediate 

autocrine signaling loops to support their own growth. These complex signaling 

patterns within the tumor microenvironment can function in inhibiting apoptosis 

and promoting tumor growth and metastasis (Figure 1.08).  

 

Cellular interaction between immune cells is mediated by cell-adhesion molecules 

(CAMs). For two such molecules, FN1 and SELL, there is some minor support for a 

role in lymphomagenesis through their association with DLBCL cell-of-origin 

(COO) subtypes (Section 1.8.1.1) [Lossos et al., 2004] and with decreased survival 

in NHL [Stratowa et al., 2001], respectively. However, the interaction between 

lymphocyte-function-associated antigen 1 (LFA-1; encoded by ITGAL and ITGB2) 

and ICAM1 has considerably greater support for a role in NHL pathogenesis. LFA-

1 is a heterodimeric integrin that mediates lymphocyte interactions with other 
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cells by binding ICAM1, ICAM2 and ICAM3 [Drillenburg and Pals, 2000]. The 

LFA-1/ICAM1 interaction is important for the recognition of NHL tumor cells by 

CD4+ T-cells and the subsequent regulation of Th1-mediated apoptosis [Stratowa 

et al., 2001]. This interaction is also an important mediator of lymphocyte 

migration and NHL metastasis [Christiansen et al., 1994]. The loss of LFA-1 

expression is found more commonly in high-grade than in low-grade lymphoma 

and is associated with a higher rate of disease relapse [Miller et al., 1988]. High 

cell-surface expression of ICAM1 has been associated with BM infiltration, 

decreased rate of CR to first line therapy, extranodal spread of disease and 

decreased overall survival in aggressive NHL [Terol et al., 1998]. Furthermore, 

soluble forms of ICAM1 have been associated with tumor burden in patients with 

high grade NHL [Parez-Ecinas et al., 1994], and elevated levels predict disease 

progression and decreased survival in B-CLL [Christiansen et al., 1994; Terol et al., 

1998]  

 

The expression of CAMs, can be induced by cytokines that have also been 

associated with the pathogenesis of NHL. For example, IL1β and IL8 are both able 

to increase EGR1 expression, which in-turn mediates expression of ICAM1 

[Stratowa et al., 2001]. IL1β, and IL8 in response to IL1β, are produced by 

macrophages and have been associated with advanced disease stage and decreased 

survival in B-CLL patients [Hulkkonen et al., 2000; Stratowa et al., 2001]. 

Cytokines produced by T-cells, such as IL4 and IL6, also have a large role in NHL. 

Expression of IL4, which is produced by Th1-cells and may function in tumor 

immunosurveillence, varies in abundance in a variety of tumors and has been 

shown to inhibit the growth of NHL tumor cells [Jones et al., 2001; Lossos et al., 

2003]. However, NHL cells are capable of suppressing Th1-cytokine expression 

through the production of IL10, and thereby allowing escape from 

immunosurveillence. Accordingly, 34% of B-CLL patients have been shown to 

have elevated serum level of IL10, and this was associated with higher disease 
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stage and decreased progression-free survival (PFS) [Fayad et al., 2001]. Another 

cytokine released by malignant NHL cells that that supports their growth is IL6; 

this functions by acting as an autocrine growth factor, as well as inducing the 

expression of metastasis-associated proteins (MMP2, MMP9 and TIMP1) 

[Kossakowska et al., 1999]. Increased serum levels of IL6 have thus been associated 

with decreased survival in DLBCL and B-CLL, and with Richter’s transformation 

(Section 1.5.3.3) [Fayad et al., 2001]. 
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Figure 1.08: Some of the tumor microenvironment interactions that play a role in NHL 
pathogenesis. See Appendix II for the associations of each gene with NHL and their associated 
references. 
 

As well as interactions between malignant and non-malignant immune cells, 

interactions with the tumor stroma are also important for the pathogenesis of 

NHL. Of particular importance is the production of matrix metalloproteinases 

(MMPs) and tissue inhibitors of metalloproteinases (TIMPs) by stromal cells 

[Moehler et al., 2001; Kossakowska et al., 1991]. Two MMPs, MMP2 and MMP9, 

have been linked with metastasis and angiogenesis in a variety of tumors 
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[Kuittinen et al., 2003], and are associated with decreased survival in early-stage 

NHL [Sakata et al., 2004]. Furthermore, expression of TIMP1, which inhibits the 

function of MMP2 and MMP9 has also been associated with NHL pathogenesis. 

However, the dual role of TIMP1 in inhibiting apoptosis when present at high 

abundance means that correlations between TIMP1 expression and survival is only 

seen in patients with low TIMP1 mRNA levels [Kossakowska et al., 1991].  

 

1.7.2 B-cell Maturation 

The importance of differentiation state to disease aggressiveness in NHL is 

illustrated by the decreased survival in DLBCL patients with tumors related to 

activated B-cells (ABC) compared to patients with tumors related to germinal 

centre B-cells (GCB; Section 1.8.1.1). It is therefore not surprising that genes 

regulating the maturation of B-cells have a role in disease pathogenesis and are 

prognostically significant. One such example is the expression of genes regulating 

germinal centre formation and mediating subsequent terminal differentiation of B-

cells. BCL6 is a transcriptional repressor that is required for germinal centre 

formation due to its role in repressing genes that promote terminal differentiation. 

This gene is recurrently targeted by genetic translocation (Section 1.4.1.1) and 

mutation by SHM (Section 1.4.1). In FL, high BCL6 expression is associated with 

increased overall survival [Bjork et al., 2005], whereas mutation of BCL6 is 

associated with histological transformation to DLBCL (section 1.5.2.3) [Akasaka et 

al., 2003]. In DLBCL, expression of BCL6 is a marker of the GCB subtype (Section 

1.8.1.1) and has been used in tandem with another germinal centre marker, 

GCET2, to stratify patients into three prognostic groups with significantly 

different overall survival [Lossos et al., 2003]. Co-expression of another germinal 

centre marker, MME (CD10), with BCL6 also predicts significantly longer survival 

in DLBCL patients [Colomo et al., 2003]. However, expression of MME is also 

more common in transformed cases of DLBCL compared to de novo cases and, 
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when interrogated independently, is thereby associated with decreased overall 

survival in these patients [Lossos et al., 2003; Uherova et al., 2001].  

 

In contrast to the germinal centre markers, MUM1 and PRDM1 function in the 

terminal differentiation of germinal centre B-cells to plasma cells. Both of these 

genes are therefore used as markers of the non-GCB (ABC and type III) subtypes 

of DLBCL. MUM1 is part of the interferon regulatory factor gene family, involved 

in regulating gene expression in response to interferons and other cytokines 

[Colomo et al., 2003]. It shows mutually exclusive expression with BCL6, and 

strong IHC staining for its protein has been associated with significantly worse 

event-free survival and overall survival in DLBCL patients [Hans et al., 2004]. 

PRDM1 is a transcriptional repressor that is required for terminal differentiation 

of B-cells due to its role in suppressing the expression of genes involved in cell-

cycle progression, BCR signaling, SHM, DNA repair and CD40-activation response 

[Cattoretti et al., 2005]. The importance of PRDM1 to NHL pathogenesis is 

illustrated by its frequent mutation, deletion or hypermethylation in DLBCL 

tumors [Tam et al., 2006]. 

 

1.7.3 Genes Regulating the Cell-Cycle 

The proliferative index of NHL cells is related to both disease aggressiveness and 

therapeutic response. In line with this, the expression of markers associated with 

proliferation, such as KI67 and TK1, have been associated with prognosis in NHL 

[Di Raimondo et al., 2001; Hallek et al., 1999; Slymen et al., 1990; Shipp, 1994; 

Wakao et al., 2002;]. Furthermore, many genes that function in regulating 

progression through the cell-cycle have been implicated in the pathogenesis of 

NHL; these include a range of cyclins, cyclin-dependent kinases (CDKs) and CDK 

inhibitors (CDKIs), as well as regulators of cell-cycle checkpoints.  
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Cyclins stimulate cell-cycle progression by activation of CDKs. The abundance of 

cyclins is tightly regulated at transcriptional and post-transcriptional levels, and is 

the primary regulator of cell-cycle progression. B-type cyclins mediate progression 

through the G2/M-phase checkpoint via interaction with CDK1 [Jin and Park, 

2002]. The expression of one of these cyclins, CCNB1, has been associated with 

increased survival of FL patients treated with CHOP [Bjork et al., 2005]. 

Progression through the G1/S-phase checkpoint of the cell cycle is regulated by 

the activities of CDK4 and CDK6 complexed with D-type cyclins. Three of these 

D-type cyclins (CCND1, CCND2 and CCND3) have been associated with NHL 

pathogenesis through observations of their increased expression within tumor 

samples [Decker et al., 2002; Hirama and Koeffler, 1995; Moller et al., 2000]. Over 

expression of CCND1 and CCND2 mRNA can be due to gene amplification 

[Delmer et al., 1995; Kearney and Horsley, 2005], but because of post-

transcriptional regulation by genes such as EIF4E [Wang et al., 1999] this does not 

always result in up-regulation of their protein levels [Sola et al., 1999]. Over-

expression of CCND2 is highly associated with the ABC subtype of DLBCL, but 

can also be used as a predictor of advanced stage, resistance to chemotherapy and 

poor survival [Hans et al., 2005]. Although CCND3 is over-expressed in a 

comparatively smaller proportion of DLBCL cases compared to CCND2, high 

expression has also been associated with advanced stage disease, resistance to 

chemotherapy and poor survival [Flipits et al., 2002]. 

 

CDKIs also play a large role in regulating progression through the cell-cycle. These 

proteins act in response to a variety of stimuli in order to inhibit cyclins, CDKs, or 

cyclin-CDK complexes and retard progression through cell-cycle checkpoints. 

CDKN1B (p27KIP) is one such gene; its expression has been inversely associated 

with the proliferative index of B-CLL, and low expression predicts disease 

progression and poor survival [Vrhovac et al., 1998]. Two other CDKIs, CDKN2A 

(p16INK4A) and CDKN2B (p15INK4B), map to a genetic region that is homozygously 
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deleted in 15% of DLBCL [Koduru et al., 1995] cases and 54.5% of FL cases 

[Elintoba-Johnson et al., 1995]. Furthermore, loss of heterozygosity (LOH) of this 

region is also observed in 11% of NHL and may be accompanied by 

hypermethylation of the remaining allele [Koduru et al., 1995].  

 

Another product of the CDKN2A gene is p14ARF, which functions by promoting 

the activity of p53 via inhibition of MDM2 [Gronbaek et al., 2000]. The p53 

protein, encoded by the most well defined tumor-suppressor gene TP53, functions 

by inhibiting the cell-cycle upon activation by ATM and other factors in response 

to DNA damage. Its activity is negatively regulated by MDM2, which targets p53 

for ubiquitination and proteolysis. This network of genes has a well defined 

association with the pathogenesis NHL; p53 function is interrupted by 

chromosomal abnormalities of 17p in 16.3% of NHL cases, and by mutation in 15-

26% of B-CLL cases and 10-15% of DLBCL cases. Mutation of p53 is associated 

with advanced stage, decreased survival, and histological transformation of both 

FL and B-CLL to DLBCL [Ichikawa et al., 1997; O’Brien et al., 1995; Sander et al., 

1993; Stokke et al., 2000]. Two regulators of p53 activity are also targeted by 

genetic alterations in NHL; the MDM2 gene can be over-expressed due to 

amplification of its locus [Hough et al., 2001], and expression of ATM can be 

abrogated by deletion or LOH of its locus [Gronbaek et al., 2002; Pettitt et al., 

2001]. Over-expression of MDM2 has a similar effect to mutation of p53, and 

accordingly has been associated with transformation of FL to DBLCL [Hough et 

al., 2001]. Loss of ATM expression has been associated with poor outcome and 

rapid disease progression in B-CLL [Haslinger et al., 2004; Kearney and Horsley, 

2005]. 

 

1.7.4 Genes Regulating Apoptosis 

For the more indolent subtypes of NHL, it is the inhibition of apoptosis that drives 

lymphomagenesis rather than excessive proliferation. Apoptosis is interfered with 
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in NHL at three levels; (i) by decreasing induction of apoptosis, (ii) by increasing 

expression of anti-apoptotic proteins, and (iii) by decreasing expression of pro-

apoptotic proteins. An important mechanism for induction of apoptosis is the FAS-

FASL pathway; but in 11% of NHL cases, particularly extranodal DLBCL cases, the 

FAS gene is aberrantly targeted by SHM [Gronbaek et al., 1998], and in B-CLL 

patients FAS expression is very low [Meihardt et al., 1999].  

 

After induction, the progression of apoptosis is mediated by the balance of pro-

apoptotic and anti-apoptotic proteins. BIRC5 is part of the inhibitor of apoptosis 

(IAP) family and function by interfering with the progression of apoptosis through 

inhibition of CASP9, and promoting proliferation by inhibition of CDKN1A 

[Granziero et al., 2001]. Expression of this gene has been observed in a large 

proportion of B-CLL, FL and DLBCL cases [Shinozawa et al., 2000], and has been 

associated with decreased overall survival in DLBCL [Adida et al., 2001] and 

increased proliferation of neoplastic cells in B-CLL [Granziero et al., 2001]. BCL2 

is another anti-apoptotic protein that has a well defined role in NHL because of its 

association with the (t14;18)(q21;q32) translocation (Section 1.4.1.1). Expression of 

BCL2 can also be increased by hypomethylation of the 5’-region of the gene in 

some CLL cases [Hanada et al., 1993], amplification of the gene in some DLBCL 

cases [Werner et al., 1997], or by mutation of the transcription-regulatory region 

by aberrant SHM [Peng et al., 1999]. MCL1 belongs to the same family of proteins 

as BCL2, and likewise functions in the inhibition of apoptosis, has increased 

expression in NHL, and is associated with failure to obtain a complete response to 

therapy [Kitada et al., 1998]. This protein functions by the inhibition of the pro-

apoptotic protein, BAX; another gene that is associated with NHL pathogenesis. 

The expression of BAX is decreased in B-CLL cells, and can be used as a combined 

index with BCL2 expression to determine the balance of pro-apoptotic and anti-

apoptotic activity. This BAX:BCL2 ratio is able to accurately predict survival in B-

CLL patients [Kitada et al., 1998]. 
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1.8 Molecular Profiling of Non-Hodgkin’s Lymphoma 

Many clinical parameters employed for prognostication of NHL are biological 

surrogates used to infer disease aggressiveness. But because they do not directly 

interrogate tumor biology these measurements are unable to accurately predict 

disease progression or predict response to therapy. In order to address this issue, 

molecular profiling research has aimed at interrogating the molecular features of 

tumors in order to accurately define tumor aggressiveness and to predict clinical 

progression. Furthermore, because this research directly measures molecular 

biological features of these tumors, they frequently uncover novel insight into the 

pathogenic mechanisms of disease. 

 

1.8.1 Molecular Profiling of Diffuse Large B-cell Lymphoma 

Approximately 40% of DLBCL cases can be cured by anthracylcine-based 

chemotherapy [Coiffer, 2001]. But attempts to increase this cure-rate have been 

ineffectual, and the remaining cases die rapidly from their disease. This suggests 

that, rather than constituting one homogenous disease, DLBCL consists of several 

related disease entities that differ in response to chemotherapy and patient 

outcome. Molecular profiling studies have focused largely on defining these 

DLBCL subtypes in order to predict prognosis, response to chemotherapy, and to 

elucidate novel therapeutic targets. 

 

The first progress made in this field was the sub-classification of DLBCL based on 

gene-signatures related to defined B-cell maturation states, cell of origin (COO) 

subtyping (Section 1.8.1.1). This defined two main subtypes that differed in 

response to chemotherapy and patient outcome. However, there was still a large 

degree of heterogeneity in chemotherapeutic response even with each subtype. 

This lead to Rosenwald et al. (2002) attempting to define signatures within these 

COO subtypes that could further stratify patients with respect to 

chemotherapeutic response. This lead to the definition of 5 signatures, 3 of which 
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had already been described during the previous COO subtyping investigation of 

Alizadeh et al. (2000). It was therefore clear that, in order to define unique genetic 

signatures with a role in DLBCL pathogenesis, the COO subtyping clusters must be 

placed to one side and data analysed anew. This lead to the description of 

consensus clustering (CC) subtypes by Monti et al. (2005). Although these clusters 

were unable to stratify patients into significantly divergent prognostic categories, 

CC subtyping instead elucidated genetic pathways with central roles in DLBCL 

pathogenesis within groups of patients. This allowed the utilisation of 

pharmacogenomically targeted therapies for these patient groups [Chen et al., 

2008]. 

 

1.8.1.1 Cell of Origin Subtyping 

Subtyping of DLBCL by COO was first described by Alizadeh et al. (2000) and 

utilised a specialised cDNA microarray termed the ‘Lympochip’. Hierarchical 

clustering of differentially expressed genes from the ‘Lymphochip’ originally 

resulted in the delineation of two subtypes with gene expression profiles related to 

Activated B-cells (ABC) and Germinal Centre B-cells (GCB) respectively. These 

two subtypes were defined by the differential expression of approximately 1000 

genes, but also had limited differences in cell-surface antigen expression and 

cytogenetic profile [Tagawa et al., 2005]. For example, the GCB sub-type displays 

frequent REL amplifications and BCL2 translocations, which are absent in the 

ABC subtype. A notable characteristic of the ABC subtype is the constitutive 

activation of NFκB within these tumors, which is necessary for their survival 

[Davis et al., 2001]. 

 

Subsequent investigation of increased numbers of samples by Rosenwald et al. 

(2002) determined an additional subtype, termed Type III, which did not show 

significant relation to gene expression signatures of either ABC or GCB subtypes. 

However, this subtype shows an absence of REL amplification and BCL2 
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translocations in a similar manner to the ABC subtype and does not significantly 

differ to this subtype in 5-year survival rate. Patients with a GCB subtype 

demonstrated a 5-year survival of 60%, while patients with Type III or ABC 

subtype demonstrated 5-year survival rates of only 39% and 35% respectively 

(Figure 1.09). The GCB subtype is therefore the most favorable prognostic 

category, while non-GCB subtypes (ABC and Type III) have a less favorable 

prognosis. 

A.

B.

A.

B.

 
Figure 1.094: (A) Heat map showing hierarchical clustering of gene expression 
patterns in DLBCL and the delineation of the 3 COO subtypes, and (B) Kaplan-
Meyer curve of survival of DLBCL patients separated by COO subtype. 
 

Due to the marked difference in clinical outcome of GCB and non-GCB subtypes, 

it would be desirable to classify them clinically. However, morphological diagnosis 

of DLBCL, even when supplemented with immunohistochemical markers, is 

                                                 
4 Figures from Rosenwald et al., 2002. 
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insufficiently precise for sub-classification [Sakata et al., 2004]. The 

immunohistochemical classification of these sub-types was also unable to 

determine sub-groups with significantly different survival [Colomo et al., 2003]. 

Accurate sub-classification of DLBCL according to COO subtype therefore 

currently requires gene expression microarrays, which are not available in the 

majority of diagnostic clinical laboratories. For this reason, part of this work is 

aimed towards developing a qPCR-based method for COO subtyping of DLBCL 

(Section 6.1). 

 

1.8.1.2 Rosenwald Prognostic Signatures 

Like other measures used to stratify patients into prognostic categories, the COO 

subtyping of DLBCL resulted in prognostically divergent groups, but still resulted 

in a large amount of heterogeneity in patient outcomes within groups. In order to 

address this and further refine the prognostically informative genes within the 

COO subtyping system, Rosenwald et al. (2002) assessed the predictive capacity of 

individual genes within the COO subtyping clusters. Genes that correlated with 

survival were then clustered to form 5 signatures, each defined by representative 

genes. This included three signatures that had been previously described by 

Alizadeh et al. (2000) and predicted decreased relative risk of death, as well as two 

novel signatures that predicted increased relative risk of death (table 1.6.2). In 

order to attempt to make their findings more applicable in a clinical setting, 

Rosenwald et al. selected 16 of the genes that were both significantly associated 

with patient outcome and variably expressed between patients. This included 3 

genes from the germinal centre B-cell signature, 4 genes from the MHC class II 

signature, 6 genes from the lymph node signature, and 3 genes from the 

proliferation signature. By averaging the expression of genes within the signature 

and calculating the weighted sum of each signature, each patient was assigned a 

score between -1.7 and 2.4 that was independent of IPI and significantly 

correlated with survival; each unit of this score was associated with a 2.4-fold 
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increased RR of death. However, this has yet to be investigated in an independent 

sample group or prospectively.  

 

Table 1.03: Rosenwald prognostic signatures displaying the representative genes, total of number of genes in each 
signature, how many of  these genes were associated with good outcome or poor outcome, and the relative risk of death 
associated with each signature. RR, relative risk. 

Gene Expression Signature 
Representative 

Gene(s) 
Number of 

Genes 
Good 

Outcome 
Poor 

Outcome 
RR 

Death
Germinal Centre B-Cell BCL6 151 15 0 0.69 
MHC Class II HLA Genes 37 35 0 0.69 

Lymph Node 
Connective tissue 

genes 357 30 2 0.72 
Proliferation  MYC 1333 6 287 1.63 
Other BMP6 5521 76 287 1.36 

 

 

1.8.1.3 Consensus Cluster Subtyping 

Consensus cluster subtyping of DLBCL resulted from a gene set enrichment 

analysis (GSEA) approach to gene expression profiling by Monti et al. (2005). 

Genes with a large variation in expression across large numbers of DLBCL tumors 

were analysed by GSEA in order to determine cellular pathways which were up-

regulated in some tumors compared to others. This resulted in the categorization 

of DLBCL tumors into three groups that were independent of COO subtype: (i) 

Oxidative Phosphorylation (OxPhos), (ii) BCR Signaling/Proliferation, (iii) Host 

Response (HR).  

 

The OxPhos subtype of DLBCL had increased expression of genes involved in 

oxidative phosphorylation, the electron transport chain and mitochondrial 

function. This included components of the mitochondrial ATP synthase complex, 

cytochrome C/cytochrome oxidase (COX) complex, and NADH complex. Also of 

interest was the association of this group with high expression of the anti-

apoptotic BCL2 family member, A1. Cytogenetic characterization of tumors 

54 
 



within the OxPhos cluster revealed that BCL2 translocations were more prevalent 

in this subtype than the remaining two subtypes. 

 

Another subgroup was characterized by increased expression of genes involved in 

B-cell receptor (BCR) signaling and proliferation, and had frequent BCL6 

translocations. These genes included important BCR signal transduction 

molecules, such as BLK and SYK, B-cell surface molecules such as CD19, CD22 and 

CD79a, and genes with a direct role in proliferation, such as CDK2 family 

members. This subgroup was further chracterised by increased expression of DNA-

repair associated genes such as p53, H2AX and PTIP, as well as genes that are 

obligatory for B-cell maturation such as PAX5, E2A and BCL6. Genes that were 

more highly expressed in this subtype also had marked overlap with a previously 

described ‘Proliferation’ signature associated with survival of DLBCL patients 

following chemotherapy (Section 1.8.1.2). 

 

The HR cluster had very few translocations and characterized largely by the host 

immune response to the tumor rather than features associated with the tumor 

itself. These tumors had significantly higher numbers of tumor-infiltrating T-cells, 

macrophage/monocytes and dendritic cells. As such, the cluster was enriched with 

genes involved in T-cell receptor signaling, antigen presentation, interferon 

signaling, extracellular matrix interactions and the complement cascade. This is 

indicative of an active inflammatory response, and overlaps significantly with the 

previously described ‘Lymph Node’ signature that has been associated with 

survival of DLBCL patients following chemotherapy (Section 18.1.2). 

Interestingly, the lack of translocations, and presence of an anti-tumor host 

response in this cluster suggests that this subtype may have a novel, and yet 

undescribed, mechanism of tumorigenesis compared to the remaining two 

subtypes. 
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Although consensus clusters associated with different signalling pathways allowed 

the sub-classification of DLBCL into three discrete subtypes, these showed no 

significant difference in 5-year survival rate [Monti et al., 2005]. This type of 

disease categorisation may therefore lack prognostic merit, but may instead be 

useful in the delineation of novel therapeutic targets. An example of this is the use 

of SYK inhibitors to target BCR signalling, which was shown to be particularly 

effective in treatment of patients within the BCR signalling and proliferation 

consensus cluster [Chen et al., 2008]. This type of approach to the molecular 

profiling of DLBCL may therefore also lead to a more personalised approach to 

directing therapy via pharmacogenomics rather than basing therapy on patients 

prognosis. 

 

1.8.2 Molecular Profiling of Follicular Lymphoma 

Gene expression profiling studies of FL were initiated in more recent times the 

initial DLBCL studies, and were directed towards answering different questions. In 

contrast to the DLBCL gene expression profiling projects, which were aimed at 

determining subtypes of disease, predicting chemoresponse and finding molecular 

targets for therapy; FL gene expression profiling projects have been aimed at 

determining characteristics associated with disease aggressiveness. This in-turn 

can be used in tailoring appropriate therapeutic regimes to increase the success of 

first-line treatment. The first such project, undertaken by Dave et al. (2004), used 

genome-wide gene expression profiles to define two gene expression signatures 

that synergistically predicted disease aggressiveness (Section 1.8.2.1). A second 

project, undertaken by Glas et al. (2005), used gene expression profiles to define a 

group of 81 genes; the expression of which could be used to predict clinical grade 

(Section 1.8.2.2). Although these two projects aimed to use gene expression 

profiles to define slightly dissimilar parameters associated with disease behavior, 

they were both intended to augment clinical prognostic measures for the accurate 

design of first-line therapeutic regimes. 
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1.8.2.1 Host Response Signatures in Follicular Lymphoma 

FL tumor specimens have greater incidence of T-cell infiltration compared to 

DLBCL tumors [Glas et al., 2005]. It is therefore not surprising that the host 

response, that is the activity of immune-cell infiltrates within the tumor 

microenvironment, seems to have just as large a role in dictating FL disease 

behavior as it does in DLBCL (Section 1.8.1.3). Using whole-genome gene 

expression profiling of FL tumor specimens and retrospective clinical data, Dave et 

al. (2004) defined 10 signatures of coordinately expressed genes that were 

significantly associated with prognosis. The two signatures that synergized most 

significantly to predict prognosis were found to be derived from host immune cells 

within the tumor microenvironment rather than from malignant cells. The first 

signature, termed Host Response 1 (HR1), showed increased expression of markers 

associated with T-cells (eg. CD7, CD8B1, ITK, LEF1 and STAT4) and macrophages 

(ACTN1 and TNFSF13B), and predicted a decreased relative risk of death. Further 

gene expression profiling of isolated cellular population found that the HR1 

signature was more highly expressed in T-cells than in any monocyte or B-cell 

subpopulation. The second signature, termed Host Response 2 (HR2), showed 

increased expression of markers associated with macrophages and/or dendritic 

cells (eg. TLR5, FCGR1A, SEPT10, LGMN and C3AR1), and was associated with 

an increased relative risk of death. Expression profiles of isolated cellular 

subpopulations showed that the HR2 signature was more highly expressed in 

monocytes than any dendritic cell, T-cell or B-cell sub-population. Importantly, 

other generic markers of these cell types did not correlate with these signatures, 

indicating that it is the activity of these tumor-infiltrating immune cells rather 

than their number, that dictates the behavior of malignant cells. Furthermore, 

patient prognosis was not predicted by the absolute expression of these signatures 

individually, but by their relative expression. The synergistic ability of the HR1 

and HR2 gene expression signatures to predict the clinical course of disease at 

diagnosis indicates that the balance between T-cell and monocyte mediated 
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activities within the tumor microenvironment may have more of an influence on 

disease behavior than the acquisition of genetic aberrations throughout the course 

of FL. 

 

1.8.2.2 A Gene Expression Signature to Predict Tumor Grade 

Clinical grading of FL is aimed at determining the prevalence of large transforming 

cells within the tumor (Section 1.6.3.1). However, tumor grading shows very poor 

reproducibility between pathologists due to inadequate criteria for defining 

transforming cells, and the resultant subjective nature of their classification. Glas 

et al. (2005) therefore aimed to remedy this by using gene expression profiling as a 

means of contrasting between low-grade and high-grade tumors. By utilizing non-

comprehensive gene expression microarrays, the expression of 4760 genes were 

found to differ between low-grade and high-grade tumors. Of these, the 

expression of 81 genes were found to differentiate between low-grade and high-

grade cases in 100% of the learning group and 93% of the test group. These 81 

genes included components of cell-cycle control (eg CCNE2, CCNA2, CDK2 and 

CHEK10), DNA synthesis machinery (eg. TOP2A, POLD3A, HMGA1 and POLE1), 

genes involved in cellular signal transduction pathways (eg. FRZB, PIK4A and 

MAPK1), genes involved in metabolism (eg. FRSB, RARS, HK2 and LDHA). 

Supporting the role of tumor-infiltrating immune cells in disease, markers 

associated with T-cell and macrophage infiltrates (eg. CD3D, CXCL12 and 

TM4SF2) were among genes within the 81 gene set that were up-regulated in low-

grade tumors. Of note, however, was the absence of genes that have been 

previously associated with transformation of FL (Section 1.5.2.3).  

 

 

 

 

 

58 
 



1.8.3 Molecular Profiling of B-cell Chronic Lymphocytic Leukemia 

Molecular profiling studies of B-CLL have not resulted in the association of large 

gene expression signatures with survival or disease pathogenesis as was the case for 

FL and DLBCL. Rather, it has resulted in the determination of two molecular 

subtypes of B-CLL based upon the presence or absence of mutation within 

immunoglobulin variable (IgV) regions (Section 1.8.3.1), a relatively small gene 

expression profile delineating these subtypes, the elucidation of a proposed cell-of-

origin of B-CLL, and single genes or small gene networks associated with disease 

behavior. 

 

Before the application of gene expression profiling, the cellular origin of CLL was 

the object of controversy. The combination of cell surface markers that 

characterise B-CLL cells (table 1.8.1) are not associated with any other known B-

cell sub-populations [Klein et al., 2001]. Defining the cellular derivation of B-CLL 

was important in order to fully understand the etiology and pathogenesis of the 

disease. Klein et al. (2001) employed gene expression microarrays, interrogating 

approximately 12,000 genes, to compare the transcriptional profiles of B-CLL to 

other B-cell sub-populations. This showed that gene expression patterns in both 

subtypes of B-CLL were closely related to that memory B-cells, suggesting that this 

malignancy is derived from memory B-cells that have either transited through the 

GC or developed independently of the GC. The post-GC B-cells are distinguishable 

by the presence of mutated IgV genes resulting from somatic hypermutation 

within the germinal centre [Shanafelt et al., 2004]. 

 

Other B-CLL gene expression profiling projects have been directed towards 

determining genes that predict stage, survival or therapeutic response. Stratowa et 

al. (2001) defined a small group of genes involved in lymphocyte trafficking that 

were associated with survival in B-CLL patients. Among these, low expression of 

L-selectin (SELL), which induces the passage of lymphocytes from the blood 
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through peripheral lymph nodes, was associated with poor survival. Low 

expression of one component of the heterodimeric LFA-1 complex, integrin β2, as 

well as two cytokines that can induce ICAM-1 expression, IL-1β and IL-8 (figure 

1.5.1), were also associated with decreased survival. This again highlights the 

importance of ICAM-1/LFA-1 interactions and posits that down-regulation of 

these interactions may provide an avenue of escape from Th1 cell-mediated B-cell 

apoptosis in B-CLL.  

 

Another investigation defined 13 genes that were differentially expressed between 

B-CLL cells that were sensitive to DNA damage-induced apoptosis compared to 

cells that were resistant [Vallat et al., 2001]. This implicated well-known 

candidates in lymphomagenesis, such as MYC and REL, but also highlighted novel 

candidates (eg. MIP1α, BLK, and MTMR6) that may implicate new signaling 

pathways with a role in NHL pathogenesis. For example, BLK and MTMR6 both 

participate in the phosphatidylinositol 3-kinase pathway, indicating that this 

pathway may function in chemotherapeutic resistance within cells that possess 

wild-type p53 activity [Vallat et al., 2003].  

 

1.8.3.1 Prognostic Merit of IgV Mutation Status  

Approximately half of B-CLL cases have mutated IgV genes, show a more benign 

clinical course (Figure 1.10) and have a greater delay before treatment is required 

[Damle et al., 1999; Hamblin et al., 1999; Klein et al., 2001]. The median survival 

of patients with mutated and unmutated IgV genes is 293 months and 119 months 

respectively [Wiestner et al., 2003]. However, despite the disparate clinical course 

of these sub-types, they have only limited differences in gene expression profiles, 

suggesting that they are indeed two sub-types of a single disease entity rather than 

two disparate diseases [Rosenwald et al., 2001]. Many of the genes that differ in 

expression between B-CLL cases with mutated or unmutated IgV regions are 

involved in BCR signaling. This has created the suggestion that CLL B-cells with 
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unmutated IgV genes have ongoing BCR signaling providing them with survival 

signals [Haslinger et al., 2004; Rosenwald et al., 2001].  

 

 
Figure 1.10: Kaplan Meyer survival curve of B-CLL 
patients with mutated or unmutated IgV genes. Figure 
from Damle et al. (1999). 

 

Unfortunately, there is a lack of objective cytogenetic or immunohistochemical 

markers that allow delineation between mutated and unmutated subtypes 

[Colomo et al., 2003], so these are not routinely determined in clinical practice. 

However, gene expression profiling of the two subtypes are not as dissimilar as the 

COO subtype of DLBCL, meaning that they are accurately predicted by the 

expression of a single gene, ZAP70 [Crespo et al., 2003; Wiestner et al., 2003], or 

the combination of the expression of two genes, LPL and ADAM29 [Oppezzo et 

al., 2005]. This means that clinically un-obtainable whole-genome gene expression 

profiles are not needed to determine these prognostically divergent subtypes, 

increasing the likelihood of their implementation for clinical prognostication. 
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2.1 Molecular Profiling: Niche or Necessity? 

There are approximately 3,500 new diagnoses of NHL in Australia every year, and 

this rate is increasing by 4% per year [Fisher and Fisher, 2004]. Over 60% of these 

diagnoses are comprised of the three NHL subtypes under focus in this 

investigation. Despite its prevalence, the etiology of NHL has not been well 

defined and there are no genetic tests for predisposition in order to flag patients at 

high risk and allow early diagnosis. Furthermore, following diagnosis these 

subtypes of NHL are clinically assessed using measures of disease spread with or 

without the inclusion of surrogate markers for disease behavior. Because the 

prognostication of these diseases does not incorporate molecular features of disease 

pathogenicity, they frequently fall short in classifying patients into accurate 

prognostic groups. Exacerbating treatment short-falls are the lack of prognostic 

markers capable of being employed for the pharmacogenomic assessment of 

chemotherapeutic response in order to tailor therapeutic regimes and avoid over-

treatment or under-treatment of individual patients. Furthermore, the gold-

standard of treatment for NHL (CHOP) has remained relatively unchanged for the 

past two decades. This chemotherapy regime non-specifically targets cells with a 

high proliferative index, meaning that complete molecular remission of slowly 

proliferating indolent tumors is rarely achieved, while the resulting side-effects 

associated with destruction of bone-marrow function are still incurred. The 

inclusion of anti-CD20 monoclonal antibody therapy (Rituximab/Mabthera) has 

been a positive step towards more specific targeting of tumor cells, and has 

significantly increased treatment efficacy. However, high-dose regimes of non-

specific chemotherapies are still employed in all cases, and this will continue to be 

the case until more targeted and efficacious therapies are developed. 

 

In order to achieve an environment where early diagnosis is facilitated by genetic 

testing of susceptibility, and molecular features that directly affect tumor 

aggressiveness are incorporated into clinical assessment of prognosis and design of 
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therapeutic regimes, we must first achieve a detailed understanding of molecular 

features associated with disease susceptibility and pathogenesis. This may also 

provide insight into new molecular targets for NHL therapy that affect only the 

pathogenic mechanisms of neoplastic cells rather than non-specifically targeting 

all highly proliferative cells. Molecular profiling can be used to achieve this by 

allowing high resolution interrogation of the genome and transcriptome of groups 

of patients in order to find common features among those affected by NHL or 

within tumor subtypes. These profiles can thereby provide insight into the 

molecular mechanisms of disease susceptibility and pathogenesis, and may result 

in the elucidation of the signaling pathways involved in disease onset and 

progression that can be used as predictors of disease risk, be therapeutically 

targeted or be used as predictors of therapeutic response. 

 

2.2 Aims 

This research was aimed at using a molecular profiling approach in order to 

identify features associated with NHL disease etiology and pathogenesis. In order 

to achieve this goal, both genome-wide and high-resolution techniques were 

employed in tandem. The use of genome-wide screens followed by high resolution 

techniques to define genetic and transcriptional features associated with disease 

pathogenesis was tested by investigation of a novel B-cell disorder. This provided 

the foundation for the use of genome-wide microarrays for the elucidation of 

genetic and transcriptional changes associated with NHL disease etiology and 

pathogenesis. Specifically, single nucleotide polymorphism microarrays were used 

for genome-wide screens for genetic susceptibility loci, loss of heterozygosity 

(LOH) associated with tumor suppressor genes and DNA copy number alterations 

that show a high prevalence in common subtypes of NHL. Gene expression 

microarrays were used to develop a clinically-accessible method for DLBCL COO 

subtyping (Section 1.9.1.1) as well as for defining transcriptional features 

associated with chemotherapeutic response in FL.  
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High resolution techniques were then used to further define the roles of three 

highlighted candidates and provide insight into their function in NHL disease 

pathogenesis. These techniques included conventional polymerase chain reaction 

(PCR), agarose gel electrophoresis, traditional and novel uses of quantitative real-

time PCR (qPCR), DNA and RNA capillary electrophoresis, MassArray-based 

genotyping and DNA methylation analysis, cell-culture, and flow cytometric 

analysis of apoptosis. By combining this array of high-resolution techniques with 

genetic and transcriptional profiles from genome-wide microarray analysis the 

function of the candidate genes BACH2, FOXP1 and TP73 were explored and 

novel insight were gained into their role in the molecular pathogenesis of NHL.  

 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

65 
 



 

 

 

 

Chapter Three 

Methodological 

Background, Protocols  

and Validation 
 

 

 

 

 

 

 

 

 

 

 

66 
 



3.1 The Griffith Lymphoma Project 

The Griffith Lymphoma Project (GLP) was initiated in 2005 at the Genomics 

Research Centre on the Gold Coast Campus of Griffith University. Collaboration 

has existed with the Australia Leukemia and Lymphoma Group (ALLG) tissue 

bank since its inceptions, but further clinical collaborations have been developed 

over the period of the last three years. This allowed the collection of tumor 

samples employed in this investigation, and will provide an avenue for prospective 

collections to continue into the future of the project. 

 

3.1.1 Patient Samples 

The NHL samples used in this research consisted of germ-line DNA from 

peripheral blood samples of NHL patients (Section 3.1.1.1) and DNA and RNA 

obtained from tumor samples (Section 3.1.1.2). Germ-line DNA samples obtained 

from peripheral blood samples of 100 NHL patients were used along with DNA 

samples from 100 matched healthy controls were employed to create case and 

control DNA pools and obtain SNP microarray data for the determination of 

genetic features associated with susceptibility to NHL. Tumor samples consisted of 

diagnostic tumor specimens from 12 DLBCL and 12 FL samples as well as isolated 

peripheral B-cells from 10 B-CLL patients. These were used for genome-wide 

analysis of LOH and DNA copy number alterations, development of our qPCR-

based COO subtyping method, genome-wide analysis of transcriptional changes 

associated with chemotherapeutic response and for investigation into the role of 

candidate genes in NHL pathogenesis.  

 

3.1.1.1 Susceptibility Scan Samples 

Analysis of genetic susceptibility to NHL required the collection of germ-line 

(non-tumor) DNA from individuals with a past or present diagnosis of NHL and its 

comparison to germ-line DNA from healthy controls. Germ-line DNA was 

collected from peripheral blood samples of NHL patients through the Princess 
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Alexandra Hospital and the Genomics Research Centre clinic. Public awareness of 

this project aided in collections, and was supported by radio interviews, notices on 

the lymphoma support group web-site and an article in the Gold Coast Bulletin 

newspaper. This resulted in the collection of 100 patient samples within the period 

of 1 year. This number was too small to perform a comprehensive genome-wide 

scan for genetic susceptibility; however a pilot study was conducted in order to 

generate preliminary results implicating specific genomic regions. DNA samples 

from the Genomics Research Centre general population were used as control 

samples. 

 

3.1.1.2 Patient Tumor Samples and Clinical Characteristics 

Portions of diagnostic fresh-frozen lymph node specimens were provided by the 

ALLG tissue bank at the Princess Alexandra Hospital (Brisbane, Queensland, 

Australia). This included small portions of samples from 12 FL and 12 DLBCL 

patients. Collaborations with the Royal Brisbane Hospital (Brisbane, Queensland, 

Australia), the Prince Charles Hospital (Brisbane, Queensland, Australia), Redcliffe 

Hospital (Brisbane, Queensland, Australia) and the Gold Coast Hospital (Gold 

Coast, Queensland, Australia) also allowed for the collection of peripheral blood 

samples from 10 CLL patients. Clinical data was not provided with these samples. 

 

Clinical data was not available for DLBCL and B-CLL samples, but was available 

for 11/12 FL samples (Table 3.01) and hence these were used to analyse genome-

wide gene expression changes associated with response to first-line therapy. Using 

the Cheson criteria (Section 1.6.2), FL patients were classified as either having a 

complete response (CR) or a non-complete response (N-CR; encompassing PR, SD 

and PD) to therapy. The clinical information for all FL samples and their response 

classification is presented in Table 3.01 below. 
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Table 3.01: Clinical Information for FL Samples. Abbreviations: FLIPI, Follicular Lymphoma 
International Prognostic Index; CR, Complete Response; N-CR, Non-complete Response; NoRx, No 
Treatment.  

Sample FLIPI Grade Stage Response 
FL-01 1 1 3a N-CR 
FL-02 4 1 4a N-CR 
FL-03 2 2 3a CR 
FL-04 2 2 4a N-CR 
FL-05 2 2 3as N-CR 
FL-06 0 2 Not Supplied CR 
FL-07 1 1 3a N-CR 
FL-08 1 1 3b CR 
FL-09 1 1 4a CR 
FL-10 0 1 1a CR 
FL-11 1 1 4a NoRx 
FL-12 --------------------  Observation Only  -------------------- 

 

3.1.1.3 Hyperplastic Lymphoid Tissue Samples 

Inflamed tonsil samples were collected from 12 otherwise healthy patients for use 

as comparative hyperplastic lymphoid tissue (HLT). These samples were collected 

through the Gold Coast Hospital Ear Nose and Throat department. Samples were 

snap frozen and processed for RNA and DNA isolation using the same protocols as 

for fresh-frozen tumor tissue specimens (Sections 3.3.1.3 and 3.4.1.2). 

 

3.1.2 Human Research Ethics Approval 

Ethics approval has been obtained for this research from the Human Research 

Ethics Committees of Griffith University, the Princess Alexandra Hospital, the 

Royal Brisbane Hospital, Redcliffe Hospital, the Prince Charles Hospital and the 

Gold Coast Hospital.  
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3.2 B-cell Isolations from Peripheral Blood Samples 

This technique was utilised in order to obtain purified neoplastic B-cells from 10 

B-CLL patient peripheral blood samples for use in DNA and RNA extraction. DNA 

samples were subsequently employed for SNP microarray analysis of LOH (Section 

5.2) and DNA copy number (Section 5.3), as well as for epigenetic analysis of the 

TP73 gene (Section 7.4). RNA samples were employed for detailed analysis of 

FOXP1 and TP73 

 

3.2.1 Methodological Background 

In order to create gene-expression and SNP profiles from malignant cells in B-CLL 

patients, with as little background noise from other cell types as possible, B-cells 

must be isolated from patient peripheral blood samples. Several methods for this 

have been developed, and many are commercially available [Fotino et al., 1971; 

Perper et al., 1968; Ting and Morris, 1971; Wysocki and Sato, 1978]. However, 

these are very expensive and time consuming. Instead of these approaches, a two-

step method was employed using; (i) lymphocyte enrichment from whole-blood, 

and (ii) B-cell isolation from enriched lymphocytes. CD19 was selected as the 

marker for B-cell isolation because of its expression on mature B-cells and 

observations that this expression is maintained in B-CLL [Ginaldi et al., 1998]. 

However, due to the lack of published data on this combination of techniques, it 

was important to validate their efficacy in obtaining pure cell populations. Cellular 

populations were therefore investigated at each step of the isolation procedure in 

order to determine the purity of B-cells and the possible contaminating presence 

of T-cells. This was achieved by flow cytometric analysis of cells using 

fluorescently labelled antibodies to the CD45 pan-leukocyte marker, the CD19 B-

cell marker, and the CD3 T-cell marker. Using this approach we found that our 

two-stage B-cell isolation technique provided a high purity of B-cells. 
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3.2.2 Methods: B-cell Isolation and Validation Protocols 

3.2.2.1 Sample Collection and Red Blood Cell Lysis 

Peripheral blood samples were collected from a single control subject in EDTA 

tubes and processed within 24h. In order to investigate the initial cellular 

populations, leukocyte preparations were made from four 500μL aliquots of 

whole-blood by red blood cell lysis. In order to lyse red blood cells, whole blood 

was incubated with 1mL of ACK lysis buffer for 5 min, pelleted by centrifugation 

at 250rcf for 5min, and the supernatant removed. Cells were then washed three 

times in PBS (pH 7.4) and re-eluted in 500uL of PBS containing 0.1% FBS and 

2mM EDTA for immunostaining. 

 

3.2.2.2 Lymphocyte Enrichment: 

Lymphocytes were enriched from 3mL of whole-blood using ACCUSPIN™ system 

HISTOPAQUE®-1077 columns (Sigma-Aldrich) according to the manufacturer’s 

protocol. Enriched lymphocytes were re-eluted in 3mL of PBS containing 0.1% 

FBS and 2mM EDTA, and four 500μL aliquots immunostained for flow cytometry. 

 

3.2.2.3 B-cell Isolation 

Four B-cell isolations were performed from 500uL of lymphocyte-enriched 

samples using Dynabeads® CD19 (Invitrogen) and a magnetic particle concentrator 

according to the manufacturer’s protocol. Dynabeads were detached using 

DETACHaBEAD CD19 (Invitrogen) according to the manufacturer’s protocol, and 

the remaining cells re-eluted in 500μL of PBS (pH 7.4) containing 0.1% FBS and 

2mM EDTA. 

 

3.2.2.4 Immunostaining and Flow Cytometry 

One sample from each the leukocyte preparation, lymphocyte-enrichment and B-

cell isolation were stained with anti-CD45-PerCP, anti-CD19-PE, and anti-CD3-

FITC. This was achieved by incubation of each sample with 5μg of labelled 
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antibody for 20minutes on ice. Samples were then washed twice in PBS and re-

eluted in 500μL. Flow Cytometry was performed on a FACSCalibur™ flow 

cytometer (BD Biosciences) using an Argon lamp. It is important to note that there 

was very little overlap in the emission spectra of these fluorophores, so a clean 

signal could be obtained for each marker. 

 

3.2.3 Validation Results and Discussion 

Figure 3.1 displays a CD45 scatter plot of the leukocyte preparation, in which 

distinct cellular populations can be seen. A dense population of lymphocytes, as 

well as populations of monocytes, neutrophils and other granulocytes can be 

clearly distinguished. At this stage only 0.97% of the total cellular population are 

B-cells, as determined by the presence of the CD19 antigen (Table 3.02). 

Other granulocytes 

Neutrophils 

Monocytes 

Lymphocytes 

SSC 

FS  
Figure 3.01: Scatter plot of CD45-stained cells from the leukocyte preparation displaying 5 distinct 
cellular populations. 
  

Figure 3.02 clearly displays removal of granular cells from the total cell population 

after lymphocyte-enrichment by the ACCUSPIN™ system. At this stage 7.02% of 

the total cellular population was composed of B-cells (Table 3.02), a substantial 

increase in percentage from the whole-blood preparation. 
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Lymphocytes

Monocytes 

Granular cells
eliminated SSC 

FS  
Figure 3.02: Scatter plot of CD45-stained cells from the lymphocyte enrichment displaying 2 
distinct cellular populations. 
 

Figure 3.03 displays a CD45 scatter plot after lymphocyte enrichment and B-cell 

isolation with CD-19 (Pan-B) Dynabeads. Removal of these beads was attempted 

using the DETACHaBEAD™ system, however some remained present and appear 

as a scatter throughout the plot. After appropriate gating of the plot to remove 

Dynabead scatter, greater than 97.51% of the cells present were determined to be 

B-cells (Table 3.02). The remaining cells were determined to be T-cells due to the 

presence of CD3 antigen. No clear cellular populations of either monocytes or 

granulocytes can be seen on the CD45 scatter plot.  
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SSC 

B-cells

 
Figure 3.03: Scatter plot of CD45-stained cells from the B-cell isolation displaying a distinct 
lymphocyte population and scatter from the remaining Dynabeads. 
 

Table 3.02: Cellular populations present in each step of the isolation procedure 
Cellular Preparation CD45+ CD3+ CD19+ 

Leukocyte Preparation 16.99% 8.83% 0.97% 

Lymphocyte Enrichment 71.19% 47.41% 7.02% 

B-Cell Isolation 16.34% 2.49% 97.51% 

 

The efficacy of the B-cell isolation technique, employing the ACCUSPIN™ system 

and CD19 Dynabeads has been proven by this investigation. Using this technique 

it will be possible to obtain relatively pure B-cell population from blood samples of 

control and leukaemia patients. This platform will provide SNP and gene-

expression profiles representative of the B-cell population and enable a clearer 

view of cellular pathophysiology during cancer. 
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3.3 DNA Extraction  

Genomic DNA was extracted from 100 peripheral blood samples from 

susceptibility scan collections, 10 B-cell isolation, 12 FL tumor specimens and 12 

DLBCL tumor specimens using commercially available column-based extraction 

procedures with little to no alteration to the manufacturer’s protocol. DNA 

extracted from susceptibility scan samples were used for DNA pooling (Section 

3.6.3) prior to SNP microarray analysis of genetic susceptibility (Section 5.1). DNA 

isolated from peripheral B-cells of B-CLL patients and from tumor specimens of FL 

and DLBCL patients were used directly as the template for amplification, 

fragmentation and labeling protocols prior to SNP microarray analysis (Section 

3.6.4) as well as for investigation of TP73 gene polymorphisms and methylation 

patterns (Section 7.4). 

 

3.3.1 Methods: DNA Extraction 

3.3.1.1 DNA Extraction from Susceptibility Scan Samples 

DNA extraction from peripheral blood samples collected for the analysis of genetic 

susceptibility was conducted using a QIAamp DNA Blood Midi Kit (Qiagen). In 

total, 100 samples were used for DNA extraction. DNA was extracted from 2mL of 

peripheral blood according to the manufacturer’s protocol and eluted in a final 

volume of 300μL of ddH2O.  

 

3.3.1.2 DNA Extraction from B-cell Isolations 

Following isolation of B-cells from 10 B-CLL patient peripheral blood samples 

(Section 3.2), the cells were lysed by the addition of 600μL of lysis buffer provided 

within the QIAamp DNA Blood Mini Kit (Qiagen) and passing through a 20-guage 

needle. DNA was purified from lysed cells using QIAamp DNA Tissue Mini Kits 

according to the manufacturer’s protocol and eluted in a final volume of 40μL of 

ddH20. 
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3.3.1.3 DNA Extraction from Fresh-Frozen Tissue 

This protocol was applied for fresh-frozen tumors of 12 FL and 12 DLBCL patients 

and 12 fresh-frozen HLT samples. DNA was extracted from lymphoid tissue using 

a modified column extraction protocol. 10mg of tissue was homogenized in 1mL of 

phosphate-buffered saline (pH 7.4) using a rotor-stator homogenizer. Protein was 

digested by incubation with Proteinase-K at 70°C for 30min. DNA was purified 

from the milieu using QIAamp DNA Blood Midi Kit (Qiagen) according to the 

manufacturers protocol and eluted in a final volume of 300μL of ddH20. All 

samples that were below a concentration of 100ng/μL were precipitated in ethanol 

and re-eluted in a smaller volume. 

 

3.3.1.4 DNA Extraction from Buccal Samples 

Buccal cell samples were collected from 4 of the B-CLL patients using Catch-All 

sample collection swabs (Epicentre Biotechnologies), and DNA isolated using 

BuccalAmp DNA extraction kits (Epicentre Biotechnology) according to the 

manufacturer’s protocol. All samples were quantitated by spectrophotometry, 

ethanol precipitated, and re-suspended at a concentration of 150ng/uL. 

 

3.3.2 Validation Results and Discussion 

DNA extractions from peripheral blood samples (Figure 3.04) and lymph node 

tissue all produced high yields of DNA with minimal protein contamination. 

Concentrations of these DNA extractions varied from a minimum of 51.7ng/μL to 

a maximum of 240.8ng/μL, with a median value of 122.4ng/μL. Purity of DNA was 

assessed by the ratio of absorbances at wavelengths of 260nm and 280nm. These 

A260/A280 values varied from a minimum of 1.58 to a maximum of 2.23, with a 

median value of 1.88. It was noted that DNA extractions from lymph node tissue 

possessed higher A260/A280 values, likely due to an increased amount of protein 

contamination within these samples. This may indicate that durations of 

proteinase digestions should be increased for these tissue types. However, possible 
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protein contamination within these samples did not seem to have any effect on 

downstream applications of the DNA. 
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Figure 3.04: Spectrograph showing absorbance spectrums of 10 representative 
peripheral blood samples varying in concentration. It can be seen that all 
samples have maximum absorbance at a wavelength of 260nm. 
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3.4 RNA Extractions  

Total-RNA was extracted from 10 B-cell isolations, 12 FL tumor specimens, 12 

DLBCL tumor specimens, and 12 HLT samples using a commercially available 

column-based extraction procedure. These RNA samples were assessed for quality 

using the RNA Nano Labchip protocol on an Agilent BioAnalyser and then used as 

the template for the amplification, fragmentation and labeling protocols prior to 

gene-expression microarray analysis (Section 3.7.2) and for reverse transcription 

(Section 3.8.2) prior to qPCR analysis.  

 

3.4.1 Methods: RNA Extraction 

3.4.1.1 RNA Extraction from B-cell Isolations 

RNA was extracted from B-cell isolations using the PureLink Micro-to-Midi RNA 

purification system (Invitrogen). Purified B-cells in 300μL of lysis buffer 

(Invitrogen) and lysed by passing through a 20-gauge needle. RNA purification 

continued from this point according to the manufacturer’s protocol. 

 

3.4.1.2 RNA Extraction from Fresh-Frozen Tissue  

RNA was extracted from lymphoid tissue using a modified TRIzol/column 

extraction protocol. 10mg of tissue was homogenized in 1mL of TRIzol solution 

(Invitrogen) using a rotor-stator homogenizer. Samples were incubated at room 

temperature for 5 minutes to allow dissociation of nucleoprotein complexes, 

before adding 200μL of chloroform. Samples were mixed thoroughly and 

incubated at room temperature for 2min before centrifugation at 12,000rpm for 

15min at 4°C to separate organic and aqueous phases. The upper aqueous phase 

was removed and mixed with an equal volume of 70% ethanol before RNA 

purification using the PureLink Micro-to-Midi RNA purification system according 

to the manufacturer’s protocol and eluted in a final volume of 30μL of DEPC-

treated H20. 
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3.4.2 Validation Results and Discussion 

RNA quality was measured with the RNA-Nano LabChip protocol using an 

Agilent BioAnalyser 2100 according to the manufacturer’s protocol. RNA integrity 

numbers (RIN), calculated by the Agilent BioAnalyser software, ranged between 

6.4 and 9.6 (Figure 3.05). Concentration of total-RNA from lymph node and 

peripheral B-cell extractions ranged between 67ng/μL and 2,270ng/μL, 

corresponding to total-RNA yields of between 2.01μG and 68.1μG. These results 

indicate that these protocols are appropriate for the isolations of high yields of 

total-RNA. However, the integrity of this RNA may vary depending on how the 

sample has been treated, indicating that appropriate precautions should be taken 

in downstream applications (Section 3.8.1). 

 
Figure 3.05: Agilent Bioanalyser Electrophoretograms for two samples with the lowest (RIN=6.4, 
above) and highest (RIN=9.6, below) RNA integrity.  
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3.5 Whole Genome Amplification 

Due to the low yields of DNA obtained from Buccal cell extractions (see Section 

5.2.2.2) it was necessary to amplify these samples in order to gain a high enough 

yield for the SNP microarray analyses performed in Section 5.2. It was therefore 

desirable to validate the efficacy of whole genome amplification (WGA) in order 

to ensure that the results obtained during validation of our novel method of LOH 

analysis (Section 5.2.2.2) were not undermined by errors associated with the WGA 

procedure.  

 

3.5.1 Methodological Background 

With the advancement of high-throughput technologies, the limiting factor for 

whole-genome analysis is DNA availability. This has been addressed by the 

development of WGA technology, making it possible to run clinical samples with 

limited DNA yields through platforms which genotype hundreds of thousands of 

genomic markers. Initial WGA techniques such as primer-extension and 

degenerate-oligonucleotide-primer PCR showed both amplification bias, resulting 

in allele drop-out, and a low amplification processivity, resulting in amplicons 

averaging only 1kbp in lenth [Lasken and Egholm, 2003; Dean et al., 2002]. These 

caveats have now been substantially ameliorated by the use of DNA polymerase 

from the Phi29 bacteriophage. The Phi29 polymerase is highly processive and 

replicates templates by a ‘hyperbranching’ mechanism known as multiple strand 

displacement, resulting in an approximate 10,000-fold amplification of DNA 

templates [Lasken and Egholm, 2003]. Importantly, it also has a low error-rate and 

possesses proof-reading capability, resulting in a high concordance between gDNA 

and WGA-DNA sequence.  

 

Tzetkov et al. (2005) used a Phi29-based WGA method to interrogate over 10,000 

SNPs in gDNA and their comparative WGA-DNA samples using an Affymetrix 

10k human mapping array. They found WGA-DNA to produce a high call rate 
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(>95%) and show good genotype concordance with the comparative gDNA 

sample. The discordance between gDNA and WGA-DNA samples was comparable 

to that of inter-assay variability within their laboratory. However, there was an 

approximate 1.5% decrease in call-rate between gDNA and WGA-DNA samples. 

This was due to heterozygous genotypes in the gDNA producing relative allele 

signal (RAS) scores between the three acceptable values of 0 (homozygous wild-

type), 0.5 (heterozygous) and 1 (homozygous mutant) because of the biased 

amplification of one of the two alleles. However, this was attributed to WGA 

inter-assay variability which was addressed by completing triplicate WGA 

reactions and pooling the products. Call-rate and concordance was also improved 

by increasing the amount of input gDNA into the WGA reaction.  

 

In this investigation, Genomiphi V2 DNA Amplification kits (GE Healthcare) have 

been utilized to amplify gDNA obtained from Buccal cell samples. This system 

utilizes random hexamer oligonucleotides to prime the WGA reaction, and is 

supposed to yield approximately 4-7μg of WGA-DNA from an initial input of 10ng 

of gDNA. The products of these reactions are proposed to be greater than 10kbp in 

length, and only result in an amplification bias of one allele if the initial input 

DNA is of low quality [Genomiphi V2 DNA Amplification Kit Protocol, GE 

Healthcare]. The resulting WGA DNA was used for SNP microarray analysis in 

order to provide genotype calls for accurate genome-wide analysis of loss of 

heterozygosity in B-CLL tumor cells. 

 

3.5.2 Methods: Whole Genome Amplification 

Following extraction, genomic DNA was quantified by spectrophotometry using a 

Nanodrop ND-1000 spectrophotometer. Samples were then diluted to either 

5ng/uL or 50ng/μL, and amplified using Genomiphi V2 Whole Genome 

Amplification Kits (GE Healthcare) according to the manufacturer’s protocol. 

Triplicate reactions were conducted for each sample and the products pooled. 1μL 
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of Pooled WGA reaction product was diluted 100-fold in H2O and quantitated by 

spectrophotometry. Using this concentration measurement, the remaining pooled 

WGA reaction products were diluted to 50ng/μL for downstream applications.  

 

For validation purposes, genotype concordance was investigated by conducting 

SNP microarrays (Section 3.6) on gDNA obtained from a peripheral blood sample 

and WGA-DNA from the same control patient, and by RFLP genotyping of the 

TP73 G-386A polymorphism (see Appendix III for primer sequences) in gDNA 

and WGA-DNA from 5 tumor samples. Fragment sizes produced by WGA 

reactions were measured with the DNA-1000 LabChip protocol using an Agilent 

BioAnalyser. 

 

3.5.3 Validation Results and Discussion 

3.5.3.1 Fragment Sizes Produced by Genomiphi V2 DNA Amplification Kit 

The DNA-1000 LabChip protocol allows accurate quantification and size 

calculation of amplicons between 15bp and 1500bp because this is the range 

covered by the ladder. As expected, the majority of amplification products were 

larger than 1500bp, meaning that their size was unable to be calculated. However, 

extrapolation greater than 1500bp using the standard curve created by the assay 

ladder indicates that the maximum product sizes of the WGA reaction are not 

likely to be greater than 2kbp (Figure 3.06). This is 20% of the size indicated by 

the reference material provided with the Genomiphi V2 kit. However, it is 

unlikely that fragments larger than 1.5kpb will need to be amplified in 

downstream applications. Reliable amplification of fragments no larger than 

1.5kbp may therefore be sufficient for the application of WGA in this project. 
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Figure 3.06: BioAnalyser Electrophoretogram of WGA-DNA reaction products showing that the 
majority of the amplification products are greater in size than the 1500bp marker peak. Capillary 
migration is represented in arbitrary units on a logarithmic scale. Peaks at 15bp and 1500bp 
represent markers spiked within the sample. 
 

3.5.3.2 Comparison of SNP Microarrays between gDNA and WGA-DNA  

When comparing genotype data from SNP microarrays using gDNA and WGA-

DNA, the most noticeable difference is a decreased call-rate using WGA-DNA. In 

this investigation a 13.7% decreased call rate was noted, accounting for over 

32,500 SNPs. This is substantially higher than that previously reported. However, 

the call rate for the WGA sample remained over 80%, allowing the genotyping of 

over 190,000 SNPs. This decrease in resolution is a minor sacrifice for the ability to 

utilize samples with limited tissue availability. SNP genotypes of gDNA and WGA-

DNA from the same sample showed 93.5% concordance (Figure 3.07). Over 60% 

(9,272/15,438) of the disconcordant genotypes were due to allele drop-out. Only 

0.5% of the disconcordant genotypes were directly opposite homozygous calls in 

the gDNA compared to WGA-DNA samples. This genotyping error may be 

partially due to inter-array variability as well as errors introduced during WGA. 

The use of Affymetrix arrays, which have multiple markers associated with each 

gene, allows the filtering of any false positives that may be introduced by 

genotyping error by only selecting genes as candidates if they have more than one 

marker associated with a trait. This introduced genotyping error therefore would 

only be problematic if errors are introduced into multiple markers within the 
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same gene, and if the error is similarly genotyped by downstream validation 

methods. 
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Figure 3.07: Bubble graph of genotype concordance between gDNA and WGA-DNA from the same 
sample. Blue circles correspond to concordant genotypes and red circles correspond to 
disconcordant genotypes. Arrows demonstrate the result of allele-dropout from gDNA to WGA-
DNA. 
 

3.5.3.3 Decreased Amplification Efficiency with WGA-DNA 

To determine if the concentratiln of amplified DNA was of sufficient quality for 

downstream applications, we amplified a 700bp fragment of TP73 by PCR. This 

700bp amplicon of the TP73 gene was successfully amplified in all samples, 

suggesting that the processivity of the phi29 DNA polymerase is high enough to 

reliably replicate this relatively large genomic region. Two of five samples showed 

decreased PCR amplification efficiency in reactions with the same DNA input 

(Figure 3.08).  
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Figure 3.08: TP73 amplicon produced from PCR of gDNA and WGA-DNA for 5 tumor samples 
showing an amplicon of approximately 700bp as expected. gDNA-PC, Genomic DNA positive 
control; NTC, No-template control. 
 

3.5.3.4 Restriction Fragment Length Polymorphism Genotype Concordance 

Between gDNA and WGA-DNA  

Analysis of the TP73 G-386A polymorphism by RFLP showed that gDNA and 

matched WGA-DNA samples exhibit the same genotype (Figure 3.09). One 

sample, WGA-4, which had very low abundance of the initial amplicon was 

unable to be genotyped. Therefore, although this particular downstream validation 

technique had 100% genotype concordance between gDNA and WGA-DNA 

samples, the low amplification efficiency of WGA-DNA may impede downstream 

genotyping. 
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Figure 3.09: Agarose gel of RFLP digest for the TP73 G-386A Polymorphism, showing no 
discrepancies between gDNA and WGA-DNA genotypes 
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3.5.3.5 Conclusion 

Although the decreased amplification efficiency of WGA-DNA may interfere with 

some laboratory experiments that it may be employed in, this technique may 

increase the number of applications a single low-abundance sample can be 

employed for. The decreased call rate and genotyping error of WGA-DNA when 

utilized for whole-genome SNP array analysis can be compensated for by the high 

resolution of modern SNP arrays and the validation of SNP genotypes by 

downstream techniques respectively. The use of WGA in this investigation was 

therefore deemed to not inhibit its application for any technique or to introduce 

any significant bias in the results. 
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3.6 Single Nucleotide Polymorphism Arrays 

SNP microarrays were employed for: (i) analysis of DNA pools obtained from 

peripheral blood samples of NHL cases and controls in order to investigate genetic 

susceptibility (Section 5.1), and (ii) to interrogate tumor DNA from B-cell 

isolations of 10 B-CLL patients and tumor specimens of 12 FL and 12 DLBCL 

patients. SNP microarray data obtained from tumor specimens consisted of over 

7.6 million data points that were utilized in genome-wide LOH (Section 5.2) and 

DNA copy number (Section 5.3) analysis. 

 

3.6.1 Methodological Background 

The accumulation of point-mutations throughout the evolution of the human 

genome has resulted in approximately 10 million single base polymorphisms 

[Syvanen, 2005], accounting for most of the gene variants found in humans 

[Tzetkov et al., 2005]. These are classified as SNPs if the frequency of the minor 

allele exceeds 1% in at least one population [Dutt and Beroukhim, 2007]. 

Currently approximately 5.6 million SNPs have been identified, have had their 

allele frequencies determined, and have been ascribed an identification number in 

the NCBI SNP database (dbSNP ID) [Dutt and Beroukhim, 2007]. Many SNPs 

within small chromosomal regions are in linkage disequilibrium, making it 

necessary to only genotype a relatively small selection of these SNPs for most 

applications [Dutt and Beroukhim, 2007]. SNPs are good genetic markers because 

of three attributes; (i) they are stable, (ii) they are abundant throughout the 

genome, and (iii) they are relatively easy to genotype [Huang et al., 2004]. 

 

The recent development of microarray-based platforms for SNP genotyping has 

made high-throughput analysis of large-numbers of SNPs a reality. The 

genotyping capability of these platforms as well as the fluorescent intensity values 

associated with each SNP loci allows data to be utilized for both LOH and copy 

number variation (CNV) analyses. The high density of SNP coverage of new 
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generation arrays also allows for much higher resolution than that attainable by 

interrogation of other polymorphic markers, such as microsatellites [Dutt and 

Beroukhim, 2007]. This dual application of SNP arrays makes it a powerful 

platform for the discovery of novel tumor suppressor genes (TSG), mapping to 

regions of LOH and/or decreased copy number, or oncogenes, mapping to regions 

of increased copy number. 

 

The two major technologies with regard to high-density SNP genotyping are 

Affymetrix GeneChip arrays and Illumina bead arrays. In this investigation 

Affymetrix 250K GeneChip arrays will be utilized for LOH and CNV analyses. 

This platform was used due to availability and associated costs at the time of this 

project. Affymetrix SNP arrays have been adapted from microarray technology 

that was originally developed for gene expression analysis. The arrays are 

manufactured using a photolithography process, and contain up to 40 separate 

perfect-match and miss-match probes per SNP. This results in sensitive and 

specific genotyping of each SNP, providing reliable data for subsequent analysis. 

 

3.6.1.1 Copy Number Variation Analysis 

The commonly accepted notion that DNA CNV contributes to the pathogenesis of 

many hereditary and non-hereditary diseases has resulted in frequent 

improvements of technology for CNV analysis. Karyotype and FISH analyses are 

the two most common methods for determining CNV in clinical oncology, but are 

unsuitable tools for research. Karyotyping is the oldest technique for investigating 

chromosomal aberrations and is useful because skilled interpretation of the results 

allows identification of any aneuploidies, large deletions, large duplications, and 

translocations. However, the very low resolution and natural variation in banding 

intensities in karyotype analysis frequently results in small to moderate 

chromosomal deletions and duplications being overlooked. In indolent tumors, 

such as CLL, karyotype analysis is also difficult due to the low response of 
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neoplastic cells to mitogen stimulation [Molica, 1997]. FISH analysis allows a 

higher resolution of chromosomal aberrations, but requires the design and 

manufacture of chromosomal region-specific probes [Oostlander et al., 2004]. This 

technique is thus acceptable to examine subjects for recurrent chromosomal 

abnormalities, and is especially useful for cases with a low numbers of mitoses, but 

is inappropriate for the identification of novel aberrations. Comparative genomic 

hybridization (CGH) has also been extensively employed for investigating CNV 

[Oostlander et al., 2004]. In its initial application, conventional CGH had a 

resolution of approximately 20Mb, but subsequent introduction of microarray-

based CGH platforms increased resolution to less than 1Mb [Nannya et al., 2005]. 

Despite this, CGH platforms require large amounts of DNA input, are expensive, 

and do not achieve the resolution attainable by SNP arrays. 

 

At the inception of this project, synthetic high-density oligonucleotide SNP arrays 

had the capacity to genotype 500,000 SNPs per sample; now over 1,000,000 SNPs 

per sample can be interrogated on these platforms. This provides the capacity for 

high resolution investigation of CNV through the use of algorithms that interpret 

probe intensities at different loci. There is a range of software for copy number 

analysis of Affymetrix SNP array data, but only the Copy Number Analyser for 

Affymetrix Genechip (CNAG) and the updated version of the Affymetrix Copy 

Number Analysis Tool (CNAT) are able to manage the quantity of data associated 

with 250K and 500K SNP arrays. CNAG is a much older platform than the updated 

version of CNAT and uses an outdated algorithm for copy number generation. 

CNAT version 4.0 is also integrated into the current Affymetrix genotyping 

software (GTYPE) allowing greater annotation of SNPs contributing to CNV 

which enables more automated mapping of genes to genetic aberrations. For this 

reason, CNAT will be employed for copy number variation analysis in this 

investigation. 
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CNAT calculates CNV from fluorescence intensity data of neighbouring SNPs by 

contiguous point analysis [Rauch et al., 2004]. The significance of CNV is 

determined by the distance between contiguous SNPs over which an increase or 

decrease in copy number is noted. In order to calculate changes in fluorescence 

intensities, one or more reference samples must be used for comparison. Two 

approaches have been employed for this; (i) comparison to one matched reference 

sample; (ii) comparison to a pool of reference samples. However, each of these 

approaches has limitations which need to be addressed. The use of one matched 

sample for comparison increases the contribution of naturally occurring copy 

number polymorphisms that may cause misinterpretation of results. The 

contribution of these are decreased by the use of a pool of reference samples, 

however this approach does not account for experimental variation during the 

preparation of samples. Due to the low number of samples being employed for 

copy number analysis in this investigation, it was deemed more important to avoid 

noise associated with normalization to individual samples rather than accounting 

for the minimal experimental variation. Copy number alterations were therefore 

calculated with reference to data from 32 individual HapMap reference samples 

obtained from Affymetrix (www.affymetrix.com). 

 

3.6.1.2 Loss of Heterozygosity Analysis 

Due to multiple second-hit mechanisms and frequent duplication of the remaining 

allele following hemizygous deletion, regions of LOH do not always show CNV 

[Huang et al., 2004]. Recently, up to 80% of LOH regions identified in various 

cancer cell lines were shown to represent copy-number neutral allelic loss 

[Beroukhim et al., 2006]. For this reason it is important to supplement CNV 

analyses with LOH determination.  

 

Many of the recent LOH analyses have employed SNP arrays in order to genotype 

tumor samples and patient-matched non-tumor samples [for example Lips et al., 
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2005; Primdahl et al., 2002]. This method requires the identification of 

heterozygous genotypes in non-tumor matched samples with a homozygous 

genotype in the matched tumor sample. Using this approach, only SNPs that are 

heterozygous in the non-tumor sample are informative, and many SNPs that 

exhibit LOH without correspondence of surrounding alleles are considered noise. 

This results in the exclusion of large numbers of SNPs, but has been shown to 

successfully map regions of LOH over known tumor suppressor genes in many 

different tumor types. The major disadvantage of this approach is the need for 

patient-matched non-tumor samples, which are frequently unavailable for 

archival tissue samples such as that being employed in this investigation. 

 

It was only in late 2006 that a statistical method was developed to determine 

regions LOH in tumor samples without matched non-tumor samples. These 

investigators employed SNP array data from a range of Affymetrix GeneChips and 

determined LOH by highlighting strings of homozygous SNPs that were longer 

than that expected by chance alone [Beroukhim et al., 2006]. The initial form of 

this analysis was predisposed to generating false-positives due to many of the 

adjacent SNPs being in linkage disequilibrium, but was soon adapted to 

incorporate and correct for Haplotype information. However, this approach has a 

much lower resolution than conventional approaches due to the need for long 

strings of homozygous SNPs in order to yield a statistically significant result.  

 

In order to allow for higher resolution mapping of LOH in this investigation we 

have developed a novel method of LOH analysis that employs unmatched tumor 

(case) and non-tumor (control) populations. Instead of inferring LOH by 

contiguous strings of homozygous genotypes, this method infers LOH by detecting 

consistent decreases in the frequency of heterozygosity between tumor and 

control samples. This method is further described and validated in Section 5.2. 
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3.6.2 Methods: DNA Pooling for Susceptibility Scans 

Following extraction (Section 3.3.1.1), DNA samples were quantitated in triplicate 

using spectrophotometry (NanoDrop) and each diluted to a concentrations of 

50ng/μL. Those samples that were under 50ng/μL were precipitated in ethanol, re-

reluted in a smaller volume, quantitated by spectrophotometry and then diluted to 

a concentration of 50ng/μL. Triplicate pools were contructed using 2μL of each of 

the 100 samples and the pools combined to account for pipetting error.  

 

3.6.3 Methods: Single Nucleotide Polymorphism Arrays 

DNA samples used for SNP microarray analysis included DNA extracted 

peripheral B-cells of B-CLL patients (Section 3.1.1.2), fresh-frozen DLBCL and FL 

tumor samples (Section 3.1.1.2), and fresh-frozen HLT samples (Section 3.1.1.4), as 

well as whole-genome amplified DNA (WGA-DNA) from B-CLL patient Buccal 

samples (Section 3.1.1.3) and pooled somatic genome DNA from disease 

susceptibility samples (Section 3.1.1.1). 

 

DNA samples were amplified, fragmented, labelled and hybridized to Affymetrix 

250K Sty SNP microarrays in accordance with the manufacturer’s protocol. All 

steps from fragmentation through scanning were performed by the Clive and Vera 

Ramaciotti Centre for Gene Function Analysis, University of New South Wales 

(NSW, Australia), and the raw data provided for analysis. Raw data was extracted 

from image files using GeneChip Operating System software (GCOS; Affymetrix). 

SNP genotyping, copy number analysis and HMM-based LOH analysis was 

performed using GeneChip Genotyping Software (GTYPE; Affymetrix) and the 

associated copy number analysis tool (CNAT Version 4.0; Affymetrix). Copy 

number alterations were calculated with reference to data from 32 HapMap 

reference samples obtained from Affymetrix (www.affymetrix.com). 
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3.6.3.1 Affymetrix 250K Sty SNP Microarrays 

The Affymetrix 250K Sty SNP microarray is one half of the 500K mapping set that 

was the most advanced platform at the time of initiation of this project. This 

microarray allows simultaneous interrogation of >238,000 SNPs on a single chip 

with 250ng of genomic DNA input. The SNPs on this microarray are spread across 

the genome with a mean inter-marker spacing of 12,059bp, and a mean 

heterozygosity frequency of SNPs is 25.12%.  
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3.7 Gene Expression Microarrays 

Gene expression microarrays were used to investigate transcriptional changes 

associated with a novel B-cell disorder (Chapter 4), as well as to interrogate the 

genome-wide transcript levels within RNA samples obtained from B-cell isolations 

of 10 B-CLL patients (Section 3.4.1.1) and tumor specimens of 12 FL and 12 

DLBCL patients (Section 3.4.1.2). These genome-wide gene expression 

measurements were used in order to develop a novel qPCR-based method of 

determining DLBCL COO Subtype (Section 6.1), to find transcriptional changes 

associated with chemotherapeutic response in FL patients (Section 6.2) and to 

interrogate gene expression signatures such as those associated with NFκB activity 

(Section 7.3), p53 activity (Section 7.4) and RAS activity (Section 7.4). 

 

3.7.1 Background 

Transcription of DNA coding sequences into mRNA is the first step in producing 

proteins. The transcriptome is the comprehensive, and highly dynamic, set of 

mRNA species within a cell. This changes rapidly and dramatically in response to 

extracellular stimuli, normal cellular events such as proliferation, or perturbations 

such as cell stress. Furthermore, the transcriptome may be altered during 

tumorigenesis by gene dosage affects associated with DNA copy number changes, 

or by other cellular features of tumor cells such as increased metabolism or altered 

DNA methylation patterns. Transcriptional profiling using gene expression 

microarrays can allow the interrogation of the entire transcriptome, allowing a 

‘snap-shot’ of cellular biology at a single time-point. This technique has been 

widely employed for the global mapping of transcriptional changes associated with 

different cancer types and subtypes [Rhodes and Chinnaiyan, 2005]. These studies 

differ in their specific objectives and thus employ slightly divergent approaches. 

This can include the microarray platform that is employed, as well as the method 

of analysis for microarray data. 
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Initial microarray technology utilized a dual labeling system in which case and 

control sample were either labeled with Cy3- or Cy5-dUTP and were co-

hybridised to the same array. Fluorescence intensity was then measured at 

different wavelengths and the change in gene expression determined by the over-

representation of one of the dyes [Duggan et al., 1999]. Some microarray 

platforms, such as those supplied by Agilent, still utilize this approach. However, a 

more common approach in modern times is one-color microarray using 

strepdavidin-based labeling protocols [Hardiman, 2004]. There are multiple whole 

genome cDNA microarrays that are commercially available, and all of which 

contain over 30,000 probes. Each of these platforms has been shown to have good 

intra- and inter-platform reproducibility, suggesting little difference between 

them [MAQC Consortium, 2006]. Despite no preference in microarray platform 

being sited by the Microarray Quality Control (MAQC) consortium, the higher 

number of probes on Affymetrix arrays and the lower covariance of replicate 

results, led us to employ this platform during our initial investigations into a novel 

B-cell disorder (Chapter 4). During this process we encountered low signal 

intensity using the Affymetrix HU-133 Plus 2.0 Array set, prompting a change to 

the Illumina Sentrix BeadChip platform for the analysis of tumor samples.  

 

Approaches to microarray data analysis can also differ between studies, and 

depends on both the objective and the current state of the art. As data sets become 

larger and larger, analysis becomes more complex and it is more challenging to 

gain meaningful biological insight from the results generated [Bild and Febbo, 

2005]. Commonly microarray data is analysed by compiling a ranked list of genes 

which vary the most significantly between two phenotypic groups. The 

investigators then focus on a handful of genes at the top of the list which are most 

likely to show statistically significant variance between groups. However, this 

approach may fail to find significant alterations in gene expression in 

heterogeneous diseases, and may be further confounded by the noise that is 
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inherent to microarray technology [Subramanian et al., 2005]. This may result in 

small perturbations of many individual genes within a pathway being overlooked 

despite their collective effect resulting in a large flux of the pathway. 

Alternatively, investigators may employ lower stringencies and be left with a long 

list of genes that do not fit a unifying biological theme, making interpretations of 

relationships with disease pathogenesis difficult.  

 

In order to resolve this, two techniques have become commonplace in microarray 

analysis procedures to assign genes into functional groups. The first is the 

clustering of genes using self-organising maps, k-tuple means cluster or 

hierarchical clustering. This sorts genes by their similarities in expression patterns 

within groups of samples with the hypothesis that genes with similar patterns of 

expression share functional commonalities [Lockhart and Winzeler, 2000]. By 

using two dimensional hierarchical clustering analysis, whereby both genes and 

samples are clustered by similarities in gene expression patterns, Alizadeh et al. 

(2000) described the COO subtypes of DLBCL (Section 1.9.1.1). The second is 

Gene Set Enrichment Analysis (GSEA), which applies a priori gene set 

classifications to groups of differentially expressed genes in order to classify them 

within the context of known functions or cellular pathways [Bild and Febbo, 

2005]. This allows the implication of defined cellular pathways with components 

of well characterized function in disease pathogenesis. GSEA has been applied to 

gene expression microarray data in order to find perturbations within signaling 

pathways that predict prognosis in breast cancer [West et al., 2006a], and to 

identify functional signatures within the COO subtyping genes in DLBCL (Section 

1.9.1.3) [Monti et al., 2005].  

 

3.7.2 Methods: Gene Expression Microarrays 

Unless otherwise stated (Chapter 4), gene expression microarrays were performed 

using Illumina Sentrix Human Beadchips (Version 2). Total RNA from tumor 
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samples was quality ascertained using the Agilent Bioanalyser 2100 using the 

NanoChip protocol.  A total of 500ng was labelled using the Ambion Total Prep 

RNA amplification kit (GE Healthcare). The quantity of labelled product was 

ascertained using the Agilent Bioanalyser 2100 using the NanoChip protocol. A 

total of 1.5ug of labelled cRNA was then prepared for hybridisation to the Sentrix 

Human-6 Expression Beadchip (v2.0) by preparing a probe cocktail (cRNA @ 

0.05ug/ul) that includes GEX-HYB Hybridisation Buffer (supplied with the 

beadchip). 

 

A total hybridisation volume of 30ul is prepared for each sample and 30ul loaded 

into a single array on the Sentrix Human-6 Expression Beadchip (v2.0).  A total of 

6 different labelled samples can be loaded into 6 individual arrays per beadchip.  

The chip is hybridised at 58C for 16 hours in an oven with a rocking platform.  

After hybridisation, the chip is washed using the appropriate protocols as outlined 

in the illumina manual.  Upon completion of the washing, the chips are then 

coupled with Cy3 and scanned in the illumina BeadArray Reader.  The scanner 

operating software, BeadStudio, converts the signal on the array into TXT files for 

analysis. 

 

Initial data analysis, including array normalization and differential gene expression 

analysis was performed using ArrayStar software. GSEA was performed using 

WebGestalt [Zhang et al., 2005], a web-based integrated data mining system that 

allowed for enrichment of genes by Kyoto Encyclopedia of Genes and Genomes 

(KEGG) pathway [Kanehisa and Goto, 2000].  

 

3.7.2 Validation: Correlation with qPCR Results 

In order to ensure the accuracy of microarrays to depict the true transcript 

abundance within samples, microarray data is validated with gene expression 

measurements generated by qPCR (Section 3.8). This was achieved using the 
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expression of the TP73 as measured by microarray and the C-terminal qPCR assay 

as an example (Section 7.4.2.6). qPCR data was used to calculate fold-change in 

TP73 gene expression for each tumor sample with reference to Universal Human 

Reference RNA (Stratagene) generated by qBASE software (Section 3.8.6). Fold-

change values were then correlated with microarray probe intensity data for the 

TP73 gene in order to investigate the consistency between the microarray 

platforms and the more sensitive qPCR technique (Figure 3.10). These values 

showed a statistically significant correlation (Pearsons correlation coefficient = 

0.712, p-value < 0.001). This indicates that gene expression measurements derived 

by the microarrays for this transcript accurately represent true transcript 

abundance as determined by the highly sensitive technique of qPCR. 

 

 
Figure 3.10: Scatter graph showing correlation between microarray-based and qPCR-based 
measurements of TP73 gene expression. Line of best fit possesses an R2-value of 0.507. 

 

3.7.3 Validation: Accuracy of Replicate Samples 

Replicate microarrays were performed through two control samples in order to 

evaluate the inter-experimental variability. Comparison of genome-wide gene 

expression patterns are seen in Figure 3.11. Only four genes showed greater than two-

98 
 



fold difference in expression between replicate experiments and were removed from 

downstream analyses; HS.557356, HS.579631, HS.124836 and LOC646097. The 

close correlation between genome-wide expression measurements between replicate 

gene expression microarray experiments suggests that difference found between 

samples are most likely not due to experimental variation introduced during the 

processing of the microarrays. 
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Figure 3.11: Scatter plot showing a comparison of genome-wide gene expression 
measurement in two replicate microarrays. Points with greater that a 2-fold 
variance in gene expression between replicates are highlighted in black. 
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3.8 Quantitative Real-Time Polymerase Chain Reaction 

Quantitative real-time polymerase chain reaction (qPCR) is currently the most 

sensitive method to detect changes in gene transcript abundance [Bustin and 

Nolan, 2004]. In this thesis qPCR was used to interrogate the transcript abundance 

of 20 genes and to furthermore determine relative abundances of full-length and 

truncated isoform transcripts for 2 of these genes (FOXP1 and TP73). The areas in 

which qPCR was utilised included during reference gene selection assays (Section 

3.8.5.1), investigation of a novel B-cell disorder (Chapter 4), development of a 

qPCR-based method for DLBCL COO subtyping (Section 6.1) and in detailed 

analysis of the candidate genes BACH2 (Section 7.2), FOXP1 (Section 7.3) and 

TP73 (Section 7.4). Despite the sensitivity of qPCR, there are several issues which 

need to be addressed for any data to be biologically relevant. These issues relate to 

RNA-quality, cDNA synthesis reactions, PCR efficiencies, detection chemistry, 

normalisation of data and the analysis of the results.  

 

3.8.1 Importance of RNA Quality 

Once removed from its cellular environment, RNA is much more delicate than 

DNA. The most common problem in preparation of RNA for qPCR experiments is 

degradation. If RNA is highly degraded and the amplicon is directed towards the 

5’-end of the transcript, results can be skewed by the inability of reverse-

transcriptase to amplify the region when primed with oligo-dT primers (Figure 

3.12) 
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Figure 3.12: Effect of RNA degradation of reverse-transcription with oligo-dT primers. 
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Integrity of RNA is commonly investigated using either UV spectroscopy or by 

investigating 28S:18S area ratios using systems such as the Agilent Bioanalyser 

2100 and RNA LabChip [Bustin and Nolan, 2004; Imbeaud et al., 2005]. The 

Agilent protocol has been employed in this investigation for analysis of RNA 

extracted from tumor samples (Section 3.4.2). 

 

3.8.2 Complementary-DNA Synthesis Reactions 

The step of reverse-transcribing RNA into complementary-DNA (cDNA) is an 

important contributor to variability and a lack of reproducibility in qPCR 

experiments [Bustin et al., 2005]. The sensitivity and accuracy of qPCR thus 

depends on cDNA synthesis conditions, including the priming method [Lekanne 

Deprez et al., 2002]. cDNA synthesis can be primed using random hexamers, oligo-

dTs or gene-specific primers. The choice of primer type can cause marked 

variation in calculated transcript abundance number due to differing cDNA yield 

and linearity of product amplification [Lekanne Deprez, 2002]. Each priming 

option has its own advantages and pitfalls. Random hexamer primers amplify RNA 

at random, and thus is useful for degraded samples and RNA templates with 

significant secondary structure. However, random priming has been described as 

the least reliable method [Lekanne Deprez et al., 2002], and also results in the 

amplification of large amounts of ribosomal RNA which can lead to the inability to 

detect low-abundance transcripts. Oligo-dT priming provides a moderate increase 

in specificity from random hexamer priming by priming only mRNA. This can 

result in increased ability to detect low abundance transcripts. However, reverse 

transcription of degraded mRNA with oligo-dT primers can result in truncated 

cDNA (Figure 3.12), so should not be used with degraded RNA without accurate 

design of subsequent qPCR amplicons towards the 3’-region of the cDNA. Gene 

specific primers provide the highest cDNA yield and amplification efficiency of 

the priming options [Lekanne Deprez et al., 2002]. The disadvantage of gene 

specific primers is that cDNA amplification is so specific that cDNA libraries can 
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not be revisited to investigate new transcripts. In this investigation, all samples 

were derived from fresh or snap-frozen tissue samples with a high RNA integrity, 

so random hexamer primers did not need to be employed. The hypothesis-

generating approach also precluded the use of gene-specific primers because new 

hypotheses were developed throughout the course of the project, meaning that 

cDNA libraries were required to consist of multiple originally-unknown targets. 

For this reason, oligo-dT priming was used for reverse transcription reactions in 

this investigation. 

 

3.8.2.1 Methods: Complementary-DNA Synthesis 

Total-RNA was reverse-transcribed into cDNA in triplicate reactions, each with 

approximately 100ng of total RNA input, using the Superscript III First-Strand 

Synthesis System (Invitrogen). The reaction products were pooled and diluted 5-

fold with DEPC-treated water. 5μL of this diluted cDNA was used in each qPCR 

reaction. 

 

3.8.3 Detection Chemistries 

There are two general mode of detection in qPCR; specific and non-specific 

detection [Bustin and Nolan, 2004]. Specific detection via gene specific fluorescent 

probes, such as TaqMan probes, is sequence-specific and creates fluorescence 

following hybridisation to a complementary target. The advantages of this type of 

detection chemistry is that the specificity of the reaction no longer resides with 

the primers, obviating the need for post-PCR melt-curve or agarose gel analysis of 

amplification products. The conjugation of different dyes to probes also allows the 

multiplexing of more than one reaction in each tube, reducing the cDNA 

consumption during analysis. However, this type of detection chemistry also has 

inherent limitations. Probes are time-consuming to design, and fluorophores and 

quencher dyes are expensive to purchase. Also, due to the high specificity of 
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detection, amplification artefacts that may affect PCR efficiency can not be 

detected. 

 

Non-specific detection via DNA intercalating dyes, such as SYBR Green I, 

produces fluorescence in the presence of any double stranded DNA (dsDNA) 

molecule. The inherent non-specific nature of DNA intercalation by these dyes 

creates fluorescence in the presence of primer-dimers and non-specific amplicons 

as well as the amplicon of interest. Multiple dye molecules are also able to 

intercalate each amplicon in a mass-dependant manner, resulting in fluorescence 

proportional to the amplicon length. These factors may confound analysis if not 

properly addressed by suitable assay design. The presence of primer dimers can be 

significantly reduced by conducting separate reverse transcription and qPCR 

reactions [Vandesompele et al., 2001]. Despite the non-specific intercalation of 

dsDNA by SYBR Green, fluorescence generated during a qPCR reaction can be 

template-specific if primers are correctly designed and post-reaction melt-curve 

analysis is performed to identify specific amplification products [Ririe et al., 1997]. 

SYBR Green detection has also been shown to more accurately measure mRNA 

decay with qPCR than TaqMan probes [Schmittgen et al., 2000]. 

 

3.8.3.1 Methods: Primer Design and SYBR Green qPCR Reactions 

Gene-specific primers were designed using OligoPerfect Designer (Invitrogen). All 

amplicons were directed towards the 3’-end of the reference transcript and 

designed between 80bp and 130bp in length. Primers for the internal reference 

gene RPL13A (Section 3.8.5.1) were designed to be intron-spanning in order to 

allow detection of genomic DNA contamination by melt curve analysis. Annealing 

temperature for all primers was designed to be 60°C to enable simultaneous 

amplification of multiple targets using the same cycling conditions. Sequences for 

all primers can be seen in Appendix III. 
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qPCR reactions were conducted using SYBR Green chemistry with a reaction 

mixture consisting of 1X iQ SYBR Green Supermix (BioRad), 10μM of each primer 

and 5μL of diluted cDNA in a 20μL reaction volume. Cycling and fluorescence 

acquisition was performed on a Corbett RotorGene 6000 with an initial 

denaturation of 95°C for 10min, followed by 40 cycles of 95°C for 15s, 60°C for 15s 

and 72°C for 30s. Cycling was followed by melting at 0.2°C intervals, which was 

used to analyse for DNA contamination and non-specific amplification (Figure 

3.13) before data export using the RotorGene software (Corbett Research). 

 

No-template control
reactions

C-terminal FOXP1
reactions

N-terminal FOXP1
reactions

No-template control
reactions

C-terminal FOXP1
reactions

N-terminal FOXP1
reactions

 
Figure 3.13: Example of a post-amplification melt-curve analysis of FOXP1 N-terminal and C-terminal 
amplicons (Section 7.3.2.2) and no-template controls. Only a small accumulation of primer-dimer can be 
seen in no-template controls indicating the absence of contamination, and only single amplicons can be 
seen in N-terminal and C-terminal FOXP1 reactions indicating the absence of non-specific amplification. 
 

3.8.4 PCR Efficiency Correction 

The rate of exponential rise in fluorescence during a qPCR reaction is a function of 

the PCR efficiency. This affects the cycle at which the fluorescence passes the 

threshold (CT value). When using relative quantitation, it is therefore essential 

that all PCR efficiencies be similar, and preferably above 1.90 [Gizinger, 2002]. 

This is calculated by performing a 10-fold serial-dilution of a positive control 
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template and plotting a standard curve of the CT values as a function of log[10] 

concentration of template. The PCR efficiency can then be calculated from the 

slope of the graph using the following equation: 

 

PCR Efficiency = 101/slope 

 

3.8.4.1 Methods: PCR Efficiency Correction 

PCR efficiency for each primer set was measured by the standard-curve method 

(Figure 3.14) and PCR Efficiency correction [Pfaffl, 2001] was applied during the 

analysis of data (Section 3.8.6).  
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Figure 3.14: Left, qPCR graph of 10-fold serial dilutions of the PCR amplicon (10-3-10-6); Right, plot 
of Log10[Fold-dilution] against the CT value showing a slope of 2.92, corresponding to a PCR 
efficiency of 2.2. 
 

3.8.5 Normalisation of qPCR 

The levels of expressed genes can be measured by either absolute or relative 

quantification. Absolute quantification uses a standard curve of known 

concentrations to calculate the concentration and predicted copy number of the 

target gene. This requires multiple reactions to be conducted for each qPCR run in 

order to generate the standard curve. Standards must also be very accurately 

quantitated, which is confounded by degradation of standards over repeated 

freeze-thaws. A further problem is that the DNA standards are subject to PCR 

only, increasing the potential for variability introduced in the reverse-
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transcription reaction. These factors mean that precise optimisation of each assay 

is required. 

Relative quantitation expresses changes in steady-state mRNA levels with 

reference to an internal control RNA, and is considered the most theoretically 

appropriate form of qPCR normalisation [Bustin et al., 2005]. The biggest problem 

with this technique is the identification of stable reference genes. There is no 

individual gene able to fill the criteria for a universal reference gene in all tissue 

types, and many genes used historically as references have been proven to be 

unreliable in many cell types or pathological states [Huggett et al., 2005]. Because 

the validity of conclusions is highly dependant on normalisation, it is absolutely 

imperative to independently validate reference gene stability rather than 

depending on previously published information [Bustin and Nolan, 2004; Wong 

and Medrano, 2005]. Vandesompele et al. (2002) advocate the use of multiple 

reference genes to calculate a normalisation factor by geometric averaging. 

However, even if multiple reference genes are employed, the accuracy of the 

normalisation factor is still dependant on the variability of the selected reference 

genes [Huggett et al., 2005]. When using properly validated internal reference 

genes, there are advantages. By using the same template for amplification of both 

the reference gene and the gene of interest, relative quantification can control for 

variable RNA input into the reverse-transcription reaction, and the presence of 

inhibitors to the reverse-transcription and PCR reaction in the RNA and cDNA 

samples respectively. 

 

In this investigation relative quantification will be used to normalise qPCR data. 

The most stable reference gene was selected by the calculation of relative 

expression stability values (M) with reference to other reference genes. The 

measure of relative expression stability relies on the principle that the expression 

ratios of two stably expressed reference genes should be identical regardless of 

experimental conditions. Gnorm software allows the pairwise comparison 
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reference genes, calculating M as the average pairwise variation of a particular 

reference gene with all other reference genes. Sequential elimination of genes 

with the highest M value will allow the derivation of the most stably expressed 

genes (Figure 3.15) to be used for the creation of a normalisation factor via 

geometric averaging of expression values [Vandesompele et al., 2002].  

 

3.8.5.1 Methods and Validation: Reference Gene Selection 

A panel of 7 reference genes (ACTB, B2M, GAPDH, HMBS, HPRT1, RPL13A, 

SDHA) was used for calculation of the most stably expressed gene in 4 FL, 4 

DLBCL and 2 B-CLL samples as previously described [Vandesompele et al., 2002]. 

The most stable were found to be RPL13A and HPRT1, with an M-value of 0.291 

which is below the maximum recommended value of 1.5 (Figure 3.15). RPL13A 

was used for normalisation of qPCR data in this investigation due to its superior 

PCR efficiency. 
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Figure 3.15: Decrease in stability value (M-value) with sequential knock-out of the least stably 
expressed genes. 
 

3.8.6 Data Analysis  

Initial analysis of results was completed using the Rotorgene 6000 series software 

(Version 1.7). Without the use of a standard curve, fluorescence thresholds can not 

be automatically selected by this software. It has been previously noted that this 
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threshold must be located within the exponential phase of the reaction in order to 

provide the most accurate and replicable results. Thus, the correct placing of the 

threshold can be assessed by the standard deviation of replicate samples, as 

described in the ABI Prism 7700 technical bulletin (Applied Biosystems). A 

threshold will be selected that provides the lowest standard deviation between 

replicate samples, and this threshold will be used to generate CT values for all 

analyses. In this investigation, the fluorescence threshold selected for use in all 

experiments was 0.2. 

 

Relative expression values were calculated using qBase software (Version 1.3.4, 

released March 9th 2006), developed at the Centre for Medical Genetics, Ghent 

University Hospital, by Jan Hellemans and Jo Vandesompele. This software was 

deemed the most appropriate for this investigation because it allows for PCR-

efficiency correction, inputs data directly from a standard Corbett Rotorgene 

output file and accurately calculates relative expression values with associated 

error. The difference in relative expression values between sample groups and 

controls was analysed using one-way ANOVA and post-hoc Bonferoni testing 

(α=0.05) using SPSS software. 
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3.9 Utilization of Non-Hodgkin’s Lymphoma Cell-Lines 

NHL cell-lines were used in this thesis in order to measure response to a range of 

chemotherapeutics and correlate these with molecular features such as the relative 

abundance of full-length and truncated TP73 isoforms (Section 7.4.2.8). In order to 

achieve this, 3 DLBCL cell-lines were cultured, exposed to chemotherapeutics and 

their response measured by propidium iodide cell-cycle analysis using flow 

cytometry. This work also provides a platform for future investigation into 

chemotherapeutic response using these cell-line models. 

 

3.9.1 Methodological Background 

Cell-lines derived from tumors are frequently used in laboratory research as 

models for cancer [Yamori, 2003]. Leukemia/lymphoma-derived cell-lines are 

especially prevalent and have been used for; (i) oncogene and tumor suppressor 

gene discovery through characterisation of translocations, genetic amplifications 

or deletions, and mutations, (ii) analysis of cancer gene expression signatures 

through transcriptional profiling or hypothesis-driven studies, (iii) the 

characterization of cell signaling and gene-gene interactions associated with 

tumorigenesis, and (iv) screening studies to investigate the efficacy of drugs [Chen 

et al., 2008; Ertel et al., 2006; MacLeod et al., 2008]. 

 

The rapid proliferation of many cell-line models ex vivo provides researchers with 

unlimited material for laboratory investigations. These disease models are 

relatively inexpensive to utilize, and have the potential to be used for multiple 

applications incorporating molecular genetics and the determination of cellular 

phenotypes and reactions to stimuli. However, cancer is a complex disease 

incorporating not only the oncogenic mechanism inherent to the neoplastic cells 

themselves, but also contributions by the tumor microenvironment (Section 1.8.1). 

The removal of neoplastic cells from their microenvironments thus leads to slight 

alterations in phenotypes and behaviors, resulting in models that are not fully 
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representative of their in vivo state. Investigation of genome-wide transcriptional 

profiles of a range of cancer cell-line models in comparison to tumor samples 

revealed that signaling pathways associated with cell-cell interactions, 

intercellular signaling and extracellular matrix interactions were commonly 

down-regulated in cell-line models [Ertel et al., 2006]. However, oncogenic 

signaling pathways remain intact within cell-lines, meaning that they are 

appropriate for the interrogation of pathogenic mechanisms associated with factors 

such as chemotherapeutic response. 

 

3.9.2 Methods: Cell Lines and Culturing Conditions 

Three DLBCL cell-lines were used in this investigation; Toldeo, Pfeiffer and 

SUDHL-4. Cells were grown in a humidified 5% CO2 environment at 37°C in 

RPMI medium containing 2mM L-glutamine, 10% fetal bovine serum and 2% 

penicillin-streptomycin. Cell number concentrations were interrogated using 

trypan blue and counting on a haemocytometer. 

 

3.9.3  Assessment of Chemotherapeutic Response by Flow Cytometry 

3.9.3.1 Methodological Background 

Upon the induction of apoptosis, cellular caspases cleave a variety of substrates 

including DNases. This cleavage results in the activation of DNases, which then 

proceed to digest DNA in nucleosomal or oligonucleosomal fragments that are 

180bp in size or multiples there of [Riccardi and Nicoletti, 2006]. The degraded 

portion of DNA within apoptotic cells can be extracted, while the non-degraded 

DNA remains in the nucleus. Following staining with a DNA-binding dye and 

flow cytometry, this results in a distinct hypodiploid (sub-G1) peak being 

produced by apoptotic cells. 

 

Propidium Iodide (PI) binds DNA and fluoresces proportionally to the cellular 

DNA content. PI-staining and flow cytometry is a widely utilized means of 
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analyzing cellular apoptosis. Furthermore this method is not as time-consuming or 

expensive as other alternatives. However, there are several mechanisms for 

apoptosis, some of which do not result in extensive DNA fragmentation, and 

necrosis is some times associated with DNA degradation that could be associated 

with a hypodiploid state. The presence of a sub-G1 peak is therefore not a bona 

fide measure of apoptosis, and should be accompanied by biochemical 

confirmation of apoptosis prior to flow cytometry.  

 

3.9.3.2 Methods: Chemotherapeutic Exposures and Analysis of Apoptosis 

Cells were seeded in 75cm2 cell culture flasks at a density of 2500cells/mL for 

SUDHL-4 or 5000cells/mL for Toledo and Pfeiffer, and allowed to grow for 24h 

prior to treatment. Chemotherapy exposures were conducted for 20 hours at 10% 

or 50% of the equivalent desired patient serum concentration (Table 3.03). Only 

chemotherapies that are commonly used in the treatment of NHL were employed 

for this investigation. All exposures were conducted in triplicate with the presence 

of triplicate no-exposure controls. Cells were then harvested for PI-staining and 

DNA extraction. 

 

Table 3.03: Final concentrations for chemotherapy exposures at 10% and 50% of the 
equivalent recommended human dose. 

Chemotherapy 10% Dose Concentration 50% Dose Concentration 

Carboplatin 3.00mg/L 15.00mg/L 

Cyclophosphamide 10.00mg/L 50.00mg/L 

Doxorubicin 2.50mg/L 12.50mg/L 

Vincristine 0.08mg/L 0.40mg/L 

 

PI-staining was conducted as previously described [Riccardo and Nicoletti, 2006] 

and 10,000 cells analysed using a FacsCaliber Flow Cytometer (BD Biosciences) 

and CellQuest Pro software (BD Biosciences). Sub-G1. G1-phase, G2/M-phase and 

S-phase peaks were gated using no-exposure controls for each cell-line. 
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Agarose gel electrophoresis was used as biochemical proof of DNA fragmentation 

in order associate the presence of a sub-G1 peak with apoptosis. DNA was 

extracted from treated cultures using DNeasy Tissue Mini Kits, and analysed by 

electrophoresis on a 1% agarose gel and ethidium bromide staining. 
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Chapter Four 

Characterisation of a  

Novel B-cell Disorder 
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Many primary immunodeficiency disorders of differing etiologies and severity 

have been well characterised. But when the clinical presentation and 

immunological characteristics of an immunodeficiency case does not fit that of any 

other defined disorder, there is no standard protocol for the elucidation of 

causative factors. Much understanding of biological processes has been gained by 

investigating the mechanisms of disease, so characterisation of novel disorders is of 

broad interest and importance in many scientific fields. Here, we have used a 

whole-genome approach, employing SNP and gene expression microarrays, to 

provide insight into the molecular etiology of a novel immunodeficiency disorder. 

DNA copy number analysis was used to elucidate a hyperploid region on 14q11.2 

within this case associated with the IL25 locus. This aberration was accompanied 

by extensive changes in gene expression associated with genes involved in Th1 and 

Th2 differentiation. We hypothesised that a deregulated Th1/Th2 balance 

resulting from increased IL25-induced Th2-swtiching was associated with the 

etiology of this disorder. This was supported by our observation of increased IL25 

expression in case lymphocytes following T-cell activation, and gene expression 

characteristics corresponding to a Th2 phenotype within the case. These findings 

not only advocate the use of genomic profiling for the characterisation of 

undefined disorders, but provide further insight into the function of IL25 and its 

function in this novel disorder. 

 

4.1 Introduction 

4.1.1 Case History 

The case under focus in this investigation is a young male that has suffered from 

recurrent Varicella infections, Bronchitis and Otitis Media from the age of 5 

months. At this time he was found to be lymphopenic, but with no antibody 

deficiency or granulocytopenia. At the age of 3 years, immunological investigation 

following a bout of immune-mediated thrombocytopenia found him to be 

neutropenic and deficient for IgA and IgM antibody isotypes; it has not been 
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possible to accurately assess IgG isotype levels due to treatment with intravenous 

immunoglobulins (IVIg). Bone marrow aspirates found that normal cellular 

precursors were present and genetic tests for γc deficiency, adenosine deaminase 

deficiency and purine nucleoside phosphorylase deficiency found no abnormality. 

T-cell receptor excision circles were found to be present, although in low 

abundance, making it unlikely that immunodeficiency is caused by RAG 

deficiency, and he has also been shown to be HIV-negative by PCR.  

 

4.1.2 Motivation for this Investigation 

Immunological investigation into this case has been conducted by clinical 

immunologists across the globe. Despite not being able to yield a definitive 

diagnosis, these immunologists have concluded that this case suffers from what is 

primarily a B-cell defect. Because of the central role of B-cells in this disorder, and 

furthermore because of the association between primary immunodeficiency and 

NHL, this novel disorder presented a prime opportunity to employ whole-genome 

microarray analysis for the characterisation of a B-cell disorder with undefined 

etiology. The techniques developed here would therefore provide a foundation for 

future utilisation of these whole-genome approaches for investigating the poorly-

defined etiological and pathogenic mechanisms of NHL. 

 

4.1.3 Primary Immunodeficiency Disorders 

Primary immunodeficiency disorders (PIDs) affect approximately 2 people per 

100,000 and predispose affected individuals to recurrent infections and the 

development of other disorders such as lymphomas [Baumgart et al., 1997; Tran et 

al., 2008]. PIDs range in both severity and etiology, but the majority result in a 

deficiency in antibody production. Many of these disorders have been well 

characterized and result from specific genetic defects that, in most cases, lead to 

the loss of function of central components of immune maturation or signalling 

[Rosen et al., 1995]. The profound effect on immune function by genetic defects is 
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testament to the importance of single components in maintaining immune 

homeostasis. 

 

Diagnosis of characterised PIDs integrates information from case history, 

immunological interrogation of cellular repertoires and immunoglobulin isotypes, 

as well as genetic tests to detect mutations within candidate loci. In the majority of 

cases this yields a definitive or probable diagnosis according to strict criteria 

[Conley et al., 1999], and can allow planning of a treatment regime. However, 

when an individual with an ambiguous case history does not fit the immunological 

characteristics of defined disorders, and genetic tests for common 

immunodeficiency syndromes also yield no diagnosis, there is no protocol for 

characterization of what may be an interesting novel disorder. Here, we have used 

genome-wide SNP and gene expression microarrays to provide insight into the 

etiology of one such disorder.  

 

4.2 Methods 

4.2.1 Genome-Wide Analysis of DNA Copy Number  

DNA was purified from peripheral blood samples obtained from the case and a 

healthy age-, gender-, ethnicity-matched control subject using the QIAamp DNA 

Blood Midi Kit (Qiagen). Samples were quantitated and assessed for purity by 

spectrophotometry and diluted to 100ng/μL. Each DNA sample was amplified, 

fragmented, labeled and hybridized to Affymetrix 250K Sty SNP microarrays at 

the Clive and Vera Ramaciotti Centre for Gene Function Analysis (Unviersity of 

New South Wales, NSW, Australia) according to the manufacturer’s protocol. 

DNA copy number was calculated using GeneChip Genotype Analysis Software 

(Affymetrix) and the associated Copy Number Analysis Tool (CNAT Version 4.0). 

The presence of naturally occurring genomic copy number variants was assessed 

using the Database of Genomic Variants (http://projects.tcag.ca/variation) [Zhang 

et al., 2006].  
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4.2.2 Validation of DNA Copy Number Change 

Increased copy number over the candidate region was validated by interrogation 

of two SNPs within the hyperploid region (rs4562981 and rs3916621) and one 

control SNP within the GAPDH gene (rs6489721) by MassARRAY (Sequenom). 

Copy number was inferred by comparison of area under the curve (AUC) between 

the hyperploid SNPs and the control SNP.  

 

4.2.3 Gene Expression Microarray Analysis 

Total-RNA was isolated from the peripheral blood of case (taken at the trough of 

G-CSF treatment) and control subjects using the PaxGene RNA Purification 

System (PreAnalytiX). Human total-RNA was quality ascertained using the 

Agilent Bioanalyser 2100 using the NanoChip protocol.  A total of 7ug was labelled 

using the Affymetrix One Cycle cDNA synthesis kit (Affymetrix).  The subsequent 

cDNA was cleaned using the Affymetrix GeneChip Sample Cleanup kit 

(Affymetrix).  Upon cleaning of the cDNA the next step was to incorporate biotin 

into the resultant cRNA using the Affymetrix IVT labelling kit (Affymetrix).  

After the IVT process the labelled cRNA was cleaned using the above GeneChip 

Sample Cleanup kit. The quantity of product was ascertained using the Agilent 

Bioanalyser 2100 using the NanoChip protocol.  A total of 20ug of labelled cRNA 

was then fragmented to the 50-200bp size range and quality control checked using 

the Bioanalyser 2100 using the NanoChip protocol.  Samples that passed this 

checkpoint are then prepared for hybridisation to the HumanU133 Plus 2.0 

GeneChip by preparing a probe cocktail (cRNA @ 0.05ug/ul) that included 1x 

Hybridisation Buffer (100mM MES, 1m NaCl, 20mM EDTA, 0.01% Tween-20), 

0.1mg/ml Herring Sperm DNA, 0.5mg/ml BSA, and 7% DMSO. 

 

A total hybridisation volume of 300ul was prepared for each sample and 200ul 

loaded into a HumanU133 Plus 2.0 GeneChip.  The chip was hybridised at 45C for 

16 hours in an oven with a rotating wheel at 60rpm.  After hybridisation the chip 
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was washed using the appropriate fluidics script in the Affymetrix Fluidics Station 

450.  Upon completion of the washing, the chips were then scanned using the 

Affymetrix GeneChip Scanner 3000.  The scanner operating software, GCOS, 

converts the signal on the chip into a DAT file, which was used for generating 

subsequent CEL and CHP files for analysis. 

 

4.2.4 Lymphocyte Purification and T-cell Activation 

Lymphocytes were purified from peripheral blood samples using ACCUSPIN 

system HISTOPAQUE-1077 columns (Sigma-Aldrich) according to the 

manufacturer’s protocol. Lymphocyte preparations were washed twice in 

phosphate buffered saline and then re-eluted at a concentration of 50,000 cells/mL 

in RPMI media containing 2mM L-glutamine and supplemented with 10% fetal 

bovine serum. Purified lymphocytes from the case and control subject were seeded 

into 9 wells each on a BioCoat anti-human CD3 T-cell Activation plate (BD 

Biosciences) to a final cell number of 5000 cells/well and incubated for 6 hours at 

37°C. Cells were immediately harvested and triplicate RNA extractions performed 

from sets of 3 wells per subject using the PureLink Micro-to-Midi Total-RNA 

purification system (Invitrogen).  

 

4.2.5 Quantitative Real-Time PCR 

500ng of each sample of total-RNA was reverse transcribed into cDNA using the 

Superscript III First-Strand Synthesis System (Invitrogen) and oligo-dT primers. A 

reference gene that was stably expressed across all samples selected as previously 

described [Vandesompele et al., 2002b]; the selected gene was RPL13A. 

Quantitative real-time PCR (qPCR) was performed for three genes, RUNX2, IL6R 

and IL25 using gene-specific primers design to amplify regions  towards the 3’-end 

of the gene. See Section 3.8 for detailed protocols and Appendix III for primer 

sequences.  
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4.3 Results 

4.3.1 Hyperploidy of 14q11.2 

Genome-wide copy number analysis revealed the presence of a region of tetraploid 

copy number on 14q11.2 at the centromeric extreme of the array coverage. 

Fluorescence values from 13 SNPs covering an area of approximately 280Kbp 

(Physical location 19,272,965 – 19,553,467) conferred a predicted copy number of 

4 in the case, but maintained normal diploid copy number in the control (Figure 

4.1). This region is rich in coding sequences, but contained only two genes related 

to lymphocyte function; TRDA and IL25. 
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Figure 4.01: CNAT outputs for the case and control samples. 

 

4.3.2 Validation of Increased Copy Number  

Following MassArray spectrometry for the control, the area under the curve was 

103.4% of the reference SNP for rs4562981 and 95.5% of the reference SNP for 

rs6489721, suggesting no change in DNA copy number. In the case, the area under 

the curve was 150.2% of the reference SNP for rs4562981 and 141.4% of the 

reference SNP for rs6489721 (Figure 4.02), suggesting an increased copy number at 

these two SNPs. No copy number increase was noted in the cases paternal parent, 
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however DNA from the cases maternal parent generated an area under the curve 

of 128.4% for rs4562981 compared to the reference SNP and 126.0% for rs6489721 

compared to the reference SNP.  
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Figure 4.02: MassArray spectra for the GAPDH alleles (A and B), 
rs4562981 alleles (C and D) and rs6489721 alleles (E and F). Each peak 
represents one allele of one SNP, with vertical lines representing the 
predicted size for these alleles.  
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4.3.3 Gene Expression Microarray Analysis 

Large numbers of genes were found to be differentially expressed between 

untreated case and control samples (6,458 genes with >2-fold change). Because of 

the confounding effect that G-CSF was likely to have on global gene expression 

patterns, large-scale analysis of changes associated with disease pathology was 

unable to be performed. Instead, groups of genes associated with the hypothetical 

role of IL25 in this disorder were interrogated.  

 
Figure 4.03: Volcano plot of the differentially expressed genes between case and control samples. 

 
Validation of the expression measurements associated with the gene expression 

microarrays was performed by correlating microarray probe intensities with 

qPCR-based measurement of two genes (RUNX2 and IL6R). This showed that 

there was a strong correlation between probe intensity and the reciprocal of the 

qPCR ΔCT value (Pearson correlation coefficient = 0.94). Gene expression 

measurements from microarrays were therefore deemed reliable for inferences 

into disease etiology for these two genes. 
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Table 4.01: Gene Expression Changes in Case vs Control Subject 

Genes Associated with Th2 Phenotype Genes Associated with Th1 Phenotype 
Gene 

Symbol 
Fold-Change in 

Expression 
Gene 

Symbol 
Fold-Change in 

Expression 
GATA2 6.74 TBX21 0.24 

IL4R 6.74 STAT1 0.29 
MAF 2.39 LAT 0.34 

STAT6 2.01 IL12B 0.12 
IL8RA 18.07 SOCS5 0.39 
IL8RB 25.54 NFATC2 0.39 
CCL5 6.50 GAS5 0.15 

CXCR4 6.66 NR4A2 0.10 
NOTCH1 2.76 CCL20 0.01 
NOTCH2 3.03 TCF7 0.35 
DUSP6 4.02 IRF2 0.28 

 

4.3.4 IL-25 is Over-Expressed following T-cell Activation 

qPCR analysis revealed that IL25 gene transcript abundance was 2.49-fold higher 

following T-cell activation in lymphocytes derived from the case compared to 

lymphocytes from the control subject following T-cell activation (Figure 4.04). 

There was very little variance in the qPCR ΔCT values in either the case 

(covariance = 5.88%) or the control (covariance = 5.54%) across triplicate 

reactions, indicating that qPCR measurements were replicable between 

experiments. 

 
Figure 4.04: Fold change in IL25 gene transcript abundance following T-cell activation 
in the case compared to the control. 
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4.4 Discussion 

This study aimed at utilising a whole-genome approach to investigate the 

molecular etiology of a novel immunodeficiency disorder. SNP array-based copy 

number analysis allowed the elucidation of a hyperploid region at 14q11.2. 

However, because this was at the limit of the array coverage, this aberration may 

span a larger region encompassing centromerically proximal loci. MassARRAY 

analysis confirmed the presence of an increased DNA copy number over the 

candidate locus, but suggested that the SNP array-based analysis of DNA copy 

number may have over-estimated the extent of the copy number change. 

However, there was a noted increase in copy number within the maternal parent 

that may indicate a triploidy and confirm a tetraploidy state within the case. In 

either case, increased copy number over the candidate locus was confirmed. 

 

The growing accumulation of data supporting the natural occurrence of wide-

spread copy number variation within the genome of healthy individuals now 

makes it impossible to definitively link an observed DNA copy number change 

with an associated phenotype [Lee et al., 2007]. To further compound this issue, 

DNA copy number increases have been observed within healthy individuals at a 

region proximal to that described here [Iafrate et al., 2004]. The derivation of a 

candidate gene associated with the phenotype and further functional studies were 

therefore imperative to link the observed aberration with the etiology of this 

novel immunodeficiency disorder. 

 

The genetic locus harbouring the copy number alteration is rich in coding 

sequences; but as this was determined to be primarily a lymphocyte disorder, and 

only two of these genes had a role in lymphocyte signalling,  TRDA and IL25 were 

the only candidate genes. Of these, IL25 was deemed the most likely to infer the 

immunodeficiency phenotype. This cytokine is produced by Th2 cells and has a 

role in initiating and/or amplifying the Th2 response, thereby inhibiting the Th1 
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response. Upon investigation of the clinical history of the case, it became apparent 

that there had been no infections with pathogens such as Pneumocystis Carinii 

Pneumonia or acid-fast infections that are cleared by Th2 responses [Garvy et al., 

1997; Power et al., 1998]. In contrast, pathogens that caused recurrent infections, 

such as Varicella, Staphylococcus Aureus and Pseudomonas Aeruginosa are more 

effectively cleared by Th1 responses [Moser et al., 1997; Sihna et al., 1999; Torigoe 

et al., 2000]. This presented a hypothesis that over-production of IL25 in response 

to T-cell activation skews the Th1/Th2 switching mechanism towards Th2, and 

thereby renders the case susceptible to infections cleared by Th1 responses. This 

hypothesis is further supported by the normal levels of IgE within the case despite 

lymphopenia and deficiencies of IgA and IgM, as an IgE isotype switch is 

supported by a Th2 response [Weaver et al., 2007].  

 

In order to prove that the increased gene dosage of IL25 was resulting in its 

increased expression in response to T-cell activation, IL25 expression was 

measured in purified lymphocytes from the case and control subject following 

anti-CD3 T-cell stimulation. Analysis of IL25 gene transcript abundance by qPCR 

showed that lymphocytes from the case were found to produce 2.49-fold more 

IL25 transcript than lymphocytes from the control subject. This indicates that the 

copy number change over the IL25 locus causes increased expression of IL25 in 

response to T-cell activation. Due to the role of IL25 in supporting Th2 and 

suppressing Th1 immunity, this could potentially result in an aberrant and 

persistent Th2 switch within the case. 

 

Although large-scale analysis of global gene expression patterns was inhibited by 

the confounding effect of G-CSF treatment, we were able to interrogate the data 

for features associated with the Th1/Th2 balance. Several observations within the 

microarray data supported the hypothesis of an aberrant Th2 switch. For example,  

expression of TBX21 and IRF2, which induce the expression of Th1-associated 
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genes [Lohoff et al., 2002], were down-regulated in the case to 0.24-fold and 0.28-

fold of that in the control subject respectively. Despite transcripts for the master 

regulator of Th2 expression, GATA3, and the cell surface markers characteristic of 

Th1 and Th2 subtypes, LAG3 and CD30 respectively, not being significantly 

altered between the case and control subject, a large amount of data supports an 

aberrant IL25-induced Th2 switch in the case. For example, there was significant 

up-regulation of genes associated with a Th2 phenotype, as well as down-

regulation of genes that are associated with a Th1 phenotype (Table 4.01) [Abbas 

et al., 1996; Jourdan et al., 1998; Lund et al., 2004; Lund et al 2005; Moller et al., 

1996; Mowen and Glimcher, 2004; Rengarajan et al., 2000; Rincon et al., 1997; 

Romagnani, 1996; Weaver et al., 2007].  

 

4.4.1 Conclusion 

Using a whole-genome genome approach to characterise the molecular etiology of 

a novel immunodeficiency disorder, we have shown that the case possesses 

hyperploidy of a genetic region centromeric to 14q11.2. This caused over-

production of IL25 in response to T-cell stimulation, and is associated with a gene 

expression patterns indicative of a Th2 switch within the case. Recurrent 

infections associated with this immunodeficiency disorder may therefore be 

associated with the inadequate clearance of pathogens that are normally addressed 

with Th1 responses. This disorder may therefore provide further insight into the 

function of IL25 and the regulation of Th1 and Th2 responses. For the purpose of 

this thesis, this investigation enabled the development of whole-genome 

methodology for the characterisation of a B-cell disorder, providing a platform for 

utilisation of these techniques for the investigation of NHL etiology and 

pathogenesis. 

 

 

 

125 
 



 

 

 

 

 

 

 

 

Chapter Five 

Genomic Analysis Using 

SNP Microarrays 
 

 

 

 

 

 

 

 

 

 

 

126 
 



5.1 Determination of Multiple Genetic Loci Associated with Susceptibility to 

Non-Hodgkin’s Lymphoma by a Novel Method of Informed Analysis 
 

Susceptibility to complex traits, by definition, involves aetiological polymorphisms 

at multiple genetic loci combined with variable contributions by environmental 

factors. However, the approaches taken to identifying genetic loci implicated in 

susceptibility to complex traits frequently overlooks the compounding 

contribution of multiple loci in favour of highlighting a single gene solely 

responsible for predisposition. It is only in a small minority of cases that this has 

resulted in clear disease heritability associated with polymorphisms in a single 

gene. More often, this approach has led to an accumulation of single-gene 

associations with minor contributions to disease susceptibility. As the genomic era 

advances and genome-wide screens become higher in resolution and throughput, 

the need for simultaneous consideration of multiple loci is becoming more 

important. With special reference to non-Hodgkin’s lymphoma (NHL), this 

chapter will overview the current progress made in elucidating genetic 

polymorphisms associated with disease susceptibility. We also present novel data 

from a high-resolution single nucleotide polymorphism (SNP) microarray screen 

for susceptibility loci that are involved in NHL. Using an ‘informed approach’, the 

findings are highlighted within the context of cellular pathways, and provide 

insight and new ideas for methods of analysis for genome-wide screens for 

susceptibility. 

 

5.1.1 Introduction 

Disease susceptibility is conferred by both environment and genetic risk factors. In 

many cases, the genetic contribution to disease susceptibility is minor in 

comparison to the environmental risk factors. Furthermore, the genetic 

contribution to disease generally consists of a low number of alleles that confer 

high-risk in addition to a high number of alleles that confer low-risk (Figure 5.01). 

The aim of many genetic susceptibility studies is to elucidate high-risk alleles that 
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show an outstanding association with a disease phenotype. However, within 

complex diseases, focussing on determining high-risk alleles and thereby 

overlooking the alleles with minor contributions to disease risk may overlook the 

majority of the genetic components of the disease. With the advent of high-

resolution single nucleotide polymorphism (SNP) microarrays, that are capable of 

simultaneously genotyping hundreds of thousands of polymorphic markers, the 

ability to scan the genome for minor but compounding contributors to disease 

susceptibility has become achievable. Here, we will provide an overview of the 

evolution of approaches to determining genetic susceptibility, their application 

and successes in non-Hodgkin’s Lymphoma (NHL), and our impressions of the 

future of genome-wide susceptibility scans.  

Environmental
Factors

Genetic
Factors

Low-Risk
Alleles

High-Risk
Alleles

Environmental
Factors

Genetic
Factors

Low-Risk
Alleles

High-Risk
Alleles

 
Figure 5.01: Illustration of the genetic component of disease, showing that the genetic component 
may be a small part of the overall aetiology, and high-risk alleles are a small part of the genetic 
basis for susceptibility. 
 

5.1.1.2 Evolution of Genome-Wide Approaches for Determining Susceptibility 

At a time in which knowledge of polymorphisms within the human genome is 

evolving at an ever increasing rate, genetic studies for determining susceptibility 

to disease have also been forced to adapt. Family-based linkage studies have been 

successful in determining genetic loci associated with diseases such as 

Huntington’s, Alzheimer’s and familial breast cancer. These studies are based upon 

the co-inheritance of genetic markers (polymorphisms) and phenotypes through 

families over several generations. However, this approach has not been as 
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successful in determining susceptibility to non-mendelian complex traits due to 

the inability to detect inheritance patterns within family pedigrees. This has led to 

the growing popularity of association studies, wherein the contribution of genetic 

loci to disease susceptibility is determined by comparing allele frequencies of 

genetic polymorphisms between affected cases and unaffected controls, resulting 

in higher power and genetic resolution than that obtained from linkage studies 

[Risch and Merikangas, 1996]. Controls for these studies can either be family-

based, or be made up of a cohort of individuals derived from a population. Family-

based studies use unaffected relatives (for example siblings or cousins) as controls, 

or can alternatively employ pseudosiblings formed from the set of genotypes that 

are not passed down from the parents to an affected offspring [Thomson, 1995]. 

These studies have the advantage of overcoming population stratification; a 

phenomenon where ethnic differences in both allele frequency and disease risk 

can cause an accumulation of type I errors (i.e. false associations). However, the 

difficulty in recruiting cases and their relatives is a major limiting factor for these 

studies.  

 

Association studies employing cohorts of a population as case and control subjects 

are now the most popular format for genome-wide investigations. These studies 

come in two forms: (i) hypothesis-based investigations, or (ii) hypothesis-

generating investigations. The hypothesis-based investigations are directed 

towards identifying associations between a disease and polymorphisms within 

candidate genes for which there is usually functional evidence for a role in the 

disease in question. This approach has been utilised to determine many genetic 

risk factors for NHL (see below), but is limited towards studies of genes implicated 

in well-defined etiological mechanisms of the disease. In order to overcome this 

limitation, and allow investigation of diseases with varied or poorly-defined 

aetiologies, hypothesis-generating approaches can be employed. These studies use 

genome-wide screens in order to find differences between case and control 
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populations, and then generate hypotheses based upon the findings. A platform 

allowing high-throughput whole-genome screens for these hypothesis-generating 

studies is SNP microarrays. 

 

SNPs are both abundant and spread evenly across the genome, making them 

excellent markers for high-resolution scans for genetic susceptibility loci. 

Oligonucleotide microarray-based interrogation of these markers allows high-

throughput analysis with ever increasing coverage and decreasing cost. New 

generation arrays allow for much higher resolution than that attainable with other 

polymorphic markers such as microsattelites, and therefore allow the elucidation 

of more narrowly defined loci associated with disease susceptibility. The 

interrogation of large numbers of samples, which are needed in order to provide 

significant power to associations, can also be further facilitated through the use of 

DNA pooling. This method pools genomic DNA from cases and controls and 

extrapolates allele frequencies for each SNP using the relative probe fluorescence 

intensities from the SNP microarrays. By performing multiple replicates of the 

prepared pools, inferred allele frequencies can be remarkably accurate [Bansal et 

al., 2002; Docherty et al., 2007], and allow a first-pass screen of the genome to be 

performed at low cost. Once allele frequencies have been derived for SNPs, 

differences in allele representation between case and control cohorts can be used 

to provide associations between genotypic variants and disease susceptibility. 

These polymorphisms may be either directly associated with disease susceptibility 

due to a functional role in the expression or coding of a gene, or indirectly 

associated with susceptibility due to linkage disequilibrium with a directly 

associated allele. Alleles conferring a large relative risk can lead to large 

differences in allele frequency between case and control cohorts, whereas alleles 

conferring a small relative risk demonstrate more modest differences between 

cohorts [Carlson et al., 2004]. Unfortunately, it is the objective of most genome-

wide association studies to direct their attention towards alleles that are most 
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differentially represented between case and control cohorts. This effectively 

overlooks the contribution of low-risk alleles that make up the majority of the 

genetic component of disease susceptibility.  

 

5.1.2 Genetic Susceptibility to Non-Hodgkin’s Lymphoma 

A genetic basis for susceptibility to NHL has become evident due to the strong 

aggregation of lymphomas in otherwise healthy families [Wang et al., 2007]. The 

most pronounced risk factor for developing NHL is strong immunodeficiency due 

to disorders such as Ataxia Talangiectasia (AT), Bloom’s syndrome or Nijmegen 

breakage syndrome (NBS). In these diseases, susceptibility to NHL is conferred by 

defects within pathways that respond to DNA damage [Tran et al., 2008]. This 

observation has lead to an accumulation of hypothesis-based studies that have 

found numerous associations between NHL and polymorphisms in the DNA repair 

system. Furthermore, susceptibility has also been linked to loci associated with 

folate and one-carbon metabolism, as well as immune-responses.  

 

5.1.2.1 Variants within DNA Repair Genes 

Genes involved in all facets of DNA-repair have had variable associations with 

disease susceptibility. This includes genes involved in lymphocyte developmental 

processes such as the recombination of immunoglobulin and T-cell receptor 

variable, diversity and joining regions, and the associated non-homologous end-

joining repair pathway (RAG1 [Hill et al., 2006], LIG4 [Hill et al., 2006] and 

H2AFX [Novik et al., 2007]). However, genes involved in other mechanisms of 

DNA repair that are not necessary for lymphocyte development have also been 

associated with susceptibility, such as homologous recombination (BRCA1 [Shen 

et al., 2006], BRCA2 [Hill et al., 2006], WRN [Hill et al., 2006; Shen et al., 2006] 

and XRCC3 [Ekstrom-Smedby et al., 2006a; Shen et al., 2006]), nucleotide excision 

repair (ERCC2 [Ekstrom-Smedby et al., 2006a], ERCC5 [Shen et al., 2006]), base 

excision repair (XRCC1 [Ekstrom-Smedby et al., 2006a; Shen et al., 2007]), direct 
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repair (MGMT [Hill et al., 2006; Shen et al., 2007]), and mismatch repair (MSH2 

[Paz-y-mino et al., 2003; Hishida et al., 2003a]).  

 

5.1.2.2 Variants within Folate Related Genes 

The folate and one-carbon metabolism pathway is also linked to DNA-repair 

through the role of 5,10-methylenetetrahydrofolate reductase (MTHFR) in 

catalyzing the dissociation of thymine-thymine dimers. However, more important 

for lymphoma risk is the role if this pathway in regulating DNA methylation by 

affecting the amount of available methionine, and in controlling the balance of 

deoxynucleotide synthesis, particularly uracil which can lead DSB formation when 

misincorporated into DNA [Skibola et al., 2004]. Several genes within this 

pathway have been associated with lymphoma risk, including MTHFR [Matsuo et 

al., 2001; Matsuo et al., 2004; Niclot et al., 2006; Rudd et al., 2004], methionine 

synthase [Matsuo et al., 2001; Lincz et al., 2003; Niclot et al., 2006], serine 

hydroxymethyltransferase [Hishida et al., 2003b], thymidylate synthase [Hishida 

et al., 2003b; Skibola et al., 2004; Niclot et al., 2006], and folylpolyglutamate 

synthase [Lim et al., 2007]. However, these associations are heavily confounded by 

variation in the dietary intake of folate and methionine and multiple co-factors for 

their metabolism [Lim et al., 2007].  

 

5.1.2.3 Immune Related Gene Variants 

Although the association between immune-gene polymorphisms and lymphoma in 

healthy individuals is not as pronounced as the association with 

immunodeficiency, there have been several findings linking these polymorphisms 

with both lymphoma susceptibility and disease outcome. For example, in 

Hodgkin’s lymphoma there are strong links between polymorphisms with the 

human leukocytes antigen (HLA) class I and class II regions due to their role in 

mediating responses to the causative pathogen, Epstein-Barr virus (EBV). 

Although EBV does not play as prominent of a role in NHL aetiology, these same 
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polymorphisms have also been associated with NHL susceptibility [Houlston et al., 

2003; Machulla et al., 2001].  A polymorphism within the TNFα gene, localized to 

the HLA class III gene cluster, has also been associated with lymphoma risk 

[Rothman et al., 2005], as have the genes for interleukin-10 (IL-10) [Guzowski et 

al., 2005; Rothman et al., 2005] and the alpha sub-unit of the IL-10 receptor (IL-

10RA) [Nieters et al., 2006] which reduce TNFα expression. Interestingly, a recent 

study by Wang et al. (2007b) has provided evidence that lymphoma predisposition 

associated with autoimmune disease is restricted to those individuals carrying a 

variant allele of either of the implicated TNFα or IL-10 polymorphisms. 

Furthermore, TNFα and IL-10 gene polymorphisms have also been linked with 

patient outcome, demonstrating that their role is not restricted to disease genesis 

[Warzocha et al., 1998; Lech-Maranda et al., 2004].   

 

5.1.2.4 Inconsistencies in Previous Associations 

Despite the accumulation of positive associations with NHL, many of these 

investigations were hypothesis-based and their replication is disappointingly low 

(Table 5.01). This is contributed by factors associated with study design, including 

low statistical power, multiple hypothesis testing and population sub-structure; 

but it is also a factor of gene-environment and gene-gene interactions. For 

example, as well as the gene-environment interactions previously highlighted 

between HLA polymorphisms and EBV infection, the association between XRCC3 

polymorphisms and the risk of developing Follicular Lymphoma are exacerbated 

in individuals that smoke [Ekstrom-Smedby et al., 2006]. Gene-gene interactions 

have also been shown in NHL between the DNA repair genes RAG1 and LIG4 

[Hill et al., 2006], as well as the TYMS, MTR and MTHFR genes that function in 

folate metabolism; associations with two polymorphisms within the TYMS only 

gained significance when analysed in tandem with polymorphisms in the MTR 

and MTHFR genes [Niclot et al., 2006].  
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Table 5.01: Examples of contradictory findings regarding genetic susceptibility in NHL. 

Gene Positive Associations Negative Associations 
RAG1 Hill et al., 2006 Shen et al., 2007 
  Scott et al., 2007 
BRCA2 Hill et al., 2006 Scott et al., 2007 
XRCC1 Hill et al., 2006 Ekstrom-Smedby et al., 2006 
 Shen et al., 2006  
MSH2 Paz-y-mino et al., 2003 Hishida et al., 2003a 
TYMS Skibola et al., 2004 Lim et al., 2007 
  Niclot et al., 2006   
SHMT1 Hishida et al., 2003b Niclot et al., 2006 
MTHFR Skibola et al., 2004 Lim et al., 2007 
 Matsuo et al., 2001 Gemmati et al., 2004 
  Niclot et al., 2006 Lincz et al., 2003 

 

 

5.1.3 Informed Analysis of Genome-Wide SNP Microarray Data 

The large number of polymorphisms associated with a moderately increased risk of 

developing NHL, as well as the large amount of inconsistency among independent 

studies, should demonstrate that complex disorders such as NHL are the result of 

susceptibility alleles within multiple genes that each have a minor contribution to 

disease onset. That is, these alleles may be neither necessary nor sufficient to 

individually cause disease, but may act in concert with other alleles to cause 

disease when a threshold of susceptibility is reached [Johnson and Todd, 2000]. 

Therefore, modern genetic mapping of complex diseases should allow for 

simultaneous consideration of multiple unlinked loci [Cox et al., 1999].   

 

The consideration of multiple loci in microarray data has been addressed by the 

development of Gene Set Enrichment Analysis (GSEA) platforms which allow the 

interpretation of aberrations within the context of cell signalling pathways or gene 

ontology [Subramanian et al., 2005]. However, this approach thus far has been 

restricted to gene expression microarray analysis. Therefore, the wealth of 

information provided by genome-wide SNP microarray studies has been only 
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relatively crudely interpreted in terms of deriving genetic aetiology. To address 

this issue and look at a better way of defining genetic contributors to disease, here 

we describe a simple method for GSEA of SNP microarray data. In order to 

illustrate the potential of this approach to analyse whole-genome screens for 

genetic susceptibility, we have used an example data-set from Affymetrix 250K Sty 

SNP microarrays performed on pooled genomic DNA of NHL cases (n=100) and 

controls (n=100). These data will allow us to provide an example of how whole-

genome association study results can be interpreted within the context of cellular 

pathways in order to elucidate genes with a compounding contribution to disease 

susceptibility. 

 

5.1.3.1 Methodology for Informed Analysis of Genome-Wide Susceptibility 

Screens 

This method employs the calculatation relative allele signal (RAS) values from 

probe intensity data of cases and controls, followed by the application of 

thresholds to find informative SNPs, and the use of a web-based GSEA platform to 

derive meaningful cellular-pathway based associations. Probe intensity data are 

first cleaned by removing SNPs with failed calls in any of the first 3 quartets in 

order to eliminate outliers. The RAS values and delta-RAS values (ΔRAS), 

representing the difference in allele frequency between the case and control pools, 

are then calculated for every SNP. ΔRAS values fit a normal distribution (Figure 

5.02), allowing simple thresholds to be applied to the tails in order to define 

informative SNPs. The selection of informative SNPs is therefore based upon the 

relative distribution of their ΔRAS values compared to other markers, rather than 

statistical stringencies. This allows the selection of low-risk as well as high-risk 

alleles in order to provide a platform for comprehensive analysis of compounding 

contributors to disease susceptibility. 
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Figure 5.02: Delta values generated from the differences in case and control allele frequencies showing 
a normal distribution to which simple thresholds can be applied. 
 

Annotation data accompanying the Affymetrix SNP arrays are then used in order 

to determine genes associated with informative SNPs. It is this level of the analysis 

at which a threshold is applied in order to control for type I errors. The use of 

Affymetrix SNP microarrays in this method allows for the presence of multiple 

polymorphisms associated with most genes. Utilising only those genes with 

multiple low-stringency associations allows the elimination of numerous false-

positive associations. Genes of interest (GOI) are therefore defined as those with 

multiple (≥3) informative SNPs showing association with the trait. GOIs elucidated 

in our data included genes with well-defined roles in NHL pathogenesis, such as 

BCL2 [Hanada et al., 1993; Kramer et al., 1998], FOXP1 [Barrans et al., 2005; 

Brown et al., 2005; Brown et al., 2007] and SWAP70 [Shipp et al., 2002]. There 

were also a host of cell-cycle regulatory genes (eg. CCND1, CCND2, CDK6 and 

CDK8), genes involved in cytokine signalling (eg. IL6, IL12B, CXCR4, and 
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IL10RA), DNA repair genes (eg. MGMT, ERCC4, MSH2, RAG2 and XRCC4), 

growth factors and their receptors (eg. FGF1, FGFR2, VEGFC, and PDGFC), and 

well as genes involved in signal transduction from growth factor and interleukin 

receptors (eg. GRB2, FYN and JAK2).  

 

In order to make sense of these long lists of GOIs, they can be organised by cell 

signalling pathways using a freely available web-based GSEA platforms such as 

WebGestalt [Zhang et al., 2005]. These utilities group candidate genes based upon 

pre-defined associations with KEGG pathways, BioCarta pathways or gene 

ontology. GOI resident in the same cellular pathways may have a compounding 

contribution to disease susceptibility and therefore should be considered in unison 

in association studies. However, there may also be interaction between pathways 

due to pathway crosstalk or pathways containing common constituents. These 

pathway associations can therefore be represented graphically using nodes 

consisting of cellular pathways, and straight edges linking nodes that are mutually 

dependent due to crosstalk or common constituents. Pathways that are central to 

disease susceptibility also fall centrally within graphical representations of the 

pathway data. For example, using this method, we associated several cell signalling 

pathways with susceptibility to NHL, each containing between 2 and 27 mutually 

inclusive constituents. Several of these pathways have important roles in the 

cellular physiology of B-cells, the cell-of-origin for the subtypes of NHL 

investigated here.  

 

5.1.4 Results of Pilot Study into NHL Susceptibility 

Visualisation of GSEA results by linking pathways by common components 

elucidated three central pathways involved in cytokine signalling and the 

transduction of signals through the MAPK and JAK-STAT pathways. The 

transduction of signals from cytokine receptors is critical for the normal 

development of lymphocytes. But these normal cellular processes have also been 
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described to have a pathogenic role in NHL. The expression of several cytokines 

has been linked with NHL pathogenesis [Fayad et al., 2001; Hulkkonen et al., 

2000; Jones et al., 2002], including IL6 which was highlighted as a candidate in 

this investigation and contains polymorphisms within its 5’ flanking region that 

alter its expression [Hulkkonen et al., 2000]. Signals from cytokine receptor are 

transduced through the MAPK and JAK-STAT pathways resulting in the 

activation of transcription factors (Figure 5.03). This resultant gene transcription 

can result in the initiation of processes such as proliferation or inhibition of 

processes such as apoptosis [Imada and Leonard, 2000; Treisman, 1996].  

 
Figure 5.03: An example of signal transduction from a cytokine receptor, in this case the IL6 
receptor, through the JAK-STAT (left) and MAPK (right) signalling pathways.  
 

The interaction between 50 GOIs within the three pathways presents a situation 

where aberrations at different levels of the signalling cascade can have a 

compounding effect on NHL susceptibility. Therefore, the combinations of low-

risk polymorphisms that effect the function or expression of cytokines, cytokine 

receptors, scaffolding proteins, signal transduction molecules, transcription factors 
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and inducers or inhibitors thereof, could result in an accumulated high-risk of 

NHL. The statistical analysis of these multi-locus models is beyond the scope of 

this chapter. However, it should be noted that the formation of interaction 

networks within and between the central pathways resembles that of Bayesian 

networks [Rodin and Boerwinkle, 2005]. Using Bayesian model averaging, it is 

therefore possible to select a model or set of models that explain the complex 

relationship between genetic risk factors [Fridley, 2008]. These analyses can be 

performed using the R library RMA (http://cran.r-project.org/src/contrib/ 

descriptions/BMA.html) and are reviewed in Hoeting et al. (1999). 

 

5.1.5 Conclusion 

Studies to derive genetic features associated with susceptibility to NHL have 

generated a plethora of associations accompanied by numerous inconsistencies. 

These studies have employed strict statistical stringencies to their investigations in 

the hope of deriving a single polymorphism or small number of polymorphisms 

associated with a high risk of NHL. However, the cryptic inheritance patterns of 

this disease highlight the complexity of its genetic basis, lending proof to the 

hypothesis that susceptibility is conferred by a large number of interacting and 

compounding low-risk alleles. In order to address this and provide a means of 

elucidating interacting low-risk alleles, we have described a method of informed 

gene pathway analysis for genome-wide susceptibility screens. Using this approach 

within a pilot study we have implicated 50 genes overlapping three cell signalling 

pathways that have a plausible role in NHL disease etiology. This provides support 

for the use of our method of informed analysis for the elucidation of compounding 

contributors to susceptibility of complex traits such as NHL. 
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5.2 A New Method to Detect Loss of Heterozygosity using Cohort 

Heterozygosity Comparison  

Loss of Heterozygosity (LOH) is an important marker for one of the ‘two-hits’ 

required for tumor suppressor gene inactivation. Traditional methods for mapping 

LOH regions require the comparison of both tumor and patient-matched normal 

DNA samples. However, for many archived samples, patient-matched normal 

DNA is not available leading to the under-utilization of this important resource in 

LOH studies. Here we describe a new method for LOH analysis that relies on the 

genome-wide comparison of heterozygosity of single-nucleotide polymorphisms 

between cohorts of cases and healthy control samples. Regions of LOH are defined 

by consistent decreases in heterozygosity across a genetic region in the case 

population compared to the control population. Using patient-matched samples 

we have validated the efficacy of this method and shown cohort heterozygosity 

comparison is in many ways superior to the only current alternative method. 

Additionally, we have interrogated larger numbers of DLBCL, FL and B-CLL 

samples and highlighted novel regions of LOH over genes that may contribute to 

tumorigenesis, including the ETV3 gene that was highlighted in both B-CLL and 

FL.  

 

5.2.1 Introduction 

The elimination of tumor suppressor gene (TSG) function contributes to 

carcinogenesis and cancer progression. Early work on the RB1 gene locus 

suggested two hits in TSGs were required to disrupt TSG function [Knudson, 1971; 

Knudson, 2001]. That is, both alleles of a TSG must be interrupted by mutation or 

allelic loss in order to render it inactive. Loss of heterozygosity (LOH), the 

transition from germ-line heterozygosity at a polymorphic locus to somatic 

homozygosity, is a hallmark of allelic loss and thus represents one of the two hits 

required for TSG inactivation. 
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Analysis of LOH is therefore important in cancer research in order to localize 

potential TSGs that may have a role in disease genesis and progression 

[Thiagalingam et al., 2000]. The introduction of high-density SNP microarrays has 

allowed high-resolution mapping of LOH and the delineation of minimally lost 

regions that indicate the presence of important TSGs [Lipshutz et al., 1999]. The 

conventional method for LOH analysis relies on the comparison of SNP genotypes 

between tumor DNA samples and patient-matched control (germ-line) DNA 

samples obtained from normal (non-tumor) tissue. Unfortunately, many archived 

tumor samples are not accompanied by patient-matched control tissue resulting in 

the under-utilization of these potentially valuable resources for LOH analysis.  

 

Recently, an alternative method was described that utilizes a hidden Markov 

model (HMM) to infer the presence of LOH in non-matched tumor samples by the 

absence of heterozygosity [Beroukhim et al., 2006]. This method utilizes long 

strings of SNPs with homozygous calls to infer LOH and generates high numbers 

of candidate regions spanning large genetic distances. In order to overcome this 

limitation and increase the resolution of LOH mapping, we have developed a 

method to infer the presence of LOH regions through the comparison of SNP 

heterozygosity values between case and reference cohorts (Cohort Heterozygosity 

Comparison; CHC). The CHC method infers LOH candidate regions by the 

presence of short strings of SNPs which exhibit consistently lower prevalence of 

heterozygosity in the case cohort compared to the control cohort. The method is 

based on the hypothesis that decreased heterozygosity of closely spaced SNPs in 

the case cohort compared to the control cohort indicates a region of LOH. The 

CHC method calculates heterozygosity values for SNPs covering the entire 

genome in case and control cohorts, and then identifies and recovers the data from 

informative SNPs. By directly comparing heterozygosity of informative SNPs, 

groups of SNPs with significant differences in heterozygosity between the cohorts 

can be identified.  
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In this study, the CHC method was employed using SNP data from Affymetrix 

250K SNP arrays to infer LOH regions in tumor samples from B-CLL, DLBCL and 

FL patients. SNP array data from patient-matched buccal samples from four of the 

B-CLL patients was also used to definitively map LOH by conventional methods in 

order to determine regions that will henceforth be referred to as ‘conventional 

LOH’. These ‘conventional LOH’ regions were used in order to validate ‘inferred 

LOH’ regions generated by the CHC method. This work, as well as direct 

comparison of the efficacy of the CHC method with that of the only current 

alternative method, highlighted the utility of cohort heterozygosity comparisons 

for mapping LOH candidate regions without the need for patient-matched control 

samples. We therefore performed CHC analysis on larger numbers of FL, DLBCL 

and B-CLL samples in order to elucidate LOH candidate regions with potential 

roles in disease pathogenesis. 

 

5.2.2 Methods 

5.2.2.1 Methods described elsewhere 

Patients utilized in this investigation are described in Section 3.1.1. These included 

10 B-CLL, 12 FL and 12 DLBCL samples. B-cell isolation and DNA extraction 

protocols can be found in sections 3.2 and 3.3 respectively, and SNP microarray 

protocols can be found in section 3.6.4. 

 

5.2.2.2 Detection of ‘Conventional LOH’ 

Genotype and SNP array annotation data for the case and reference cohorts were 

exported and investigated using the CHC method of analysis. ‘Conventional LOH’ 

was detected in 4 patients by comparison of SNP microarray genotypes from 

Buccal and tumor samples. This was performed using dChipSNP software as 

previously described [Lin et al., 2004]. 
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5.2.2.3 Mapping of LOH using the HMM Algorithm 

LOH regions were inferred for each sample by the HMM method using the LOH 

function of the Affymetrix GeneChip® Genotyping Analysis Software CNAT 4.0 

tool according to the associated instructions. Analysis of LOH by the CHC 

program and HMM method employed the same age-, gender-, ethnicity-matched 

controls. 

 

5.2.2.4 Evaluation and Statistical Analysis of LOH Candidate Regions 

In order to evaluate the ‘Inferred LOH’ regions generated by CHC and HMM 

methods, annotation data from the Affymetrix GeneChip® Genotyping Software 

was analyzed in Microsoft Excel. Each inferred LOH region was then plotted on 

the spreadsheet and evaluated for size and distance from SNPs showing 

‘conventional LOH’. Size was calculated using the physical position of the SNPs at 

the end of each region. The distance from ‘conventional LOH’ was calculated 

using the physical positions of the SNPs at the end of each region and the physical 

position of the closest SNP showing ‘conventional LOH’. If candidate regions 

encompassed SNPs showing ‘conventional LOH’, the distance to the closest 

‘conventional LOH’ was determined to be 0.  
 

Normality of the distribution of delta values was tested using Blom’s formula in 

order to ensure the correct model was being employed for power analysis. To 

establish differences in sensitivity and specificity of the CHC method with 

different contiguous point thresholds (CPT), correlations between CPT and the 

percentage of regions encompassing ‘conventional LOH’ or the distance of regions 

from ‘conventional LOH’ were derived using Pearsons correlation and the full data 

set for each CPT. In order to illustrate the fact that the primary determining factor 

for the distance of LOH regions inferred by CHC from the ‘conventional LOH’ was 

the resolution of the SNPs within the region, Pearsons correlation was used to 

compare the distance from the closest SNP showing ‘conventional LOH’ and the 

distance between SNPs. Only the ‘inferred LOH’ regions derived with a CPT of 5, 
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and that did not encompass markers showing ‘conventional LOH’ (n = 159) were 

employed for this analysis. Demonstration of the need for the CHC method to 

have high heterozygosity frequencies at SNPs  showing ‘conventional LOH’ in 

order to map LOH candidate regions over them when employing small cohort 

samples sizes was achieved by comparison of heterozygosity frequencies of SNPs 

showing ‘conventional LOH’ found inside candidate regions compared to those 

adjacent to candidate regions. This was achieved through the use of an 

independent-samples Students T-test of all regions generated with a CPT of 5. In 

order to highlight the utility of the enrichment score (ES) generated from the sum 

of delta values, Pearsons correlation was used to correlate the ES values of all 

‘inferred LOH’ regions generated with a CPT of 5 with the distance of each region 

from the closest SNP showing ‘conventional LOH’. To evaluate the efficacy of the 

HMM method, the percentage of HMM candidate regions that encompassed SNPs 

showing ‘conventional LOH’ was compared between patients by one-way ANOVA 

with Bonferroni post-hoc analysis.  

 

5.2.2.5  CHC Analysis of DLBCL, FL and B-CLL samples 

SNP microarray data for DLBCL, FL and B-CLL samples (Section 3.1.2) was 

analysed using the CHC method with reference to data generated from Caucasian 

HapMap samples. This data is freely available from www.affymetrix.com. It should 

be noted that different control samples were used for each NHL disease sub-

category in order to avoid biasing the results. In order to ensure accuracy of LOH 

regions, CHC analysis was performed using a delta threshold of 0.4 and a CPT of 5. 

 

5.2.3 Algorithm Design and Implementation 

In order to perform cohort comparisons, informative markers (SNPi) were selected 

using the SNP array annotation data. Only those markers that were predicted to 

give a heterozygous call within the cohort were deemed to be informative; that is, 
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only those markers with a population heterozygosity value (HV) greater than or 

equal to the reciprocal of the cohort size. 
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All markers with absent genotype calls in any of the samples are also removed 

from the analysis because they would skew the data. Heterozygosity values were 

then calculated for all remaining SNPs for each cohort. A delta value (Δ), 

representative of the difference in heterozygosity value between each cohort, was 

then calculated for each SNP. 
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Statistical power analysis was employed to calculate the delta value required (i.e. 

effect size) to achieve a minimum power of 80% with the specified cohort sample 

size (α=0.05). The following formula was utilized to calculate the delta threshold 

(ΔT), which was used to determine which delta values were suggestive of LOH (ΔS).  
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Strings of contiguous SNPs yielding informative delta values were highlighted as 

‘inferred LOH’ regions. The number of contiguous SNPs required to infer an LOH 

region is referred to as the CPT. In order to evaluate the efficacy of the CHC 

method, LOH regions were inferred using CPTs of 3, 4, 5 and 6 SNPs. Enrichment 

scores were generated for each region by summing the delta values across SNPs 

within each region.  
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In order to evaluate the accuracy of the CHC method to detect LOH candidate 

regions, ‘conventional LOH’ was mapped in high resolution over the genome of 4 

CLL patients using patient-matched buccal samples as a reference. In these 

patients the extent of LOH did not correlate with disease stage, however a much 

higher degree of ‘conventional LOH' was noted in one patient with advanced stage 

disease. Comparison of ‘inferred LOH’ regions derived by the CHC method to 

SNPs showing ‘conventional LOH’ revealed that the CHC method could be used to 

accurately localize LOH in cohorts of cancer patients. The CHC method was also 

used to map LOH in a subsequent test cohort of 4 B-CLL patients in order to 

compare the location of candidate regions with those previously described. This 

demonstrated that the CHC method produces candidate regions that are 

comparable to those previously described, as well as novel regions with confirmed 

LOH. Upon validation of the CHC method, this mode of analysis was used to 

evaluate LOH in larger groups of DLBCL, FL and B-CLL patients using the 

described protocol. LOH candidate regions generated in each NHL disease sub-

category were ranked by enrichment score. 

 

5.2.4 Results 

5.2.4.1 Validation of the CHC Method 

Delta values were calculated for each informative SNP as described above. These 

values demonstrated a positively skewed normal distribution, as would be 

anticipated with decreased heterozygosity frequency in the case cohort. 

Calculation of the delta threshold is an important facet of the CHC method. With 

increasing cohort sample size a decrease in the effect size (Δ) is required to obtain 

significant results, whilst maintaining 80% power. For the initial validation set of 

B-CLL samples (n=4, σ=0.3) the delta threshold was calculated to be 0.5, for the 

subsequent test set (n=10, σ=0.3) the delta threshold was calculated to be 0.3.  
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The number of inferred regions for each CPT can be seen in Table 5.02. From this 

it can be seen that increasing the CPT decreased the number of LOH candidate 

regions generated via the CHC method. A significant positive correlation was 

found between CPT and the percentage of regions that spanned SNPs showing 

‘conventional LOH’ (Pearsons correlation coefficient = 0.998; p = 0.002), and a 

significant negative correlation was found between CPT and the mean distance of 

‘inferred LOH’ regions from the closest SNP showing ‘conventional LOH’ 

(Pearsons correlation coefficient = -0.996; p = 0.004). It is therefore predicted that 

raising the CPT increases the selectivity of the CHC method (i.e. decrease the 

chance of a Type I error), but in return may also decrease its sensitivity (i.e. 

increase the chance of a type II error). 

 

A striking trend was also observed whereby those regions that did not encompass 

SNPs showing ‘conventional LOH’ mapped directly adjacent to them. When 

evaluating the LOH regions inferred with a CPT of 5, those SNPs showing 

‘conventional LOH’ that mapped directly adjacent to regions of ‘inferred LOH’ 

were found to have a mean heterozygosity of 0.19 (n =  159). The mean population 

heterozygosity of SNPs showing ‘conventional LOH’ that mapped inside ‘inferred 

LOH’ regions was found to be 0.32 (n = 140), and was significantly higher than 

those mapping adjacent to candidate regions (p < 0.001). A positive correlation was 

found between the distance of candidate regions from the closest SNP showing 

‘conventional LOH’ and the distance between SNPs (Pearsons correlation 

coefficient = 0.290; p = 0.022). A significant negative correlation was found 

between enrichment score and the distance to the closest SNP showing 

‘conventional LOH’ (Pearsons correlation coefficient = -1.43; p < 0.001). 
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Table 5.02: Validation of ‘inferred LOH’ regions generated by the CHC method. *Conventional 
LOH 

CPT No. of Regions Mean Region 

Size (bp) 

Regions within 

100kb of LOH* 

Mean Distance 

from LOH* (bp) 

3 1,263 67,145 89% 36,460 

4 594 101,166 92% 30,582 

5 299 119,886 93% 25,220 

6 162 112,431 96% 21,316 

 

 

5.2.4.2 Evaluation of the HMM Method 

The HMM method for inferred LOH regions, associated with the Affymetrix 

GeneChip® Genotyping Software CNAT 4.0 tool, generates scores of either 1 or 0 

relating to ‘inferred LOH’ or retention of heterozygosity respectively. Regions 

with scores of 1 were classified as ‘inferred LOH’ regions and are summarized in 

Table 5.03. This method was found to generate large numbers of regions that 

spanned large genomic distances and that had a variable rate of success in 

encompassing ‘conventional LOH’ in the CLL patients. In total for the four cases, 

699 regions were selected as regions of ‘inferred LOH’ by the HMM method. Of 

these, 82 regions overlapped in two patients, 22 candidate regions overlapped in 

three patients, and 2 candidate regions overlapped in all four patients, resulting in 

567 independent regions of ‘inferred LOH’ for follow-up analysis from four cases. 

A significant difference in the percentage of HMM candidate regions 

encompassing SNPs showing ‘conventional LOH’ was also noted between cases (p 

= 0.01). No feature of individual case data was found to predict the percentage of 

regions encompassing SNPs showing ‘conventional LOH’.  
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Table 5.03: LOH candidate regions generated by the HMM Method 
Sample No. of Regions Mean Region 

Size (bp) 

Regions within 

100kb of LOH 

Mean Distance 

from LOH (bp) 

1 185 1,123,018 91% 33,850 

2 187 1,003,721 78% 154,242 

3 121 847,306 62% 230,310 

4 206 892,220 97% 5,189 

Total 699 975,359 82% 91,619 

 

5.2.4.3 CHC Analysis of FL, DLBCL and B-CLL  

After validation of the CHC method, SNP array data for DLBCL, FL and B-CLL 

samples was analysed using the CHC method. This generated 9 LOH candidate 

regions in DLBCL with enrichment scores ranging from 2.1 to 5.45, 10 LOH 

candidate regions in FL with enrichment scores ranging between 2.2 and 4.65, and 

65 candidate regions in B-CLL with enrichment scores ranging from 2 to 5.8. The 

top two candidates for each NHL subtype, as assessed by enrichment score, are 

displayed on Table 5.04. 
 

Table 5.04: Top 2 ‘inferred LOH’ regions for each disease subtype defined by CHC analysis. 
Disease Location Start Position Finish Position ES Candidate 

CLL 1q23.1 155269409 155393832 5.80 ETV3 

CLL 3p25.3 9972054 10143892 5.80 FANCD2 

FL 5q11.2 56022313 67005198 4.65 ERCC8 

FL 1q23.1 155269409 155320805 3.55 ETV3 

DLBCL 3q11.2 96553777 96717069 5.45 - 

DLBCL 4q32.3 165412095 165440501 4.30 ANP32C 
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5.2.5 Discussion 

We have developed a method for inferring regions of LOH by analyzing cohort 

heterozygosity values using SNP arrays, without the need for patient-matched 

samples. Initially, LOH regions were inferred in a small cohort of B-CLL patients 

using the Cohort Heterozygosity Comparison method. In order to investigate the 

efficacy of this method, regions of ‘conventional LOH’ were mapped in these 

patients through the use of SNP array data from patient-matched buccal samples. 

Following validation of this novel method of LOH analysis, CHC analysis was used 

to infer LOH in an extended cohort of B-CLL samples as well as larger cohorts of 

FL and DLBCL samples.  

 

Selection of informative SNPs through the use of population heterozygosity values 

is the first important aspect of the CHC method. Markers included on modern 

high-density SNP arrays are becoming decreasingly polymorphic as array coverage 

expands, due to the potential to utilize non-polymorphic markers in whole-

genome copy-number analysis. As heterozygous genotypes are required to infer 

LOH using both the conventional and CHC methods of analysis, it is important 

that there be a likelihood of obtaining heterozygous genotypes within a case 

cohort. This is achieved in the CHC method by analyzing only those SNPs with a 

population heterozygosity frequency greater than the reciprocal of the sample size. 

It is also important to discount markers at which there have been failed genotype 

calls due to their potential to skew the data and create false results. In the initial 

validation set of four samples in this investigation, 55% of the SNPs on the array 

were selected as informative markers; this translates to >125,000 SNPs. But by 

increasing the sample size in the secondary test sets of B-CLL, FL and DLBCL 

samples, larger numbers of the SNPs were selected as informative. Thus, the 

resolution of this method remains high even with low sample sizes, but is 

improved with increasing sample size due to inclusion of SNPs with lower 

heterozygosity frequencies.  
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Different cohort sample sizes between investigations also make it important to 

calculate the delta threshold for each application of the CHC method. The 

statistical power of different investigations is dependant upon their respective 

sample sizes. With increasing sample size, a lesser effect size (Δ) is needed in order 

to obtain statistically significant results, whilst maintaining the desired minimum 

power (80%). The delta threshold is therefore set to maintain a statistical power of 

80% (α = 0.05). For example, with the initial validation cohort (n = 4, σ = 0.3) the 

delta threshold was calculated to be 0.5, whereas by increasing the sample size to 

10 in the secondary cohort of B-CLL samples while maintaining the same standard 

deviation the maximum required delta threshold required to obtain 80% power 

was lowered to 0.3. This means that with a sample size of 4 a 50% decrease in case 

cohort heterozygosity frequency must be observed in the case cohort compared to 

the reference cohort in order for the marker to be deemed informative, whereas 

with a sample size of 10 only a 30% decrease in case cohort heterozygosity 

frequency is required for a marker to be deemed informative. Increasing the 

cohort sample size when using the CHC method of LOH analysis is therefore 

expected to increase the specificity of the method and hence decrease the number 

of type I errors. 

 

A caveat of the CHC method when employing small sample sizes is the increased 

requirement for high heterozygosity frequencies in order to detect LOH. This 

leads to a portion of the regions mapping adjacent to, rather than encompassing, 

SNPs showing ‘conventional LOH’. In this investigation the sample size was 

modest; meaning that the effect size must be large in order to define regions with 

significantly decreased heterozygosity in the case cohort compared to the control 

cohort. In the initial validation cohort of 4 samples, when employing a CPT of 5 

and a delta threshold of 0.5, there must be 5 consecutive SNPs with a 50% 

decrease in heterozygosity between the case and control cohorts in order for a 

region to be selected as an LOH candidate region. This means the CHC method 
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can only detect LOH in small sample sizes if the region of LOH has a high enough 

initial rate of heterozygosity. In instances in which SNPs showing ‘conventional 

LOH’ had low population heterozygosity, the ‘inferred LOH’ region frequently 

mapped directly adjacent to them rather than encompassing them. This is 

supported by the fact that the SNPs showing ‘conventional LOH’ that mapped 

adjacent to regions of ‘inferred LOH’ derived by the CHC method had a 

significantly lower population heterozygosity than those that mapped inside the 

‘inferred LOH’ regions. Furthermore, the distance of these adjacently positioned 

regions of ‘inferred LOH’ from ‘conventional LOH’ was determined primarily by 

the resolution of markers within each respective genomic region.  

 

The need for high population heterozygosity frequencies in order to map SNPs 

showing ‘conventional LOH’ within regions of ‘inferred LOH’ generated by the 

CHC method can be alleviated by increasing the cohort sample size. This would 

augment the power of the investigation and decrease the effect size required to 

define SNPs as being suggestive of LOH. However, even with the small sample size 

in the validation cohort the CHC method was shown to successfully infer LOH 

regions closely to SNPs showing ‘conventional LOH’, including those with low 

population heterozygosities. In order to predict the proximity of ‘inferred LOH’ 

regions to markers showing ‘conventional LOH’, an enrichment score can be 

generated by summing the delta values generated within an ‘inferred LOH’ region. 

This enrichment score negatively correlates with the distance to closest 

‘conventional LOH’ marker, indicating that the higher the enrichment score the 

closer the ‘inferred LOH’ regions will link to markers showing ‘conventional 

LOH’. It is therefore recommended that the sequence immediately flanking CHC 

candidate regions with low enrichment scores also be considered when searching 

for candidate TSGs. 
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The contiguous point threshold (CPT) is also an important parameter of the CHC 

method. By altering this threshold we were able to modify the sensitivity and 

specificity of the CHC method. Using a low CPT we were able to localize a 

comparatively higher number of ‘inferred LOH’ regions compared to using a high 

CPT. However, these regions mapped further from SNPs showing ‘conventional 

LOH’, and less frequently encompassed these markers of ‘conventional LOH’. This 

indicated that although using a low CPT value decreases the rate of type II errors, 

it also increases the rate of type I errors. Setting the CPT is therefore a trade-off 

between sensitivity and specificity, and should be considered for each application 

of this method.  

 

The only current alternative to the CHC method for mapping LOH without the 

need for patient-matched control samples is a method based on an HMM 

algorithm [Beroukhim et al., 2006]. This method relies on identification of long 

strings of homozygous SNP genotypes in order to infer LOH. We employed this 

method to analyze each of the four initial validation case samples in this 

investigation. It yielded 699 candidate regions with an average size of over 95kb 

between the four cases. Only 19% of these candidate regions overlapped in two or 

more patients, resulting in 567 independent genomic regions that were suggestive 

of LOH. When comparing this to the regions inferred by the CHC method with 

the recommended CPT it can be seen that the CHC method delineated regions 

that were on average over 70% smaller, and lay an average of over 65kb closer to 

SNPs showing ‘conventional LOH’. This highlights the utility of the CHC method 

compared to the current alternative. 

 

In order to investigate whether automated analysis of larger samples of NHL 

patients could derive hypothetically important candidates, the CHC method was 

used to analyse larger cohorts of B-CLL, FL and DLBCL samples. Using the 

enrichment score, the top two LOH candidate regions for each disease subtype was 
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investigated for candidate genes that may possess a hypothetical tumor-suppressor 

function in NHL. Although one of the regions of ‘inferred LOH’ in DLBCL 

mapped over a genetic region with no closely linked coding loci, this region 

(3q11.2) has been shown to be lost in a range of cancers including acute 

lymphoblastic leukemia and mantle cell lymphoma [Tsuzuki et al., 2007; 

Wlordarska et al., 1999], and the remaining 5 candidate regions were closely 

linked to attractive TSG candidates. Among these were two DNA repair genes 

(FANCD2, ERCC8), an inhibitor of RAS-mediated transformation (ANP32C), and 

a repressor of NFκB activity that was highlighted in both B-CLL and FL cohorts 

(ETV3).  

 

The association between DNA repair genes and the pathogenesis of NHL is 

demonstrated by the predisposition of immunodeficiency cases containing 

mutations in genes mediating DNA damage repair (ATM, NBS1 and BLM, see 

Section 1.4.3) to developing NHL, as well as the numerous associations between 

polymorphisms in DNA repair genes and genetic susceptibility to NHL (Section 

5.1.1.3). It is therefore not surprising that DNA repair genes may play a central 

tumor suppressor role in NHL. The FANCD2 gene was linked with an LOH 

candidate region highlighted in the B-CLL patient cohort, and functions in by 

forming complexes with BRCA1 or RAD51 and mediating repair of 

transcriptionally active genes [Taniguchi et al., 2002]. Furthermore, this gene has 

also been shown to be essential for maintaining the G2 cell-cycle checkpoint 

[Freie et al., 2004]. The ERCC8 gene is also involved in DNA repair of 

transcriptionally active genes [van Hoffen et al., 1993], and was linked with an 

LOH candidate region in the FL patient cohort. Further support for this gene as a 

potential TSG is provided by the increased frequency of cancer in Cackayne’s 

syndrome patients in which the ERCC8 gene is mutated [Hakem, 2008]. The 

targeting of the FANCD2 and ERCC8 genes by LOH, as determined by the CHC 

method, indicates that knock-out of their function may allow for the 
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accumulation of mutations within transcriptionally active genes. Furthermore this 

may also be compounded by subsequent un-checked progression through the G2 

checkpoint without FANCD2-associated cell-cycle arrest or apoptotic induction. 

 

The ANP32C gene was highlighted as a potential TSG by CHC analysis of the 

DLBCL patient cohort. This gene has been previously described as a tumor 

suppressor gene, and elucidation of its function revealed that this role may be due 

to repression of RAS-mediated tumorigenesis [Bai et al., 2001]. But the most 

interesting finding within the CHC analysis results was the revelation of ETV3 as a 

potential TSG in both B-CLL and FL patient cohorts. This gene is part of the ETS-

family of tumor suppressors and functions in repression of NFκB-activated 

transcription [El Kasmi et al., 2007]. LOH of the ETV3 locus at 1q23.1 has been 

previously demonstrated in B-CLL [Pfeifer et al., 2007], and its potential as a TSG 

is supported by the importance of NFκB signaling in promoting proliferation and 

inhibiting apoptosis within lymphocytes [Baeuerle and Henkel, 1994]. 

Furthermore, our finding that NFκB signaling is promoted by expression of 

oncogenic FOXP1 isoforms in FL (Section 7.3) suggests that targeting of ETV3 by 

LOH may be one of the multiple levels of perturbation that exist within NFκB-

regulatory mechanisms in NHL. In order to provide further validation of the CHC 

method, LOH candidate regions within the larger B-CLL, FL and DLBCL patient 

cohorts should be validated by microsatellite analysis.  

 

In conclusion, analysis of SNP array data from case and unmatched control 

samples with the CHC method was shown to infer LOH regions that linked closely 

to SNPs showing ‘conventional LOH’. This method can be adopted for 

investigation of varied sample sizes, and the specificity and sensitivity of the 

method can be tailored to suit the objectives of each investigation. The candidate 

regions generated by the CHC method were considerably smaller and mapped 

significantly closer to SNPs showing ‘conventional LOH’ than the candidate 
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regions generated by it’s only current alternative, the HMM method. The utility of 

this method was further highlighted by its use to elucidate potentially important 

regions of LOH in three subtypes of NHL.  
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5.3 Genome-Wide Analysis of DNA Copy Number Alterations  

Copy number variation is both inherent in the human genome and acquired 

during oncogenesis. DNA copy number change can result in increased expression 

of oncogenes and decreased expression of tumor suppressor genes as a result of 

increased or decreased gene dosage respectively. The acquisition of copy number 

alterations as primary aberrations can play a role in the initial transformation of 

many cancers, but in NHL these changes are most often acquired as secondary 

aberrations and play a role in disease progression. The elucidation and 

characterization of frequently acquired DNA copy number changes is therefore 

required in order to fully understand disease pathogenesis. Here we have 

employed high-density SNP microarrays in order to investigate genome-wide copy 

number variation with DLBCL, FL and B-CLL tumor samples. Using this method 

we have narrowed the candidate regions of previously described aberrations and 

elucidated several novel aberrations that are present in a high frequency of tumors 

within all three NHL disease sub-categories. These novel regions of copy number 

variation mapped over genes with roles in the stimulation and propagation of 

extracellular growth signals across the MAPK pathway. Although direct 

implication of candidate genes requires further investigation, these findings 

provide further insight into the mechanisms of NHL disease pathogenesis and 

highlight several novel therapeutic targets. 

 

5.3.1 Introduction 

Increases or decreases in the copy number of genetic material from a diploid state 

to hyperploid or hypoploid states occur naturally within the human genome. 

Approximately 1,000 discrete copy number variations (CNVs) have been detected 

across the genome that, in the majority of cases, overlap genetic coding regions 

[Komura et al., 2006; Redon et al., 2006; Sharp et al., 2005]. However, alteration of 

DNA copy number is also an important mechanism of tumorigenesis via the 

deletion of tumor suppressor genes or amplification of oncogenes. Initial 
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transforming aberrations lead the acquisition of further chromosomal changes that 

result in the evolution of the cancer into a more aggressive form. Copy number 

changes are frequently found in B-CLL, FL, and DLBCL; for an overview of 

reported aberrations, see Appendix VII. These aberrations do not always affect the 

expression of genes mapping within the over- or under-represented regions 

because the functional background of the cell may not be appropriate for their 

expression. However, due to mechanisms such as epistasis, some aberrations can 

have broad affects on the gene expression patterns of both neoplastic cells and 

non-malignant tumor-infiltrating immune cells [Bea et al., 2005]. This therefore 

directly affects disease biology both directly through the behaviour of malignant 

cells as well as indirectly through their interaction with the tumor 

microenvironment. 

 

In many cases the mapping of these aberrations has allowed for the identification 

of genes that play a role in disease pathogenesis within these tumors. For example, 

amplifications found at 2p13-p16, 8q23-q24, and 18q21 have defined roles the 

oncogenes REL, MYC, and BCL2 respectively. Conversely, deletions at 9p21, 

13q12, and 17p13 have defined roles for the tumor suppressor genes CDKN2A, 

BRCA2 and TP53 respectively. However, the low resolution of techniques such as 

cytogenetics and CGH, have restricted the delineation of minimally deleted 

regions (MDRs) or minimally amplified regions (MARs) and inhibited the 

elucidation of potential candidate genes for the majority of observed aberrations. 

This can now be addressed through the high-resolution mapping of copy number 

change by SNP microarray-based copy number analysis (Section 3.6.1.1). These 

platforms allow the detection of copy number variation ranging in size from 

kilobases to entire chromosomes [Komura et al., 2006]. 

 

In past investigations into NHL, analysis of DNA copy number change has been 

applied to single categories of disease with the goal of defining their individual 
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pathogenic mechanisms. This has resulted in the association between many copy 

number changes and disease parameters such as survival or chemotherapeutic 

response. These associations are desirable outcomes to provide increased 

understanding of disease pathogenesis, but due to the infrequent interrogation of 

copy number changes within clinical practice this information is rarely employed 

for the prognostic stratification of patients. Here, we have used SNP microarray-

based genome-wide copy number analysis of tumor cells from three sub-categories 

of NHL in order to identify chromosomal aberrations that are present in a high 

proportion of each category of disease. By identifying uniform patterns of copy 

number change among these three common sub-categories of disease, we have 

found several genes with potential roles in disease pathogenesis throughout the 

clinico-pathologic spectrum of NHL.  

 

5.3.2 Methods 

Detailed description of patient samples, DNA extraction protocols, SNP microarray 

protocols and CNV analysis has been described in Sections 3.1.12, 3.3.1.2-3 and 

3.6.3. The predicted copy number for each SNP was averaged for the 12 DLBCL, 

12 FL and 10 B-CLL samples in order to provide insight into the patterns within 

each disease category. A 10-point running average of copy number was used for all 

plots in order to minimize noise created by outliers and natural variations. This is 

a standard technique used for high resolution DNA copy number analyses in order 

to filter aberrations from false positive results [Pollack et al., 1999]. Candidate 

regions defined as those regions with copy number changes in ≥25% of DLBCL, FL 

and B-CLL tumors over this moving average window.  

 

5.3.3 Results 

Both previously described and novel regions of CNV were detected using SNP 

microarray interrogation of NHL tumor genomes. Consistent DNA amplification 

was observed at the LMO4 locus on 1p22.3 in all 3 NHL disease sub-categories see 
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Figure 5.04). Nearly half (48%) of all DLBCL tumors also demonstrated 

amplifications of 2p14 (Figure 5.04 – A).  
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Figure 5.04: Copy number variation in NHL sub-categories across chromosomes 1  
(left) and 2 (right) showing consistent amplification of the LMO4 locus at 1p22.3. 
A high prevalence of 2p14 amplification can also be seen in DLBCL patients (A). 
The central dashed reference line represents an average diploid copy number. 
 

Ch
ro

m
os

om
e 

3

DLBCL FL B-CLL

+- +- +-

PLSCR1

Ch
ro

m
os

om
e 

3

DLBCL FL B-CLL

+- +- +-

PLSCR1

Ch
ro

m
os

om
e 

4

DLBCL FL B-CLL

+- +- +-

RKTG

Ch
ro

m
os

om
e 

4

DLBCL FL B-CLL

+- +- +-

RKTG

 
Figure 5.05: Copy number analysis of chromosomes 3 (left) and 4 (right) in NHL 
sub-categories showing uniform amplification of the PLSCR1 locus at 3q24 and 
deletion of the RKTG locus as 4q21.21 among all sub-categories. The central dashed 
reference line represents an average diploid copy number. 

 

Consistent amplification of the PLSCR1 locus at 3q24 was seen in all three NHL 

disease sub-categories, but was more noted within FL tumors (Figure 5.05). 
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Deletion of the RKTG locus at 4q21.21 was prominent in DLBCL and FL tumors 

but was also noted in B-CLL tumors (Figure 5.05). Amplifications of various parts 

of 6p21 were seen in DLBCL (Figure 5.06 - B), but a region corresponding to 

physical positions of 32963253 to 33438109 was the most over-represented. 
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Figure 5.06: Copy number variation of chromosomes 5 (left) and 6 (right) in 
NHL sub-categories showing frequent gain of 6p21 in DLBCL (B). The 
central dashed reference line represents an average diploid copy number. 
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Figure 5.07: Copy number variation of chromosomes 7 (left) and 8 (right) within 
NHL sub-categories showing consistent amplification of the RCC2 locus at 7p21.1, 
prevalent amplification of 7p22.3 in DLBCL patients (C) and amplification of 
8q23.2-q23.3 in FL and B-CLL patients (D). The central dashed reference line 
represents an average diploid copy number. 

 

Consistent amplification of the RCC2 locus at 7p21.1 (Figure 5.07) and the MPDZ 

locus at 9p23 (Figure 5.08) was seen in all NHL disease sub-categories. 

Amplification of the MPDZ locus was more prevalent and restricted in size within 

B-CLL tumors. Also noted were amplifications of 7q22.3 in 50% of DLBCL patients 
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(Figure 5.07 – C), and amplifications of 8q23.2-q23.3 in FL and B-CLL patients 

(Figure 5.07 – D). Within 8q23.3-q23.3 amplifications, a region from a physical 

position of 112198352 to 113003770 was particularly over-represented. 
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Figure 5.08: Copy number variation of chromosomes 9 (left) and 10 (right) in NHL 
sub-categories showing consistent amplification of the MPDZ locus at 9p23 in all 
subtypes. The central dashed reference line represents an average diploid copy 
number. 
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Figure 5.09: Copy number variation of chromosomes 11 (left) and 12 (right) in 
NHL sub-categories showing consistent amplification of the PIK3C2G locus at 
12p12.3 across all sub-categories, and amplification of 11q12-q13 (E) and 12p11-
p12 (F) in DLBCL. A rightward movement of the chromosome 12 plot caused by 
trisomy 12 can also be seen in B-CLL patients. The central dashed reference line 
represents an average diploid copy number. 

 

Consistent amplification of 12p11-p12, encompassing the PIK3C2G locus, was 

seen in all 3 NHL disease subtypes, but was particularly prevalent in FL and B-CLL 

tumors (Figure 5.09). Amplification of 11q12-q13 was noted in DLBCL patients 

(Figure 5.09 – E), trisomy 12 was found in 16% of B-CLL patients (Figure 5.09) and 

over-representation of 12p11-p12 was also noted in DLBCL patients (Figure 5.09 – 

F). In B-CLL, 42% of tumors possessed deletions of 13q14 (figure 5.10 – G). 
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Figure 5.10: Copy number analysis of chromosomes 13 (left) and 14 (right) in NHL 
sub-categories showing deletion of 13q14 in B-CLL (G). The central dashed 
reference line represents an average diploid copy number. 

 

DLBCL FL B-CLL

Ch
ro

m
os

om
e 

15

+- +- +-

DLBCL FL B-CLL

Ch
ro

m
os

om
e 

15

+- +- +-

DLBCL FL B-CLL
Ch

ro
m

os
om

e 
16

+- +- +-

H

DLBCL FL B-CLL
Ch

ro
m

os
om

e 
16

+- +- +-

H

 
Figure 5.11: Copy number variation of chromosomes 15 (left) and 16 (right) in 
NHL sub-categories showing amplification of 16p11.2 in DLBCL and FL. The 
central dashed reference line represents an average diploid copy number. 

 

No consistent amplification across the NHL sub-categories were detected within 

chromosomes 15 to 20. However, frequent amplification of 16p11.2 was detected 

in DLBCL and FL tumors (Figure 5.11– H), two discrete regions within 17p12  and 

17p13 were found to be deleted in DLBCL tumors (Figure 5.12 – I and J), and 

trisomy 19 was found in 10% of DLBCL tumors (Figure 5.13). 
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Figure 5.12: Copy number variation of chromosomes 17 (left) and 18 (right) in 
NHL sub-categories showing two discrete regions of deletion at 17p12 and 17p13 
in DLBCL. The central dashed reference line represents an average diploid copy 
number. 
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Figure 5.13: Copy number variation of chromosomes 19 (left) and 20 (right) in 
NHL sub-categories showing amplification of 20p11.2 in DLBCL and FL (K), and 
a rightward shift of the chromosome 19 plot caused by trisomy 19 in DLBCL 
patients. The central dashed reference line represents an average diploid copy 
number. 
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Figure 5.14: Copy number variation of chromosomes 21 and 22 in NHL sub-
categories showing amplification of 21q22.3 in DLBCL (L). The central dashed 
reference line represents an average diploid copy number.  

 
Amplification of 21q22.3 was detected in 33% of DLBCL tumors (Figure 5.14 – L). 

This narrows the candidate region from the previously described amplification of 

21q11.2-q23.3 [Chen et al., 2006]. Of particular interest are two MARs mapping 

within these aberrations corresponding to 43591900-43699988 and 45616898-

45743560 that were present in a further 24% of DLBCL tumors. Table 5.05 shows a 

summary of all of the consistently deleted/amplified regions within all 3 sub-

categories of NHL. 

 
 
 
 
 
 
 
 
 
 
 

164 
 



Table 5.05: Regions consistently amplified or deleted in all three sub-categories of NHL showing the 
cytogenetic location of the amplification, MDR/MAR, candidate gene within this region and the average 
copy number of the region within tumors of each sub-category of NHL. 
      Average Copy Number 

Cytogenetic 

Location  Minimal Region 

Candidate 

Gene DLBCL FL B-CLL 

1p22.3 87751627-88557515 LMO4 2.29 2.52 2.42 

3q24 148465760-149111820 PLSCR1 2.38 3.00 2.33 

4q21.21 79785626-79908771 RKTG 1.33 1.24 1.75 

7p21.1 17787668-18235073 RCC2 2.62 2.57 2.58 

9p23 12667412-13125698 MPDZ 2.57 2.71 2.75 

12p12.3 18593191-19153803 PIK3C2G 2.48 2.57 2.34 

 

5.3.4 Discussion 

We have successfully employed SNP microarrays in order to map copy number 

variation within the genome of DLBCL, FL and B-CLL tumors. This platform 

provides highly reproducible DNA copy number information, with single copy 

number variation correctly called >90% of the time [Komuru et al., 2006; Redon et 

al., 2006]. Using this approach we were able to define both previously described 

and novel aberrations. The interrogation of previously described aberrations 

(Appendix VII) allowed higher resolution for more accurate mapping of the 

MDRs/MARs, and the detection of these aberrations within NHL subtypes in 

which they have not previously been detected. Furthermore, this technique has 

allowed the elucidation of regions with consistent copy number changes among all 

three subtypes of NHL, presenting novel candidates with possibly broad roles in 

lymphomagenesis. 
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5.3.4.1 Investigation of Previously Described Aberrations 

The resolution of high-density SNP microarrays for copy number interrogation is 

highlighted by the detection of aberrations within narrower regions of previously 

described cytogenetic locations (Table 5.06). For example, amplifications of 2p13-

p16 have been previously detected in DLBCL and FL tumors using cytogenetics 

and CGH [Bea et al., 2005; Houldsworth et al., 1996; Joos et al., 1996]. Although a 

significant CNV of this region was not detected in FL tumors within this 

investigation, a large proportion of DLBCL tumors demonstrated amplifications of 

2p14 (Figure 5.08 – A), which lies within the originally described aberration. 

Deletions of 17p11.2-p13.3 have also been described in DLBCL, but in this 

investigation we found two discrete regions of copy number loss within this larger 

region corresponding to 17p12 and 17p13. These findings show that SNP 

microarray-based copy number analysis provides superior resolution to previously 

employed techniques, allows more accurate delineation of MDRs/MARs, and 

therefore provides the best platform for elucidating the genes targeted by these 

aberrations. Furthermore, the low resolution of previously employed techniques 

may have generated false-negative results for copy number variation because of 

the large size of the genetic variation needed in order to exceed the detection 

threshold. This suggests that the prevalence of CNVs within NHL tumors may 

have been under-estimated by previous investigations. DNA copy number change 

may therefore play a larger role in NHL pathogenesis than originally 

hypothesized. 
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Table 5.06: Previously described amplifications/deletions within NHL that have been detected 
within a narrower region or different disease subtype in this investigation. For a full list of genetic 
copy number changes or associated references, see appendix VI. 

Original Description This Investigation 

Cytogenetic Location Disease Cytogenetic Location Disease 

2p13-p16 DLBCL, FL 2p14 DLBCL 

6p21 FL 6p21.32 DLBCL 

7q11-q22 DLBCL, FL 7q22.3 DLBCL 

8q23-q24 DLBCL, FL 8q23.2-q23.3  FL, B-CLL 

11q12.1-q25 DLBCL 11q12-q13 DLBCL 

12p11-p12 B-CLL 12p11-p12 DLBCL 

16p11.2-p13.3 DLBCL 16p11.2 DLBCL, FL

17p11.2-p13.3 DLBCL 17p12 DLBCL 

17p11.2-p13.3 DLBCL 17p13 DLBCL 

21q11.2-q22.3 DLBCL 21q22.3 DLBCL 

 

The increased sensitivity of SNP microarry-based copy number analysis also 

allowed the detection of previously described CNVs within subtypes of NHL with 

which they had originally not been associated (Table 5.06). For example, 

amplification of 8q23-q24 had previously been described in FL and DLBCL [Avet-

Loiseau et al., 1997; Bea et al., 2005; Werner et al., 1997]. Here, we found 

amplification of 8q23.2-q23.3 within FL and B-CLL tumors. The size of the 

aberration was smaller in B-CLL tumors than in FL, which may explain the 

previous failure to detect it within B-CLL samples. We also detected amplification 

of 6p21 in DLBCL tumors, where previous investigations had only found this 

aberration in FL tumors [Bentz et al., 1996], and we detected 16p11.2 

amplification in FL tumors, where previous investigations had only found this 

aberration in DLBCL tumors [Chen et al., 2006]. These findings indicate that there 

may be more commonalities in the genetic features of these 3 sub-categories of 

NHL than originally thought, suggesting that they may also share a larger 

repertoire of lymphomagenic mechanisms. Shared genetic features of these 3 NHL 
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sub-categories may enable the elucidation of candidate genes with role in the 

pathogenesis of all 3 diseases. Elucidation of these candidates will not only allow 

greater understanding of the pathogenic mechanisms of NHL, but they may also 

present themselves as viable therapeutic targets. 

 

5.3.4.2 Novel Candidates Highlighted by this Investigation 

The genome-wide analyses in this investigation highlighted 6 candidate genes that 

underwent consistent copy number change within tumors of all 3 NHL sub-

categories. These genes possessed a range of cellular roles, but all functioned in 

some regard in regulating cellular growth responses. These aberrations were 

spread across the genome suggesting that acquisition of these CNVs happen during 

isolated events and are retained by positive selection. This therefore suggests that 

they may have roles in the pathogenesis of NHL, and be viable therapeutic targets.  

 

Lim domain only (LMO) proteins have been linked with a variety of cancers. In 

NHL, LMO2 expression is associated with the GCB-subtype of DLBCL (Section 

1.9.1.1), and has been employed in a 6-gene model that accurately predicts 

survival in DLBCL [Rosenwald et al., 2002]. Here, we have found that the 

cytogenetic locus of another LMO gene, LMO4 in amplified in DLBCL, FL and B-

CLL. This gene has been found to be overexpressed in epithelial cancers 

[Mizunuma et al., 2003; Sum et al., 2005] but also plays cellular roles that present 

it as a possible mediator of lymphomagenesis. For example, LMO4 interacts with a 

variety of proteins and is able to modulate their activity. Interaction with the 

tumor suppressor BRCA1 leads to down-regulation of its transcriptional activity 

and suppression of its anti-tumorigenic activity [Sum et al., 2002]. Interaction of 

LMO4 with the gp130 subunit of the IL6 receptor, in a complex with JAK1 and 

SHP2, has been shown to augment IL6 signaling through the JAK-STAT pathway 

and result in up-regulation of STAT3 activity [Novotny-Diermayr et al., 2005]. This 

may be a potentially important role within the context of NHL, because IL6 has 
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been shown to have a role as an autocrine growth factor in these malignancies 

[Fayad et al., 2002; Kossakowska et al., 1999]. Up-regulation of LMO4 by genetic 

amplification in NHL may therefore repress the tumor suppressor activity of 

BRCA1 as well as increase growth support through augmented IL6 signaling.  

 

Phospholipid scramblase 1 (PLSCR1) is a component of lipid rafts within the 

membrane, and has been shown to physically and functionally interact with 

growth factor receptors [Nanjundan et al., 2003]. Upon growth factor binding, 

PLSCR1 is phosphorylated and interacts with the scaffolding protein SHC. 

Through this interaction PLSCR1 is able to interact with the product of the SRC 

oncogene, phosphorylate it, and thereby increase its activity [Nanjundan et al., 

2003]. Furthermore, PLSCR1 is also targeted for phosphorylation by the product of 

the ABL oncogene in response to DNA damage. Amplification of the PLSCR1 gene 

in NHL may therefore potentiate the effects of growth factor signaling, increase 

RAS activity, and provide a mechanism for the oncogenic effects of ABL. 

 

The Raf/MEK/ERK pathway plays a vital role in both normal lymphocyte function 

and transformation [McCubrey et al., 2007]. The pathway, in which Raf is a 

central component, functions downstream of growth factor receptors in order to 

elicit responses such as increased proliferation and inhibition of apoptosis. Raf is 

also able to induce these responses in reaction to phosphorylation by the product 

of the ABL oncogene. The gene targeted by the consistent deletions at 4q21.1, Raf 

kinase trapping to Golgi (RKTG), functions as a negative regulator of this pathway 

by sequestering B-Raf to the golgi and thereby inhibiting its interaction with Raf 

and MEK1 [Fan et al., 2008; Feng et al., 2007]. Deletion of this gene in NHL may 

therefore function in releasing the inhibitory effect of RKTG, thereby promoting 

Raf activity and increasing MAPK signaling, resulting in cellular proliferation and 

inhibition of apoptosis. 
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The RCC1 family of genes encodes guanine nucleotides exchange factors (GEFs); 

proteins that enable the substitution GDP for GTP and the activation of G-

proteins.  The RCC2 gene, mapping to 7p21.1, encodes a relatively poorly defined 

member of this family. However, it has been described to selectively bind the 

small G-protein Rac1 and act as a specific GEF for Rac1 during mitosis [Mollinari 

et al., 2003]. Suppression of RCC2 results in inhibition of spindle assembly and 

failure of cells to mitose. However, RAC1 also functions in activation of the p38 

MAPK pathway by activation of MEKK1 and MLK1 [Dong et al., 2002]. Over-

expression of RCC2 as a result of DNA amplifications in NHL may therefore aid in 

mitosis of tumor cells due to its role in spindle assembly, but may also result in 

increased signaling across the p38 MAPK pathway. 

 

The multiple PDZ-domain containing (MPDZ) and phosphoinositide-3-kinase, 

class II, γ (PIK3C2G) genes that are targeted by DNA amplifications of 9p23 and 

12p12.3 respectively are poorly characterized genes that are known to function in 

pathways that have well defined role in oncogenesis. The product of the MPDZ 

gene is known to associate with G-protein coupled receptors (GPCRs), although its 

function within this context is unknown [Bockaert et al., 2004]. GPCRs activate 

the phosphatidylinositol-3 kinase (PI3K) pathway, and PIK3C2G functions in 

linking activation of GPRCs to the activation of the MAPK pathway [Foster et al., 

2003; Lopez-Ilasaca et al., 1997]. However, the PI3K pathway can also activate 

oncogenes such as AKT, which can then promote cellular proliferation and inhibit 

apoptosis by activation of the NFκB signaling pathway [McCubrey et al., 2007]. 

Increased prevalence of the MPDZ and PIK3C2G may therefore complement 

other aberrations to allow increased signaling from GPCRs such as growth factor 

or chemokine receptors, and link this to activation of the MAPK or NFκB 

pathways. 
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Each of the 6 candidate genes that lie within frequently deleted or amplified loci 

within all 3 disease sub-categories of NHL have roles in cellular growth. 

Amplification of the LMO4, PLSCR1 and MPDZ genes may allow for increased 

signaling from growth factor receptors. Growth factor receptor signaling has been 

shown to play an important role in NHL pathogenesis due to the implication of 

vascular endothelial growth factor (VEGF), the VEGF receptor, and basic 

fibroblastic growth factor (bFGF) in disease behaviour [Bairey et al., 2004; 

Ferrajoli et al., 2001; Kay et al., 2002b; Kini et al., 2000; Rosenwald et al., 2001]. In 

particular, VEGF is produced by NHL cells in response to IL6 signaling, in which 

LMO4 has a well defined role [Kay et al., 2002b; Molica et al., 1999]. The deletion 

of the RKGT gene and amplification of the PIK3C2G gene may then allow for 

increased MAPK-activity by de-repression of Raf and increased activation of the 

MAPK pathway by GPRCs respectively. Over-stimulation of the MAPK pathway 

may be further exacerbated by the amplification of RCC2, which can activate 

RAC1 and subsequently promote both the p38 MAPK pathway and processes 

essential for mitosis. Together this pattern of CNVs indicate that these 3 disease 

sub-categories of NHL may augment growth-factor receptor signaling through 

genetic aberrations, allowing for increased proliferation and decreased apoptosis. 

 

However, due to the high prevalence of copy number variation detected by this 

method, there appears to be large amounts of ‘noise’ associated with the copy 

number plots. Copy number ‘noise’ has been shown to increase the rate of false-

negatives within copy number analyses [Redon et al., 2006], indicating that there 

may have been further copy number aberrations present in these samples that 

were not detected by this investigation. Increasing the sample size of 

investigations is usually used to address issues with noise, however plots generated 

for FL and DLBCL, for which there was a larger sample size than B-CLL, exhibited 

the most noise. In order to decrease false-negative rates, future investigations may 

therefore require bioinformatic means of removing noise.  
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The lack of patient-matched normal DNA also precluded the analysis of previously 

existing ‘normal’ CNV within the genomes of patients from which these tumors 

were isolated. Although large cytogenetically detectable aberrations are not likely 

to be a natural feature of patient genomes, smaller aberrations detected in this 

investigation may be. These aberrations, instead of being acquired during the 

progression of disease, may be associated with susceptibility to NHL. The high 

prevalence of CNV within NHL tumor genomes therefore advocates investigations 

into the genetic susceptibility to NHL imparted by naturally occurring CNV. 

 

5.3.4.3 Conclusion 

We have shown that there is a large amount of CNV within tumor genomes of 3 

disease sub-categories of NHL. The high-resolution mapping of these aberrations 

using SNP microarray-based copy number analysis allowed the narrowing of 

previously described candidate loci as well as the detection of previously described 

aberrations in disease sub-categories in which they have not previously been 

described. Using this approach, we were also able to detect CNVs that were 

consistently present in DLBCL, FL and B-CLL. These aberrations mapped over 6 

genes with roles in growth response, from the processing of extracellular stimuli to 

the regulation of signal transduction and mitosis. Although the defined role of 

each candidate gene requires further investigation, their implication in NHL 

pathogenesis provides further insight into disease biology. Furthermore, due to 

their ubiquitous perturbation within these common NHL subtypes, these genes 

also present themselves as possible therapeutic targets in patients that possess these 

aberrations.  
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Chapter Six 

Gene Expression Analysis 
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6.1 A qPCR-Based Method for Prediction of DLBCL Cell of Origin Subtype 

DLBCL can be sub-classified by gene expression microarray according to gene 

expression signatures related to the proposed cell-of-origin (COO). These subtypes 

have a significantly different clinical outcome, but are not routinely determined in 

clinical settings due to the unavailability of gene expression microarray technology 

in diagnostic laboratories. Quantitative-PCR (qPCR) is a sensitive technique for 

measuring gene expression that is more cost-effective and accessible than 

microarray technology. We have developed a qPCR-based method for predicting 

DLBCL COO subtype according to the expression of 6 genes within each sample. 

This was implemented in a small testing group and showed 100% concordance 

with COO subtype determined by gene expression microarray. 

 

6.1.1 Introduction 

Molecular profiling of DLBCL has been directed largely towards the identification 

of clinically distinct sub-categories of the disease that are not histologically 

evident. The main achievement of this area of research has been the sub-

classification of DLBCL based upon the proposed differentiation state of the 

neoplastic cells, referred to as the cell-of-origin (COO) subtype (Section 1.9.1.1). 

Hierarchical clustering of microarray data initially presented two distinct sub-

categories of disease with gene-expression profiles most closely related to activated 

B-cells (ABC) and germinal-centre B-cells (GCB) [Alizadeh et al., 2000]. These 

sub-types show differences not only in gene expression profile, but also limited 

differences in cell-surface antigen expression and cytogenetic profile [Tagawa et 

al., 2005]. The GCB sub-type is characterized by frequent REL amplifications and 

BCL2 translocations, and is considered the more favorable prognostic group. 

Patients of this sub-type have a 5-year survival of rate of 59%, consistently exhibit 

more favorable IPI scores, and show a higher CR rate to first-line treatment 

[Poulsen et al., 2005]. The ABC subtype is characterized by constitutive activation 
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of the NK-κB signaling pathway and has a 5 year survival rate of only 30% [Bea et 

al., 2005].  

 

Subsequent to the initial elucidation of the ABC and GCB sub-types of DLBCL, a 

third sub-type unrelated to any defined stage of differentiation was included, 

referred to simply as Type III [Rosenwald et al., 2002]. This sub-type shares gene-

expression characteristics with both the ABC and GCB sub-types, and has a 

clinical outcome similar to that of the ABC sub-type (Figure 6.01). There are 

currently two means of finding COO sub-type; (1) Gene expression microarray, 

and (2) Tissue microarray of three cell-surface antigens [Hans et al., 2005]. Some 

investigations using tissue microarray of CD10, BCL6 and MUM1 have shown a 

lack of reproducibility of this sub-typing technique [Colomo et al., 2003; Hans et 

al., 2005]. This is because it attempts to infer sub-types that were originally 

derived using gene-expression rather than protein expression. 

 
Figure 6.01: Probability of survival of DLBCL patients over time according to their COO sub-type. 
Figure extracted from Rosenwald et al. (2002). 
 

We have therefore developed a qPCR-based protocol for determining the COO 

sub-types based upon the expression of discriminative genes previously described 
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by Poulsen et al. (2005). In order to accurately subtype patients based upon gene 

expression measures, a method of interpreting the data is required. To avoid 

complex machine-learning-based algorithms that would not be practical for 

clinical application, an ordered hierarchical decision tree has been employed. A 

decision tree is a practical approach to multi-stage decision-making, and allows 

complex interpretation of data by breaking it up into multiple simple decisions 

[Safavian and Landgrebe, 1991]. In order to design a decision tree classifier, a 

training set must be used to form rules upon which decisions at each level of the 

tree are made. This allows generalizations beyond the training set to be made and 

subsequent unknown samples to be classified.  

 

Here, whole genome gene-expression microarray data was obtained for 12 DLBCL 

samples, and COO subtypes were determined using previously described methods. 

Of these, 6 samples were used as a training set and 6 samples as a test set. The 

expression of a set of 9 discriminative genes were assessed in the training set and 

the 6 genes with the most significant difference in expression between GCB and 

non-GCB subtypes were selected for construction of the decision tree. This 

resulted in a 6-level ordered hierarchical decision tree that was subsequently 

employed to subtype the testing set consisting of 6 DLBCL samples. There was a 

100% (6/6) concordance between the COO subtypes of the testing set determined 

by the qPCR-based decision tree method compared to the traditional gene-

expression microarray-based method. 

 

6.1.2 Methods 

6.1.2.1 Methods Detailed Elsewhere 

Total-RNA was extracted from diagnostic tumor specimens of 12 DLBCL samples 

(Section 3.1.1.2) by a modified TRIzol-column extraction protocol (Section 

3.4.1.2), and Illumina whole-genome gene expression microarrays conducted 

(Section 3.7.2). Complementary-DNA was reverse transcribed from these samples 
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and the transcript abundance of the 9 discriminative genes was measured by qPCR 

and normalized to RPL13A (Section 3.8). The discriminative genes were AVEN, 

BCL6, CASP8, CD22, CFLAR, HDAC1, PBX2, PIM2, and SWAP70. Primer 

sequences for these assays can be found in Appendix III. 

 

6.1.2.2 Cell of Origin Subtyping by Gene Expression Microarray 

Samples were subtyped with whole-genome gene-expression microarray data 

using the method previously described by Alizadeh et al. (2000), and the gene set 

described by Shipp et al. (2002). Briefly, normalized expression data for the 91 

genes in the gene set were loaded into Cluster software 

(http://rana.lbl.gov/EisenSoftware.htm) and clustered using average linking cluster 

with an un-centered correlation. Cluster results were visualized and exported 

using Maple Tree software (http://mapletree.sourceforge.net/). In order to validate 

the accurate replication of COO subtyping, 23 DLBCL patients were subtyped 

using data obtained from Shipp et al. (2002) and the subtype compared to that 

produced by the authors. 

 

6.1.2.3 Construction of the Subtyping Decision Tree 

The rules for the sub-classification decision tree were determined using data from 

the learning set of 6 DLBCL samples (DLBCL01 – DLBCL06; 3 GCB and 3 non-

GCB). Discriminative genes were ranked according to the significance of the 

difference in gene transcript abundance between samples with a GCB subtype 

compared to those with a non-GCB subtype. The top 6 genes were employed in 

the decision tree, and were ordered in the decision tree levels according to their 

rank, resulting in a tree with a height of 6. That is, the gene with the most 

differential expression between subtypes was at the highest level, and the gene 

with the least differential expression was at the lowest level. An “ordered” decision 

process was employed where by passage towards the left of the tree was 

determined by expression related to the GCB subtype, and passage towards the 
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right of the tree was determined by expression related to the non-GCB subtype. 

Four edges emanate from each node in order to differentiate between samples 

with highly discriminative gene expression compared to samples with moderately 

discriminative gene expression (Figure 6.02). A hierarchical tree, where terminal 

nodes are also present at intermediate levels, was also used, resulting is a tree with 

an average depth of 4.2. A hierarchical system was employed because the upper 

levels are more informative and should therefore carry greater weight than 

subsequent levels with less differential expression between subtypes.  

Total
Mean

Non-GCB
Mean

GCB
Mean

2 3 41

Total
Mean

Non-GCB
Mean

GCB
Mean

2 3 41

 
Figure 6.02: Diagram of the four edges emanating from each node, detailing the parameters of each 
decision. The horizontal line represents a continuous measure of gene expression as determined by 
the gene ΔCT value. 
 

6.1.3 Results  

6.1.3.1 Validation of Microarray-Based Subtyping Protocol 

The 23 DLBCL samples from Shipp et al. (2002) were successfully assigned to two 

clusters corresponding to GCB and non-GCB COO subtypes (Figure 6.03). There 

was a 91% concordance (21/23) between subtypes determined here and those 

determined previously by the authors.  
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Figure 6.03: Hierarchical clustering of 23 DLBCL patients from Shipp et al. (2002) showing two 
distinct clusters relating to GCB (left/right) and non-GCB subtypes (left/right). 
 

6.1.3.2 Cell of Origin Subtyping of DLBCL Samples 

Sub-classification of the 12 DLBCL samples from the Griffith Lymphoma project 

(DLBCL01-DLBCL12) resulted in two clusters corresponding to GCB and non-

GCB subtypes (Figure 6.04). Of these 12 samples, 42% (5/12) were classified as 

non-GCB and 48% (7/12) as GCB.  
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Figure 6.04: Subtyping of 12 DLBCL samples from the Griffith Lymphoma Project. (A) Full cluster 
from Shipp et al. (2002) gene set, (B) The most discriminative set of genes for subtyping in this 
group of patients, (C) Subclassification of each sample. 
 

6.1.3.3 Ranking of Discriminative Genes  

 The expression of the 9 genes, previously described by Poulsen et al. (2005), were 

compared between COO subtypes within the learning set (Figure 6.05). Because of 

the small sample size the significance of the differences between subtypes were 

low, however SWAP70 did exhibit a nominally significant difference in gene 
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6.1.3.4 Validation of qPCR-based COO Subtyping Protocol in Test Set 

Figure 6.05: Box-plot of ΔCT values for discriminative genes in GCB and non-GCB subtypes within 
the learning set. It should be noted the ΔCT value bears an inverse relationship to gene transcript 
abundance. Error bars represent the standard error of the mean. 
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Our qPCR-based method for COO subtyping of DLBCL samples was trialed using a 

test-set of 6 DLBCL samples in order to determine its efficacy. Using the qPCR-

based method 100% (6/6) of samples were classified into the same subtype as that 

determined by the gene expression microarray-based method. Figure 6.06 shows 

an example of the path for one of the test samples classified as being GCB subtype 

according to the expression of the top 3 ranked genes. Only one sample required 

the expression of all 6 genes to be queried in order to determine COO subtype; the 

remaining samples all terminated at intermediate levels. 

 

expression between GCB and non-GCB subtypes (p=0.026). The ranking of the 

genes SWAP70, CFLAR (p=0.078), CASP8 (p=0.170), HDAC1 (p=0.219), 

BCL6(p=0.251), AVEN(p=0.425), CD22 (p=0.539), PIM2 (p=0.782), PBX2 

(p=0.978). 
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Figure 6.06: Ordered Hierarchical Decision-Tree constructed for DLBCL COO subtyping with an example of a path for DLBCL12. On the right is shown 
the genes for which decisions are made at each level. Coloured (blue/green/black) nodes represent terminals. 
 



6.1.4 Discussion 

Here we describe a qPCR-based method for sub-classification of DLBCL tumor 

samples according to COO subtype. This method employs qPCR quantitation of 6 

discriminative genes, normalized to a stable internal reference gene, and uses a 

hierarchical ordered decision tree to provide the classification based upon this 

data. In order to determine the efficacy of this method, COO subtypes were 

compared to those determined using the traditional microarray-based method of 

sub-classification. It was therefore important to ensure that microarray-based sub-

classification was accurate. In order to examine this, microarray data was acquired 

from Shipp et al. (2002) for 23 DLBCL samples. The COO subtype was determined 

using a previously described protocol and gene set [Alizadeh et al., 2000; Shipp et 

al., 2002] and compared to that determined by Shipp et al. (2002). There was 

found to be a 91% (21/23) concordance between subtypes determined here and 

those previously described by Shipp et al.. A 100% concordance may not have 

been achieved because 33 samples were missing from the data set, but our 

concordance rate was still higher than the concordance Shipp et al. demonstrated 

using data from Alizadeh et al.. This provides evidence that our microarray-based 

sub-classification of DLBCL samples is accurate. 

 

With the correct COO subtype determined by gene expression microarray, a 

learning group of 3 GCB and 3 non-GCB samples was utilized to determine the 

most differentially expressed genes between the two subtypes. Only one gene, 

SWAP70, proved to have a statistically significant difference in gene transcript 

abundance between groups. However, this is expected to be primarily due to the 

small sample size of the learning group. Only the top 6 genes with the most 

significant difference in gene transcript abundance between the two subtypes 

were included in the decision tree. Furthermore, a hierarchical decision tree 

structure was used in order to place more weight on the predictive capacity of 
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genes with higher significance between groups. This resulted in a minimum depth 

of 2 levels before a terminal node could be reached. This structure proved to be 

efficacious, as test samples were correctly classified by terminal nodes ranging 

from the second through to the final level. The 100% concordance between 

subclassification based upon gene-expression microarray compared to the qPCR-

based method provides evidence that this method of COO subtyping is accurate. 

 

In order for this method to be applied in a clinical setting, it will have to be more 

thoroughly tested with a larger sample size. This will enable a larger learning 

group, allowing more accurate rules to be determined for the decision tree, as well 

as a larger test group, allowing more thorough investigation of the efficacy of this 

method. However, the evidence provided here supports the use of qPCR-based 

COO subtyping as a potentially employable prognostic indicator for DLBCL. This 

method utilizes affordable technology that is commonly available to diagnostic 

laboratories, allowing easier assessment of COO subtype for clinical applications.  
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6.2 Global Gene Expression Analysis of Chemotherapeutic Response in 

Follicular Lymphoma 

Clinical prognostication of NHL employs a combination of measures relating to 

disease spread, tumor burden and patient characteristics. These markers stratify 

patients into discrete risk groups based upon the number of poor prognostic 

factors, but these do not directly interrogate tumor behaviour. The resulting lack 

of ability for prognostic indices to accurately predict quantitative prognoses 

frequently results in the over-treatment of indolent cases and the under-treatment 

of aggressive cases. The ability of gene-expression microarrays to interrogate 

genome-wide transcriptional profiles with high throughput and relatively low cost 

presents this as an attractive means of investigating features associated with 

patient response to chemotherapy. Gene expression profiling studies of NHL are 

becoming prolific, but due to the requirement for a uniformly treated group of 

patients very few of these studies have investigated molecular mechanisms of 

chemotherapeutic response. Here we have used gene-expression profiling of a 

cohort of FL patients treated at a single institution in order to elucidate features 

associated with failure to achieve complete response to chemotherapy. Using this 

approach, we found several interesting candidates, including cellular oncogenes, 

genes associated with helper T-cell lineages, FOX family genes and genes within 

the MAF family. Increased interpretation of these results was provided by gene set 

enrichment analysis followed by pathway component cross-linking, revealing that 

components within the MAPK signaling pathway were central to 

chemotherapeutic response. This indicates that measures of MAPK signaling could 

potentially be used as a marker for predicting chemotherapeutic response, or could 

alternatively provide a novel therapeutic target for increasing treatment efficacy.  
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6.2.1 Introduction 

Follicular lymphoma (FL) is a characteristically indolent form of NHL, with risk 

assessed by the FLIPI set of criteria (Section 1.6.3.2) to stratify patients into low-, 

intermediate- or high-risk categories. Because of its indolent nature, patients with 

low-risk disease are frequently treated with a watch-and-wait approach wherein 

no chemotherapeutics are administered until disease progression. Despite this 

approach having no effect on overall survival or progression-free survival 

compared to immediate treatment [Ardeshna et al., 2003], the commencement of 

therapy upon disease progression may increase the chance of developing 

chemoresistance in the aggressive form of the disease [Gandhi and Marcus, 2005]. 

Molecular markers predicting chemotherapeutic response could therefore be 

potentially useful for this group of patients to highlight those that would respond 

well and therefore benefit from immediate treatment.  

 

FL patients with intermediate- or high-risk disease are treated immediately with 

standardized treatment regimes that include different chemotherapeutics such as 

Fludarabine, Chlorambucil or Cyclophosphamide, or combination chemotherapy 

regimes such as CVP or CHOP (Section 1.6.2). These therapeutic regimes 

displayed variable response rates within evaluated patient cohorts, but maintained 

similar overall survival and progression-free survival. Only just over half of FL 

patients will respond to standard first-line chemotherapeutic regimes [Klasa et al., 

2002]. Furthermore, the administration of these regimes ablate BM stem cells, 

meaning that patients requiring salvage therapy in combination with autologous 

stem-cell transplantation may not have adequate numbers of stem cells to be 

collected. Patients with intermediate- or high-risk disease could therefore benefit 

from the use of molecular markers predicting chemotherapeutic response because 

patients who are likely to have a poor response may be targeted with 

chemotherapy regimes that utilize higher dose or toxicity. Alternatively, patients 
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predicted to respond poorly may also have stem cells harvested prior to treatment 

for use in autologous stem-cell transplantation following therapy failure.  

 

With the exception of monoclonal antibody therapy, chemotherapeutic agents 

that are administered to NHL patients generally induce DNA damage. Detection of 

this DNA damage causes activation of effector kinases such as CHK1, CHK2 or 

ATM. These induce the activation of p53, which is able to induce cell-cycle arrest 

and apoptosis, depending on the extent of the damage. Chemotherapeutic response 

of the neoplastic cell is determined by oncogenic factors that modulate the activity 

of p53, down-stream regulators of the p53-response, or of pathways with 

modulatory cross-talk with the p53 response pathway. The activity of p53 can be 

modulated in NHL by mutation or deletion of the encoding TP53 gene [Shanafelt 

et al., 2004; Wattel et al., 1994], through increased activity of p53-inhibitors such 

as MDM2 [Hough et al., 2001], or by the effect of other p53 family-members such 

as TP73 (section 6.3). Downstream regulators of p53 activity include the apoptotis-

inducing protein BAX and the cell-cycle inhibitor CDKN2A. The activity of BAX 

is abrogated in NHL by the over-expression of the apoptotic-inhibitor BCL2 

[Kitada et al., 1998], while activity CDKN2A is decreased by gene deletion or 

hypermethylation [Baur et al., 1999; Hirama and Koeffler, 1995]. Furthermore, the 

effectiveness of p53-pathways can be positively or negatively regulated by cross-

talking pathways such as FAS/FASL signaling or NFκB signaling. Death-receptor 

signaling through the FAS/FASL system results in induction of TNF-related 

apoptosis-inducing ligand (TRAIL), which has been shown to augment p53-

mediated responses to chemotherapy through the activation of CASP8 [Friesen et 

al., 1996]. On the contrary, NFκB mediates pro-survival signals that can block the 

activity of caspase-8 through the induction of inhibitor of apoptosis (IAP) proteins 

[Lee and MacCubrey, 2002].  
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There have been some associations between single-component observations, such 

as p53 mutation, and chemoresponse [Dohner et al., 1995; Morabito et al., 1997]. 

However, the observations outlined above present a scenario of complex multi-

component interactions and cross-talk between signaling pathways that have an 

ultimate effect on chemotherapeutic response. The overall activity of these 

networks is therefore inadequately represented by single-component observations, 

and would benefit from comprehensive analysis by whole-genome molecular 

profiling. Although there has been some effort to delineate molecular signatures 

associated with chemotherapeutic response [Bohen et al., 2003; Vallat et al., 2003], 

these efforts have been restricted by the requirement for uniformly treated groups 

of patients. In order to obtain uniform treatment regimes, patients are ideally 

sourced from a single institution, which places limitations on the ability of 

collections to provide adequate sample size. Here, we have utilized diagnostic 

lymph-node specimens from a small cohort of FL patients treated at a single 

institution to allow for comparative gene expression profiling of patients that 

achieved a complete response (CR) to chemotherapeutic regimes versus those 

patients who did not (N-CR). Differential gene expression analysis highlighted 

several interesting candidates associated with FL disease behaviour. Further 

enrichment of these results by GSEA and PCC analysis found that the over-

expression of genes associated with the MAPK signaling pathway played a central 

role in chemotherapeutic failure in FL patients.  

 

6.2.2 Methods 

A description of patients utilized in this investigation and their clinical 

characteristics can be found in Section 3.1.1.2. Five FL patients were classified as 

having CR to first-line therapy, and 5 patients as having N-CR. Of the 5 patients 

classified has having CR, the first line therapy consisted of CHOP in two cases, 

CVP in two cases and radiotherapy in one case. Of the 5 patients classified as 
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having N-CR, the first line therapy consisted of CVP in 3 cases, CHOP in one case 

and Chlorambucil in one case. RNA extraction and gene expression microarray 

protocols can be found in Sections 3.4.1.2 and 3.7.2 respectively.  

 

Differential gene expression analysis was performed using ArrayStar software 

(DNASTAR). Genes were averaged across the 5 CRs and 5 N-CRs. Because of the 

low statistical power associated with the modest sample size, genes were selected 

by their fold-change between CR and N-CR groups rather than the statistical 

significance of their differential expression. However, in order to limit false-

positives a larger fold change of 4-fold was employed as the cut-off value for 

differentially expressed genes. GSEA and PCC analysis of differentially expressed 

genes (DEGs) were performed as described in Section 5.1.  

 

6.2.3 Results 

6.2.3.1 Differentially Expressed Genes in CRs and N-CRs 

Differential gene expression analysis of CRs and N-CRs highlighted 1756 genes 

with a 4-fold difference in expression between groups (Figure 6.07). These 

included 36 genes associated with G-protein signaling, 16 genes associated with 

immune signaling, 8 genes encoding forkhead-box (FOX) domain containing 

proteins, and a host of other cellular oncogenes and tumor suppressor genes. The 

full list of DEGs is too extensive to include in this thesis, but a table of all DEGs 

discussed below, and their expression fold-change between groups, can be seen in 

Appendix VI. 
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6.2.3.2 Cellular Pathways Associated with Chemotherapeutic Response 

GSEA of the 1756 DEGs by KEGG pathway revealed 65 pathways containing 

between 3 and 31 constituents. PCC analysis of the GSEA output placed these 

pathways into one large cluster  centralized around the MAPK pathway (Figure 

6.08).  

 

Figure 6.07: Scatter-plot of differentially expressed genes between CRs and C-CRs 
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MAPK PathwayMAPK Pathway

 
Figure 6.08: Pathways associated with chemotherapeutic response in FL, separated by PCC analysis into a large cluster with the ‘MAPK Signaling’ pathway as 
a central component. 
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6.2.4 Discussion 

Differential gene expression analysis of FL patients that demonstrated a complete 

response to chemotherapy (CR) compared to those who failed to achieve a 

complete response (N-CR) highlighted a large number of genes that may be 

associated with chemotherapeutic response. These included interesting cellular 

oncogenes and tumor suppressor genes (TSGs), genes with previously described 

roles in NHL pathogenesis, genes with roles in immune signaling, as well as 

candidates within the FOX and MAF family of genes. GSEA followed by pathway 

component crosslinking (PCC) analysis to enrich the central pathways associated 

with chemoresponse highlighted ‘MAPK signaling’ as an important pathway in 

mediating chemotherapeutic response in FL. 

 

Among the cellular oncogenes and TSGs that were highlighted were the p53 

family member TP73, the de-ubiquitinating enzyme USP22, and the B-cell specific 

activator protein PAX5. The TP73 gene is the focus of a detailed investigation in 

Section 7.4, so won’t be discussed in detail here. However, it is interesting to note 

that its expression was on average 25.54-fold higher in the N-CR group compared 

to the CR group. This indicates that it may be playing an oncogenic role associated 

with therapy failure, rather than a TSG role associated with its p53-like functions.  

 

6.2.4.1 USP22 

The USP22 gene is a putative cancer stem cell marker that has been previously 

associated with chemotherapy failure in a range of other cancers [Glinsky et al., 

2005]. It was originally characterized as a ubiquitin-specific protease that 

functioned in de-ubiquitination of histone H2B. However, recent investigations 

have characterized the product of this gene as a part of the SAGA transcriptional 

cofactor complex [Zhang et al., 2008]. As part of this complex, it is recruited to 

transcriptional regulatory regions by the MYC oncogene, where it is required for 

transactivation. Up-regulation of USP22 by 5.50-fold in the N-CR group, indicates 
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that this gene may be associated with therapy failure due to a role in MYC-

mediated oncogenesis. MYC has been established as having an important role in 

NHL due to targeting of the MYC gene by the t(8;14)(q24;q32) translocation 

[Kramer et al., 1998] and aberrant somatic hypermutation in DLBCL [Pasqualucci 

et al., 2001], as well as the implication of MYC in the transformation of FL to 

DLBCL [Chang et al., 2000]. Up-regulation of USP22 expression may therefore 

compliment these aberrations, allowing for increased MYC activity, and thereby 

result in therapy failure. 

 

6.2.4.2 PAX5 

Another proto-oncogene that was up-regulated in the N-CR group was PAX5. 

This gene has been implicated in the pathogenesis of B-cell malignancies due to 

its association with the t(9;14)(p13;q32) translocation that places it under control 

of the immunoglobulin heavy-chain promoter [Siebert et al., 2001]. The PAX5 

gene encodes a paired box domain containing transcription factor that controls 

embryonic development and organogenesis. It is normally expressed throughout 

B-cell maturation, except in plasma cells, and has been shown to be strongly 

expressed in both FL and DLBCL [Krenacs et al., 1998]. As a transcriptional 

regulator, it functions in suppression of the p53 tumor suppressor gene, and 

induction of genes with oncogenic roles, such as N-MYC and the B-cell receptor 

associated SRC-family kinase BLK [Siebert et al., 2001]. Its over-expression, as 

demonstrated in the N-CR group, is associated with uncontrolled proliferation 

which may be due to inhibition of p53-mediated cell-cycle inhibition or the 

induction of oncogenes that support cellular proliferation. Because of previous 

associations between inhibition of p53 function and chemotherapy failure 

[Wilson et al., 1997], the increased PAX5 expression observed in this investigation 

is likely to be associated with poor chemotherapy response due to its repression of 

p53 transcription rather than its promotion of cellular proliferation.  
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6.2.4.3 MME 

The MME (CD10) gene has also been previously associated with NHL 

pathogenesis, and is up-regulated by 28.27-fold in the N-CR group. This gene 

encodes a neutral endopeptidase that is normally expressed in pro-B and 

germinal-centre B-cells. It is also expressed in the majority of FLs, and used as an 

immunohistochemical marker for the GCB-subtype of DLBCL (Section 1.9.1.1). 

Although its role in lymphoma is not well defined, it has been linked with tumor 

invasion, and its high expression in DLBCL patients is associated with an inferior 

prognosis [Lossos et al., 2002; Uherova et al., 2001]. The functional role of MME 

in mediating chemotherapy resistance in FL requires further investigation, but 

may be widely beneficial due to its additional association with DLBCL 

pathogenesis. 

 

6.2.4.4 Immune Signaling Molecules 

Although a range of immune signaling components were associated with 

chemotherapy response in this investigation, only two of these genes have been 

previously associated with NHL pathogenesis. Increased expression of both IL8  

and IL10 have been previously noted in B-CLL [Fayad et al., 2001; Stratowa et al., 

2001] and were associated with failure to achieve complete response in this 

investigation. Interestingly, IL10 functions in suppression of Th1 cytokines [Fayad 

et al., 2001] and its over-expression was accompanied by decreased expression of 

the IL12-receptor gene, IL12RB2, which functions as a potentiator of the Th1 

phenotype [Weaver et al., 2006]. Furthermore, a decrease in support for Th2 

differentiation was also noted due to the N-CR group showing decreased 

expression of IL19, which functions in induction of Th2 responses [Gallagher et 

al., 2004]. In contrast, genes supporting the Th17 lineage, including two IL17 

genes (IL17D and IL17E) and an IL17 receptor gene (IL17RE) were up-regulated in 

the N-CR group. The IL6 gene, which has also been shown to be over-expressed 

and associated with inferior prognosis in NHL [Fayad et al., 2001; Lai et al., 2002], 
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also supports Th17 commitment. Because development of Th1, Th2 and Th17 

helper T-cell lineages are mutually non-permissive [Weaver et al., 2006], this 

finding indicates that suppression of Th1 and Th2 development accompanied by 

concomitant support of Th17 development may have a pathogenic role in NHL 

and cause decreased response to chemotherapy.  This is an interesting finding in 

light of previous observations of high levels of IL6 are produced by non-neoplastic 

cells in some NHL tumors resulting in an inferior outcome compared to low IL6 

producers [Fayad et al., 2001; Kossakowska et al., 1999], as IL6 is required in 

addition to IL17 for differentiation of Th17 cells [Stockinger et al., 2007]. 

 

6.2.4.5 FOX-Family Genes 

Further evidence for suppression of Th1- and Th2-mediated immune responses 

was provided by two FOX family genes. Of the 8 FOX family genes that were 

differentially expressed between CR and N-CR groups, 6 were up-regulated and 

two were down-regulated. FOX genes are a large group of transcriptional 

regulators containing winged-helix domains, and play roles in diverse biological 

processes including immunological regulation [Jonsson and Peng, 2005]. Among 

the FOX genes that were up-regulated in the N-CR group were FOXD2 and 

FOXJ1, which both play a role in suppressing the activation of Th1 and Th2 cells. 

Although the remaining FOX genes do not have defined roles in immunological 

regulation, the two down-regulated members (FOXE1 and FOXE3) have been 

shown to be targeted by mutation [Katoh and Katoh, 2004]. Another member of 

the FOX family, FOXP1, is the focus of detailed investigation in section 7.3. 

 

6.2.4.6 MAF-Family Genes 

Also under detailed investigation is the MAF family member BACH2 (Section 7.2), 

which has been implicated DLBCL pathogenesis [Poteat and Sklar, 1997]. The 

MAF family of genes includes BACH genes, and encode transcriptional regulators 

with a variety of targets [Motohashi et al., 1997]. Although their function is not 
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well defined, these genes may function in the pathogenesis of NHL through their 

presumed ability to bind the MAPK-activated transcription factors FOS and JUN 

through their TRE-domains [Motohashi et al., 1997]. These MAF/FOS and 

MAF/JUN heterodimers binds different sequences to MAF homodimers and AP-1 

complexes, and are able to regulate expression of genes such as IL6, glutathione-S-

transferases and the PIM1 oncogene [Kataoka et al., 1994]. Genes encoding the 

MAF proteins MAFF and BACH1, as well as the transcriptional co-activator of 

MAFF, CMIP [Ye et al., 2006], were all found to be up-regulated in the N-CR 

group, and may therefore function in altering the transcriptional changes induced 

by the MAPK pathway in order to confer a more chemotherapy-resistant 

phenotype.  

 

6.2.4.7 Informed Analysis of Differentially Expressed Genes 

Although several interesting candidates were highlighted by this investigation, 

individual genes that are not central to the DNA-damage response are not likely to 

yield significant and replicable prediction of chemotherapeutic response. For this 

reason, the function of DEGs was derived by GSEA, placing them into signaling 

pathways. PCC analysis was then used in order to enrich the GSEA results and 

reveal central pathways, highlighting MAPK signaling as the central component of 

the PCC cluster. 

  

Signaling through the MAPK pathway is central to lymphocyte function due to its 

role in transducing signals from immunoglobulin, cytokine and growth factor 

receptors. Responses to different stimuli employ different MAPK proteins and 

elicit different responses. Further complexity is also introduced by the utilization 

of different MAPK cascades by different cell types, such as Th subsets [Dong et al., 

2002]. However, despite the implication of MAPK signaling in mediating 

chemotherapeutic response, there were only 2 MAPK genes among the long list of 

DEGs (MAPK11 and MAP3K4). Although both of these genes were up-regulated, 
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the lack of other MAPK genes suggests that it is not the over-representation of 

MAPK cascade components that mediates chemotherapy response; rather, it is 

likely that the over-induction or amplification of signaling across these 

components that is the important factor. In support of this, many of the genes that 

have been implicated by inclusion in the MAPK pathway are genes that have a 

role in inducing or amplifying signaling across a variety of MAPK signaling 

cascades. These included a range of genes involved in G-protein signaling – 

including an important scaffolding molecule linking growth-factor receptor 

stimulation to MAPK activation, a modulator of signal intensity of the MEK-ERK 

MAPK pathway, an oncogene that is activated by the MAPK pathway, and an 

oncogenic stimulator of the p38 MAPK pathway. 

 

Stimulation of growth factor receptors can result in the activation of the MEK-

ERK MAPK pathway through g-protein signaling via a group of scaffolding 

proteins. This ultimately results in the transcription of genes involved in 

proliferation or apoptosis inhibition via the activation of oncogenic transcription 

factors. Within this investigation large numbers of genes associated with g-protein 

signaling were found to be differentially expressed between CR and N-CR groups. 

Of the 35 DEGs involved in G-protein signaling, 29 of them were up-regulated in 

the N-CR group. This included 15 g-protein coupled receptors (GPRCs), 13 RAS 

homologues, numerous guanine nucleotide binding proteins, and an important 

scaffolding molecule for signal transduction (SHC3).  These findings suggest that 

g-protein mediated activation of the MEK-ERK MAPK pathway may be increased 

in the N-CR group and associated with poor response to chemotherapy.  

 

In addition to over-induction of MAPK signaling, we noted aberrations associated 

with poor chemotherapeutic response may also play a role in modulating the post-

activation signal magnitude. For example, the N-CR group was observed to have 

increased expression of BRAP, an E3-ubiquitin ligase that is inactivated by auto-
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polyubitquitination upon RAS activation. Although BRAP also associates with the 

DNA-repair gene BRCA1, its main function is to modulate the threshold of 

activation for the MAPK pathway. It performs this task by inhibiting homo-

oligomerisation of KSR1 and by preventing B-RAF/C-RAF hetero-oligomerisation, 

both of which are required for the formation of RAF-MEK complexes [Chen et al., 

2008b]. Depletion of BRAP has been shown to result in increased MEK activation 

following stimulation [Matheny et al., 2004]. The decreases in BRAP expression 

seen here in the N-CR group may therefore play a role in decreasing 

chemotherapeutic response by propagating growth signals along the MEK-ERK 

pathway. Further evidence for increased activity of the MEK-ERK MAPK pathway 

being associated with chemotherapy failure is the noted increase in MYCL1 

expression within the N-CR group. This gene is a homologue of the oncogenic 

transcription factor MYC, which is activated by ERK following stimulation of the 

MAPK pathway. Although the MYCL1 gene is poorly charactacterised in 

comparison to MYC, the two genes are both responsive to p53 activation and 

function in regulating proliferation and apoptosis.  

 

Although the MEK-ERK MAPK pathway has been shown to play a central role in 

chemotherapeutic response [McCurry et al., 2007], other MAPK pathways such as 

the p38 pathway are also important in lymphocyte biology. The p38 and JNK 

pathways mediate responses to cytokine signaling and cellular stress [Dong et al., 

2002]. These pathways are therefore likely to play an important role in 

chemotherapeutic response due to the observations within this investigation of 

increased expression of a range of cytokines. Furthermore, another oncogenic 

stimulator of these MAPK pathways (ABL2) was also observed to be over-

expressed within the N-CR group. The ABL family of oncogenes is most well 

known for the translocation and over-expression of ABL1 in chronic myelogenous 

leukemia. The gene family member found to be over-expressed within the N-CR 

group in this investigation (ABL2) is not as well characterized as ABL1, but is also 
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targeted by translocations in T-cell leukemia [Griesinger et al., 2002]. ABL2 is 

highly homologous to ABL1 and serves a similar function in promoting 

proliferation through activation of stress-activated protein kinases such as p38 and 

JNK. Furthermore, ABL-mediated activation of the p38 MAPK pathway is able to 

induce expression of TP73 [Sanchez-Prieto et al., 2002], which was also found to 

be highly over-expressed within the N-CR group. These findings indicate that 

over-activity of multiple MAPK cascades, rather than a single pathway, 

contributes to decreased response to chemotherapy. Due to the association 

between increased proliferation and increased response to chemotherapy [Wilson 

et al., 1997], it is likely that chemotherapy failure associated with MAPK pathway 

over-activity is a result of the induction of apoptosis inhibitory genes rather than 

the pro-mitotic effects of the pathway. 

 

6.2.4.3 Conclusion 

With the increased feasibility of gene expression profiling from clinical samples 

such as formalin-fixed paraffin-embedded tissue [Gianni et al., 2005] and fine-

needle aspirations [Goy et al., 2005], molecular profiling for the prediction of 

chemotherapy response should become increasingly integrated into clinical 

practice. Here we have used gene expression profiling to compare tumors from FL 

patients that achieved a complete response to chemotherapy against those who 

failed to achieve a complete response. This highlighted several interesting 

candidate genes with pre-defined roles in NHL pathogenesis. Genes associated 

with host immune responses and the regulation of T-helper cell differentiation 

were also implicated in response to chemotherapy. This is an interesting finding in 

light of previous associations between immune response signatures and FL patient 

prognosis [Dave et al., 2004]. However, crude interpretation of gene expression 

patterns is not likely to afford adequate predictive capacity for clinical application 

of molecular indicators of chemotherapeutic response. Informed analysis of 

differentially expressed genes was therefore performed by gene-set enrichment 
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analysis and pathway component cross-linking for the enrichment of central 

pathways mediating chemotherapeutic response. This highlighted the MAPK 

pathway as a central mediator of FL patient responses to chemotherapy. Increased 

expression of a large number of genes mediating MAPK signaling was observed in 

patients with poor response to chemotherapy. This indicates that the activity 

MAPK pathways may be potentially interrogated by molecular profiling 

techniques in order to predict the clinical response of FL patients to chemotherapy 

regimes. Patients with molecular profiles associated with high MAPK activity may 

be candidates for chemotherapy regimes employing higher doses or higher toxicity 

therapeutics. In contrast, patients exhibiting profiles indicative of low MAPK 

activity may not need as intense therapeutic regimes, and may subsequently avoid 

un-necessary side-effects associated with over-treatment. These findings highlight 

the potential for association between molecular features of NHL tumors and 

clinical disease behavior. However, in order to provide further evidence for these 

findings, develop predictive models based upon these findings, and investigate 

efficacy of these predictive models, the investigation must be replicated in larger 

cohorts of uniformly treated patients with the availability of fully annotated 

clinical data. 
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7.1 BACH2 may Regulate BCL2 Expression from the t(14;18)(q21;q34) 

translocation in Non-Hodgkin’s Lymphoma 

The t(14;18)(q21;q34) BCL2 translocation is a common genetic alteration in 

Follicular and Diffuse Large B-cell Lymphoma. However, it is not invariably 

associated with BCL2 gene over-expression due to undefined mechanisms that 

regulate expression from the proximal immunoglobulin heavy-chain promoter. 

The BACH2 transcriptional repressor is able to modulate activity of this promoter. 

Here we have shown that, in tumor samples with BCL2 translocation, those with 

high levels of BACH2 had significantly lower BCL2 transcript abundance 

compared to those with low levels of BACH2. This indicates that BACH2 may be 

partially responsible for regulation of BCL2 expression from the t(14;18)(q21;q34) 

translocation. 

 

7.1.1 Introduction 

The t(14;18)(q21;q34) translocation is found in 85-90% of FL and 12-30% of 

DLBCL tumors [Kramer et al., 1998]. This aberration places the anti-apoptotic 

BCL2 oncogene under control of the IgH promoter. Due to the activity of the Ig-

promoter in B-cells, this translocation should result in the up-regulation of BCL2 

expression, a phenotype associated with resistance to apoptosis induced by 

chemotherapy. However, BCL2 protein abundance is only increased in 

approximately 50% of cases with the t(14;18)(q21;q34) translocation, indicating 

that other factors may control the expression of BCL2 from this aberrant locus. 

 

The BACH2 gene encodes a transcriptional repressor that forms a co-repressor 

complex with small MafK proteins and binds MARE elements such as the HS1, 

HS2, HS3 and HS4 elements of the IgH locus [Muto et al., 1998], which have been 

shown to mediate BCL2 expression from the t(14;18)(q21;q34) translocation 

[Heckman et al., 2003]. It is expressed at high levels in immature B-cells, 

translocates into the nucleus in response to reactive oxygen species, and is 
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hypothesized to function in normal differentiating B-cells by preventing 

premature expression of immunoglobulins [Muto et al., 1998]. Transcript levels of 

BACH2 are used for the classification of DLBCL into COO subtypes [Alizadeh et 

al., 2000], but have also been described as an independent prognostic factor 

[Sakane-Ishikawa et al., 2005]. In a Japanese study, immunohistochemical staining 

for BACH2 revealed that it is expressed in 30-33% of DLBCL cases, and patients 

with strong expression had a better prognosis than those with weak or variable 

expression [Poteat and Sklar, 1997]. However, BACH2 has not yet been 

investigated in FL patients or Caucasian DLBCL patients. 

 

Due to the role of BACH2 in silencing transcription from the IgH locus, we 

hypothesised that BACH2 may regulate BCL2 expression in NHL patients with the 

t(14;18)(q21;q34) translocation. In order to investigate this hypothesis a PCR-

based assay was used to detect this translocation in FL and DLBCL tumor samples. 

Gene transcript abundance of BACH2 and BCL2 were also measured by qPCR. 

Through this we have shown that patients carrying the translocation and 

expressing high levels of the BACH2 gene transcript have a significantly lower 

gene transcript abundance of BCL2 compared to those carrying the translocation 

and expressing low levels of BACH2. This suggests that BACH2 may have a role in 

regulating the expression of BCL2 from this translocation. 

 

7.1.2 Methods 

7.1.2.1 Methods Described Elsewhere 

The 12 FL and 12 DLBCL samples utilized in this investigation have been 

previously described in Section 3.1.1.2. Protocols for RNA extraction (Section 

3.4.1.2), DNA extraction (Section 3.3.1.3), and cDNA synthesis reactions (Section 

3.8.2.1) can be found within previous sections of this thesis. 
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7.1.2.2 Detection of the t(14;18)(q21;q34) Translocation 

The t(14;18)(q21;q34) translocation was detected using a nested-PCR assay 

previously described by Poeat and Sklar (1997). Briefly, 1μg of DNA is first 

amplified with outer primers specific for the BCL2 major break region (mbr-O), 

the BCL2 minor cluster region (mcr-O) and a degenerate immunoglobulin heavy-

chain joining (JH) region primer (Jh_O). This amplification was performed using a 

high processivity Taq DNA polymerase (BIO-X-ACT™ Long; Bioline), with the 

accompanied buffer, 1mM MgCl2, 10uM of each primer, and 10μM of each dNTPs. 

The second-round amplification was performed using 1μL of a 1:10 dilution of the 

first-round product and utilized nested primers for the same regions (mbr-I, mcr-I, 

Jh-I). The reaction was performed using the same reaction components but 

substituting normal-processivity Taq DNA polymerase (Invitrogen) and the 

corresponding reaction buffer. Primer sequences and cycling conditions were as 

previously described [Poteat and Sklar, 1997]. In order to increase sensitivity, the 

products of the second-round reaction were detected with an Agilent BioAnalyser 

using the DNA-1000 LabChip protocol according to the manufacturer’s protocol. 

 

7.1.2.3 Quantitative Polymerase Chain Reactions 

Gene-specific primers for the previously selected reference gene, RPL13A (Section 

3.8.5.1), as well as BACH2 and BCL2 can be found in Appendix III. Reactions for 

each gene were performed in triplicate for each sample and consisted of 1X iQ 

SYBR Green Supermix (BioRad), 10μM of each primer and 1uL of cDNA. Cycling 

conditions consisted of an initial denaturation at 95°C for 10min followed by 40 

cycles of 95°C for 20s, 60°C for 20s and 72°C for 30s. Melt curves were analyzed for 

each reaction to ensure amplification specificity and the absence of genomic DNA 

contamination. Relative expression of BACH2 and BCL2 was found by 

normalizing to Universal Human Reference RNA (Stratagene) using the 2-ΔΔCt 

method as previously described [Poteat and Sklar, 1997]. Differences in BCL2 

207 



208 

transcript abundance between groups was assessed using the independent-sample 

T-test. 

 

7.1.3 Results 

7.1.3.1 Prevalence of the t(14;18)(q21;q34) Translocation 

The t(14;18)(q21;q34) translocation was detected in a total of 57% (8/14) of NHL 

tumor samples. This included 71% (5/7) of FL cases and 43% (3/7) of DLBCL cases. 

The amplicon produced by the second-round reaction varied in size between 

patients due to variation in the position of BCL2 and JH break-points. However, 

there was a clear distinction in amplicon sizes between two main groups of 

patients with the translocation; those with amplicon sizes of 58-60bp and those 

with amplicon sizes of 185-201bp (Figure 7.01). The no-template control exhibited 

an amplicon at 18bp, which is present a high proportion of samples without a 

translocation amplicon and is assumed to be due to primer-dimerisation as a result 

of the large size of the primers. 

 

7.1.3.2 BACH2 and BCL2 Gene Expression in Non-Hodgkin’s Lymphoma Tumor 

Samples 

There was a large degree of heterogeneity in BCL2 and BACH2 gene expression 

between patients. Samples carrying the translocation had higher average BCL2 

gene transcript abundance, but this was not significantly different from those 

samples without the translocation (p=0.14). On average BACH2 was more highly 

expressed in samples without the translocation compared to those with the 

translocation, but again this was not statistically significant (p=0.47). There was no 

significant difference in either BCL2 (p=0.67) or BACH2 (p=0.94) expression 

between FL and DLBCL samples. 
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Figure 7.01: Bioanalyser electrophoretograms showing examples of the small (A) and large (B) translocation amplicons from two NHL patients. Peaks labeled 1 and 3 
are the Bioanalyser size markers, while the peaks labeled 2 are the translocations amplicons with sizes of 58bp and 185bp for A and B respectively. 
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7.1.3.3 BCL2 expression from the t(14;18)(q21;q34) Translocation may be regulated by 

BACH2 

Of the eight patients carrying the t(14;18)(q21;q34) translocation, the four patients 

with the highest relative expression of BACH2 were classified as ‘high BACH2’ (mean 

relative BACH2 expression = 11.78) expressers and the four patients with the lowest 

relative expression of BACH2 were classified as ‘low BACH2’ expressers (mean 

relative BACH2 expression = 2.25); the difference in relative BACH2 transcript 

abundance between these two groups is statistically significant (p<0.01). Low BACH2 

expressers with the translocation had significantly higher relative BCL2 transcript 

abundance compared to high BACH2 expressers with the translocation (Figure 7.02; 

p=0.02). Furthermore, in those samples with no detectable t(14;18)(q21;q34) 

translocation, there was no significant difference in BCL2 gene transcript abundance 

(p=0.17) between high BACH2 expressers (mean relative BACH2 expression = 2.99) 

compared to low BACH2 expressers (mean relative BACH2 expression = 18.11). 

Clinical data was not available for a high enough number of cases to allow evaluation 

of the prognostic significance of this finding. However, in the small number of FL 

cases with clinical data available (n=8) there was a suggestion of decreased serum 

lactate dehydrogenase (LDH) level in cases with high BACH2 expression (mean serum 

LDH level = 191.50) compared to those with low BACH2 expression (mean serum 

LDH level = 246.25; p=0.07). 
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Figure 7.02:  Mean BCL2 expression (+/- Standard Error) in groups categorized by the presence of the 
t(14;18)(q21;q34) translocation and BACH2 expression. *Statistically significant. 
 

7.1.3 Discussion 

The BCL2 gene is an important regulator of apoptosis and is recurrently targeted by 

chromosomal translocations in FL and DLBCL. This places the BCL2 gene under 

control of the IgH promoter, which is highly active in the B-cells from which these 

malignancies originate. BCL2 is expressed at high levels in some patients and is 

associated with decreased overall survival and progression-free survival [Kramer et 

al., 1998]. However, BCL2 over-expression is not always the result of translocation, 

and BCL2 translocation does not always result in its over-expression. This indicates 

that there are multiple mechanisms in place that regulate the abundance of BCL2, 

both within and outside the context of the t(14;18)(q21;q34) translocation. In order to 

predict the effect of this highly prevalent translocation, and its possible anti-apoptotic 

implications, these regulatory mechanisms must be further defined. 

 

The BACH2 gene may be partially responsible for the regulation of BCL2 expression 

from the t(14;18)(q21;q34). This gene encodes a transcription factor capable of 
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repressing transcription from the IgH locus. High expression of BACH2 has been 

described as a positive prognostic factor in DLBCL [Sakane-Ishikawa et al., 2005], and 

knock-out of BACH2 expression is lymphomagenic in the Raji cell-line [Takakuwa et 

al., 2004]. However, in neither of these cases was the cellular role of BACH2 defined. 

It is therefore possible that the association between high BACH2 expression and 

favourable prognosis in DLBCL may be partially due to a role in regulating expression 

from oncogene-IgH translocations.  

 

Here we examined the expression of BCL2 in FL and DLBCL samples in relation to 

the t(14;18)(q21;q34) translocation and BACH2 expression, and have provided 

evidence for this hypothesis. In tumor samples containing this translocation, BCL2 

gene transcript level was inversely associated with that of BACH2. This indicates that 

BACH2 may have a role in silencing BCL2 expression from this translocation. 

Chemotherapeutic agents that cause the production of reactive oxygen species may 

therefore be an attractive chemotherapy for patients with this translocation because 

they may result in increased nuclear translocation of BACH2 and subsequently 

increase its repressor activity on the aberrant loci. It may also be beneficial to explore 

the role of BACH2 in regulating expression of other oncogenes, such as BCL6 or c-

MYC, that have been translocated to immunoglobulin loci. 

 

Regulation of the expression from oncogene-IgH translocations may not be the only 

function of BACH2 that is associated with a favourable prognosis. This is indicated by 

the increased chemotherapeutic response of Raji cells when BACH2 expression is 

restored [Kamio et al., 2003], despite no translocations being present in this cell-line. 

Furthermore, the lack of a significant correlation between BACH2 expression and 

BCL2 expression in samples with the t(14;18)(q21;q32) translocation indicates that 

there may be other factors associated with BCL2 abundance in these situation. This 
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may include the activity of factors such as p53, which represses expression from wild-

type BCL2 genes. In order to fully define the role of BACH2 in regulating expression 

from BCL2 translocations, these findings must be validated in a cohort with a larger 

sample size.  

 

In conclusion, we have provided evidence that BACH2 may regulate BCL2 expression 

from the t(14;18)(q21;q34) translocation. Chemotherapeutic agents that induce 

reactive oxygen species could potentially be pharmacogenomically targeted towards 

patients with this aberration in order to increase BACH2 repressor activity and 

decrease apoptosis-resistance associated with BCL2 over-expression.  
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7.2 FOXP1 Isoforms Regulate NFκB Activity in Follicular Lymphoma 
 
FOXP1 is a transcriptional repressor that has been proposed to repress the expression 

of some NFκB-responsive genes. FOXP1 protein is expressed in the majority of 

Follicular Lymphoma cases, but its function and possible role in tumorigenesis has not 

yet been investigated. Recently, truncated isoforms of FOXP1 have been found to be 

expressed in Diffuse Large B-cell Lymphoma and were proposed to have an oncogenic 

effect by de-repressing NFκB-associated genes. Here we have used a novel qPCR-

based assay to investigate the relative abundance of full-length and N-terminally 

truncated FOXP1 isoforms in NHL samples, and gene-expression microarrays to 

investigate their effect on NFκB-associated genes. We have shown that increasing 

relative abundance of N-terminally truncated FOXP1 isoforms is associated with 

increased expression of a large number of NFκB-associated genes in Follicular 

Lymphoma, which was accompanied by a reduced response to first-line 

chemotherapy. In contrast there was little correlation between the relative 

abundance of full-length and N-terminally truncated FOXP1 isoforms and NFκB-

associated genes in Diffuse Large B-cell Lymphoma. Our results provide strong 

evidence that relative FOXP1 isoform abundance is associated with NFκB activity in 

Follicular Lymphoma, and could potentially be used as a marker for this gene 

signature. The association between relative abundance of N-terminally truncated and 

full-length FOXP1 isoforms with chemotherapeutic response warrants confirmation 

in a large prospective study. 

 

7.2.1 Introduction 

FOXP1 is a transcriptional repressor belonging to the FOX family of forkhead 

box/winged-helix domain-containing proteins. It has been described as both a tumor 

suppressor candidate, due to deletion of its locus in multiple solid tumor types 

[Alimov et al., 2000; Banham et al., 2001], as well as a potential oncogene, due to its 
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over-expression in other tumors sometimes associated with genetic translocation 

[Wlordarska et al., 2005]. Investigations into FOXP1 have yielded some interesting 

speculations regarding its role in malignancies. FOXP1 is known to repress 

transcription of some NFAT- and NFκB-responsive genes, such as IL2, which contain 

forkhead (FKH) consensus sequences in their promoter region proximal to NFκB 

binding sites [Wang et al., 2003b]. The murine Foxp1 gene also contains an NFAT 

binding sequence in its promoter region. This presents FOXP1 as a possible negative 

feedback mechanism to regulate NFκB signalling, which would represent a tumor-

suppressor role. However, Brown et al. (2008) have recently described 7 N-terminally 

truncated isoforms of FOXP1 by bioinformatics, and found two of these (isoforms 3 

and 9) to be expressed in DLBCL samples. One COO subtype of DLBCL, activated B-

cell like (ABC) DLBCL (Section 1.9.1.1), is characterized by constitutive NFκB 

activity. Truncated isoforms of FOXP1 were observed to be associated with this 

subtype [Brown et al., 2008], suggesting that they may have an inhibitory effect on 

the repressor activities of full-length isoforms and promote NFκB signalling. This 

proposed alternate role for full-length and truncated FOXP1 isoforms is in line with 

observations that have described FOXP1 as both a tumor suppressor gene and an 

oncogene [Pajer et al., 2006]. It may also provide some explanation for the 

contradictory findings regarding the prognostic capacity of FOXP1 protein levels in 

DLBCL [Brown et al., 2005; Barrans et al., 2004; Hans et al., 2004] and its association 

with the ABC subtype [Brown et al., 2008; Hans et al., 2004]. This is because the JC12 

antibody employed for these investigations cannot differentiate between isoforms, 

and it is likely to be the balance between tumor suppressing and oncogenic forms of 

FOXP1, rather than absolute FOXP1 protein abundance as assessed by IHC staining, 

that is informative with regard to overall FOXP1 function and patient prognosis. 

 

215 



FOXP1 is also expressed in the majority of FL tumors [Brown et al., 2005], but the 

strong IHC staining for this protein has prevented analysis of its role in FL 

pathogenesis. Here we have developed a novel qPCR assay to measure the relative 

abundance of full-length and N-terminally truncated isoforms of FOXP1 at the 

transcript level. We have used this assay to measure the relative abundance of FOXP1 

isoforms in tumor samples from B-CLL, FL and DLBCL patients. In order to 

investigate the relationship between FOXP1 isoforms and NFκB signalling, 

microarrays were employed to interrogate the expression of NFκB-associated genes. 

Using this approach we found that increasing relative abundance of N-terminally 

truncated FOXP1 isoforms was increased in FL and DLBCL tumors compared to 

control hyperplastic lymphoid tissue (HLT). The noted increase in N-terminally 

truncated FOXP1 isoforms was associated with poorer response to chemotherapy in 

FL patients, although this remains to be verified in a larger uniform population. 

Furthermore, we found that the relative abundance of full-length and N-terminally 

truncated isoforms of FOXP1 correlated with the transcript abundance of a large 

number of NFκB-associated genes in FL tumors but not DLBCL tumors. This suggests 

that FOXP1 may function in regulating NFκB activity in FL tumors, but its function 

in DLBCL may be more cryptic. 

 

7.2.2 Methods: 

7.2.2.1 Methods Described Elsewhere  

A description of the 10 B-CLL, 12 FL and 12 DLBCL tumor samples clinical 

characteristics can be seen in Section 3.1.1.2. Note that FL patients were classified as 

either achieving a complete response (CR) or non-complete response (N-CR; partial 

response or stable disease) according to the Cheson criteria [Cheson et al., 2007]. RNA 

extraction procedures and gene expression microarray protocols can be found in 

Sections 3.4.1 and 3.7.2 respectively. Note that normalised probe fluorescence 
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intensity was used as the measure of transcript abundance for NFκB-associated genes. 

Protocols for qPCR can be found in Section 3.8 and primer sequences in Appendix III. 

DLBCL samples were classified by COO subtype according to previous methods 

(Section 6.1.2.2).  

 

7.2.2.2 A Novel qPCR Assay for Relative Quantitation FOXP1 Isoform Transcripts 

Assays were designed to be specific for exons 1 (N-terminal) and 20 (C-terminal) of 

the FOXP1 gene (Figure 7.03) in order to assess the relative abundance of full-length 

and N-terminally truncated isoforms. The N-terminal assay thus only quantitates 

isoforms 1 and 2. Expression of isoform 2 has not been demonstrated in these 

malignancies, so its expression was not expected to have an effect on the results 

obtained, however expression specific to this isoform was interrogated using an assay 

directed towards exon 6a (Figure 7.03). The COOH-terminal assay quantitates all 

isoforms except for isoform 2. Movement of the COOH-terminal assay qPCR 

threshold cycle (CT) is thus influenced by the abundance of both full-length and 

truncated isoforms but not isoform 2, whereas the N-terminal assay CT is influenced 

only by the abundance of the full-length isoform and isoform 2. Changes in the 

abundance of the full-length isoform would therefore alter CT values of both the N-

terminal and C-terminal assays and cause no change to the resulting ΔCT (ΔCT = C-

terminal CT – N-terminal CT). In contrast, changes in the abundance of N-terminally 

truncated isoforms would alter only the C-terminal assay CT, resulting in an increased 

ΔCT value with increasing relative abundance of N-terminally truncated isoforms and 

decreasing ΔCT with decreasing relative abundance of N-terminally truncated 

isoforms. Differences in ΔCT between groups was defined by independent-sample T-

tests.  
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Figure 7.03: Depiction of known FOXP1 isoforms and the location of each qPCR assay showing 
that the N-terminal assay amplified isoforms 1 and 2, the exon 6a assay only amplifies isoform 2 
and the C-terminal assay amplifies all isoforms except for isoform 2. 

 

7.2.2.3 Immunohistochemical Staining for FOXP1 

Scoring of the FOXP1 immunostaining was performed as previously described by 

Banham et al. (2005). Samples were scored as follows: failed, complete lack of nuclear 

staining of internal control small lymphocytes; 0, <10% staining of large tumoral B-

cells; 1, 10% to 30% of the large B cells with nuclear staining; 2, 31% to 50% nuclear 

staining of large B cells; and 3, >50% nuclear staining of large neoplastic B cells. Two 

cases showed an unusual cytoplasmic staining pattern and were not included in this 

analysis. For the purposes of this study, scores of 0 and 1 (<30% of the cells positive) 

were considered negative and scores of 2 and 3 (>30% of the cells staining) were 

considered positive for FOXP1 expression. Duplicate cores that did not have identical 

scores for FOXP1 staining were averaged. 
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7.2.2.4 NFκB-Associated Genes 

A literature review was conducted in order to define NFκB-associated genes [Bauerle 

and Baichwal, 1997; Darnay et al., 1998; Ghosh et al., 1998; Israel, 2000; Pomeerantz 

and Baltimore, 1999; Shibuya et al., 1996; Verma et al., 1995]. As a result, 111 genes 

have previously been associated with NFκB signalling and included in our analyses 

(Appendix VIII). Increased relative abundance of N-terminally truncated FOXP1 

isoforms was hypothesized to be associated with increased NFκB signalling, so a one-

tailed Pearson’s test was employed to determine significance of correlations using 

SPSS software. Because NFκB activity is associated with a DLBCL subtype with poorer 

outcome, increases in FOXP1 ΔCT and altered expression of NFκB-associated genes 

were hypothesised to be associated with the non-CR group of patients. Significance of 

association was tested with one-tailed independent samples T-tests using SPSS 

software. REL amplification was noted in 25.0% (3/12) of DLBCL samples, 8.3% (1/12) 

of FL samples and no B-CLL samples. All REL amplifications were noted in samples 

with a non-GCB COO subtype. Samples with REL amplifications were removed from 

all analyses except for comparisons between GCB and non-GCB DLBCL subtypes (see 

Section 7.3). 

 

7.2.3 Results 

7.2.3.1 Efficacy of the FOXP1 Isoform qPCR Assay 

Our novel qPCR assay was able to detect transcripts for both N-terminally truncated 

and full-length FOXP1 isoforms in all FL and B-CLL samples in this investigation 

(Figure 7.04). COOH-terminal amplification was detected in all DLBCL samples, but 

N-terminal amplification was not detectable in 25% of these samples. FOXP1ΔCT 

values ranged between 11.51, representing a high relative abundance of N-terminally 

truncated FOXP1 isoform transcripts, and 6.13, representing a low relative abundance 

of N-terminally truncated FOXP1 isoform transcripts. Importantly, there was no 
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association between RNA integrity and FOXP1ΔCT (p=0.94), indicating this value is 

not simply a by-product RNA degradation.  
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Figure 7.04: Amplification plots of C-terminal and N-terminal assays for 6 samples showing  a range of 
FOXP1ΔCT values and how they are calculated.  
 

7.2.3.2 Expression of FOXP1 Isoform 2 

Figure 7.05 displays the relative abundance of FOXP1 isoform 2 in control HLT, B-

CLL, FL and DLBCL samples. FOXP1 isoform 2 was detected in all control HLT 

samples, in which ΔCT values for exon 6a assay calculated with reference to the stably 

expressed reference gene (RPL13A) ranged between 16.15 and 20.46 (Mean = 17.85, 

SD = 1.31). Similarly, B-CLL samples all had detectable levels of isoforms, with ΔCT 

values ranging from 13.12 to 19.06 (Mean = 15.16, SD = 2.73). On the contrary, 50.0% 

of FL samples and 41.6% of DLBCL samples had undetectable levels of isoforms 2. The 

remaining samples had ΔCT values ranging from 19.33 to 27.83 for FL samples (Mean 

= 23.19, SD = 3.82) and between 25.80 and 32.33 for DLBCL samples (Mean = 28.74, 

SD = 2.47). The changes in abundance of FOXP1 isoform 2 corresponded to an 

average abundance in B-CLL samples 645% of that found in control HLT tissue,  and 
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average abundances of 5% and <0.1% for FL and DLBCL respectively compared to 

that found in control HLT tissue. There was also a noted was noted increase in the 

variability of isoform 2 expression within NHL tumor samples compared to control 

HLT tissue. Expression of isoform 2, as represented by the ΔCT value relative to the 

reference gene, correlated with the expression of only 4% (4/111) of NFκB-associated 

genes. Genes with nominally significant correlations were IL8 (p<0.001), IL1A 

(p=0.026), IKBKE (p=0.029), TRIF (p=0.044). IL8 showed a negative correlation, 

corresponding to increased expression with increased abundance of FOXP1 isoform 2, 

while the remaining 3 genes showed positive correlations. 
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Figure 7.05: Abundance of Isoform 2 in control HLT tissue and different disease sub-categories 
of NHL. The reciprocal of the ΔCT values is displayed (+/- SEM) because trend directions are 
associated with expression changes. That is, decreasing 1/ΔCT represents decreasing 
expression. 

 
7.2.3.3 Absolute Abundance of FOXP1 is altered in NHL Samples but is not associated 

with NFκB Signaling 

The absolute abundance of FOXP1 isoform transcripts, as measured by the ΔCT values 

generated by the COOH-terminal assay compared to the stably expressed reference 

gene, was lower in DLBCL samples (Mean=4.75, SD=1.81) and FL samples 

(Mean=3.84, SD=2.54) compared to control HLT (Mean=3.97, SD=0.34), but higher in 

B-CLL samples (Mean=1.17, SD=0.73) compared to control HLT. The absolute 

abundance of FOXP1 isoform transcripts, excluding isoform 2, in FL samples 
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represented 108% of the abundance found in control HLT samples (p=0.436), 188% of 

the abundance found in DLBCL samples (p=0.415) and 16% of the abundance found 

in B-CLL samples. The absolute abundance of FOXP1 isoform transcripts in DLBCL 

samples represented 58% of the abundance found in control HLT samples (p=0.154) 

and 8% of the abundance found in B-CLL samples (p=0.004). The absolute abundance 

of FOXP1 isoform transcripts in B-CLL samples represented 696% of the abundance 

found in control HLT tissue (p<0.001).  

 

The absolute abundance of FOXP1 isoforms correlated with the expression of only 

1.8% (2/111) of NFκB-associated genes in DLBCL (NFKB2, p=0.037; MAP3K7IP2, 

p=0.047). No significant correlations were found between the absolute abundance of 

FOXP1 isoforms and the expression of NFκB-associated genes in FL samples. 

Correlations were not undertaken for B-CLL samples due to lack of sample size.  

 

7.2.3.4 Absolute Abundance of FOXP1 Transcripts Correlates with Abundance of 

FOXP1 Protein 

All of the samples used for IHC investigation of FOXP1 showed detectable levels of 

FOXP1 protein. Of the 5 FL samples, 3 were scored as 0 (for example, see Figure 7.06), 

1 was scored as 2 and one was scored as 3. Of the 5 DLBCL samples, 1 sample was 

scored as 0, 1 sample was scored as 1, 2 samples were scored as 2, and 1 sample was 

scored as 3 (for example, see Figure 7.06). There was a significant correlation between 

absolute FOXP1 transcript abundance and score of FOXP1 IHC staining (p=0.037, 

Figure 7.07). The inverse relationship between N-terminal ΔCT values and transcript 

abundance means that this trend represented a positive relationship between 

transcript and protein abundance. 
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Figure 7.06: Hematoxylin and Eosin staining of one FL and one DLBCL sample with corresponding 
FOXP1 IHC, showing peri-nuclear staining for FOXP1. IHC staining of FOXP1 for the FL sample 
(below) corresponds to a score of 0, while staining for the DLBCL (above) corresponds to a score of 3. 
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Figure 7.07:  Mean N-terminal ΔCT values (+/- SEM) for samples within each score 
category for FOXP1 IHC showing a negative relationship. It should be noted that N-
terminal ΔCT values have an inverse relationship with absolute transcript abundance and 
there is thus a positive relationship between transcript and protein abundance. 
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7.2.3.5 Relative Isoform Abundance of FOXP1 is Altered in DLBCL and FL 

The relative abundance of full-length and N-terminally truncated FOXP1 isoforms 

was measured by the FOXP1ΔCT value comparing COOH-terminal and N-terminal 

qPCR measurements. Average FOXP1ΔCT values within NHL disease sub-categories 

showed a positive trend with aggressiveness of the subtypes. That is, a greater relative 

abundance of N-terminally truncated FOXP1 isoforms were detected in disease sub-

categories with more aggressive clinical behaviour (Figure 7.08). Control HLT tissue 

samples had a mean FOXP1ΔCT value of 13.88 with little variance between samples 

(SD=1.57). B-CLL samples had a slight but statistically insignificant increase relative 

abundance of N-terminally truncated FOXP1 isoforms compared to control HLT 

samples (Mean FOXP1ΔCT=13.99, p=0.911), and a slightly increased variance between 

samples (SD=2.02). FL samples had a further increase in relative abundance of N-

terminally truncated FOXP1 isoforms compared to control HLT samples that was 

statistically significant (Mean FOXP1ΔCT=18.38, p=0.025). There was also a large 

variance in FOXP1ΔCT value between FL samples (SD=6.11). DLBCL samples had yet 

a further increase in the relative abundance of N-terminally truncated FOXP1 

isoforms compared to control HLT samples that was statistically significant (Mean 

FOXP1ΔCT=21.00, p=0.001), and also had a large variance in FOXP1ΔCT value 

between samples (SD=6.04).  
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Figure 7.08: Mean FOXP1ΔCT values (+/- SEM) for control HLT samples and each disease sub-
category of NHL. 

 

7.2.3.6 Relative Isoform Abundance of FOXP1 is not Associated with DLBCL COO 

Subtype 

The 12 DLBCL samples were previously classified into 6 GCB and 6 non-GCB 

subtypes of DLBCL (Section 6.1.3.2). The absolute abundance of FOXP1 isoforms, was 

2.45-fold higher in non-GCB samples compared to GCB samples. However, this 

difference was not statistically significant due to the large variance in expression 

noted within the GCB subtype (p=0.630). The relative abundance of N-terminally 

truncated FOXP1 isoforms was higher in GCB samples (Mean FOXP1ΔCT=10.04, 

SD=2.57) than in non-GCB samples (Mean FOXP1ΔCT=9.80, SD=1.32), but again this 

difference was not statistically significant (p=0.425). 

 

7.2.3.7 FOXP1 Isoforms are Associated with NFκB Signalling in FL but not DLBCL 

B-CLL samples were excluded from microarray analysis because of high expression of 

isoform 2. A full list of Pearson correlation coefficients and p-values for correlations 

between FOXP1ΔCT values and the expression of NFκB-associated gene in FL and 

DLBCL samples can be viewed in Appendix VIII. 
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From microarray analysis of FL samples, 68% (76/111) of genes associated with NFκB 

signalling showed nominally significant positive correlations (R range 0.517 to 0.845, 

p<0.05) with FOXP1ΔCT value in FL samples (Figure 7.09). Of these, 68% (52/76) 

were significant at p<0.01. The nominally significant positive correlation of these 

genes indicates increased transcript abundance with increasing relative abundance of 

N-terminally truncated FOXP1 isoforms compared to full-length isoforms (Appendix 

VIII). In addition, IFNA1 showed a nominally significant negative correlation (R=-

0.763, p=0.002). Among the genes with significant correlations with FOXP1ΔCT were 

important markers of NFκB activity; NFKB1, NFKB2, NFKBIA, RELA (Figure 7.10). 

 

In contrast to the high number of positive correlations seen between FOXP1ΔCT and 

the expression of NFκB-associated genes in FL, only 7.2% (8/111) of NFκB-associated 

genes showed nominally significant correlations with FOXP1ΔCT values in DLBCL 

samples. Furthermore, all of these correlations displayed negative trends (Appendix 

VIII). Despite the number of significant correlations in DLBCL only being slightly 

higher than that expected by chance, the significantly correlated genes were central 

components of NFκB signalling, including NFKB1, NFKB2, NFKBIA and RELA 

(Figure 7.10).  
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Figure 7.09: Heat map of the expression of NFκB-associated genes in FL samples organised by 
FOXP1ΔCT value showing a positive trend of expression with increasing FOXP1ΔCT. 
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Figure 7.10: Correlations between FOXP1ΔCT values and central components of NFκB 
signalling in FL and DLBCL samples. 
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7.2.3.8 Association of Relative FOXP1 Isoform Abundance with Chemotherapeutic 

Response in FL Patients 

Two FL patients were excluded from this analysis of response to first-line 

chemotherapy because clinical data was not available for one patient and the other 

was treated with a ‘watch-and-wait’ approach. Expression of only 2.7% (3/111) of 

NFκB-associated genes (CASP1, p=0.04; RHOC, p=0.02; IRAK1, p=0.01) were 

significantly different in samples from FL patients with CR compared to samples from 

those with N-CR. However, as shown in Figure 7.11, FOXP1ΔCT values were found to 

be significantly (p=0.01) lower in FL patients with a complete response to 

chemotherapy (mean FOXP1ΔCT=10.47, n=5) compared to those that did not have a 

complete response (mean FOXP1ΔCT = 7.64, n = 5).  

 
Figure 7.11:  Mean FOXP1ΔCT values (+/-SEM) of patients with complete 
response or non-complete response (partial response or stable disease) to 
chemotherapy showing increased abundance of N-terminally truncated 
isoforms in patients with failure to achieve complete response. 

 

7.2.4 Discussion 

The N-terminal region of FOXP1 has been proposed to act as a complex docking site 

for transcriptional co-repressors, such as Carboxyl-terminal binding protein-1 

(CTBP1) [Li et al., 2004]. N-terminally truncated isoforms of FOXP1 not only lack 

their N-terminal coiled-coil domain, which may mediate such interactions, but also 

lack most of or their entire second poly-glutamine domain. The length of these 
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domains has been shown to correlate with transcriptional repressor activity of the 

Androgen receptor, and the poly-glutamine domain of murine FOXP1 has been 

shown to strongly regulate transcriptional repressor function [Wang et al., 2003b]. 

Truncated FOXP1 isoforms have also been shown to be predominantly localized to 

the cytoplasm, despite the maintenance of their nuclear localization signal [Banham 

et al., 2001]. Expression of truncated isoforms may therefore result in loss of FOXP1 

repressor function by one or both of two alternate mechanisms. The loss of function 

associated with N-terminal coiled-coil and poly-glutamine domains, but the 

maintenance of DNA-binding activity associated with COOH-terminal winged-helix 

and FKD domains, suggests that truncated FOXP1 isoforms may inhibit the repressor 

function of full-length isoforms by competitive binding of target sequences. 

Alternatively, truncated isoforms may interact with full length isoforms as well as 

other FOXP subfamily proteins, and sequester them to the cytoplasm via an unknown 

mechanism. In either scenario it is the relative abundance of full-length and 

truncated isoforms, rather than the absolute FOXP1 abundance (that is assessed by 

IHC staining with the JC12 antibody), that would yield the ultimate effect on 

transcriptional repression. 

 

We have shown that the relative abundance of full-length and N-terminally 

truncated isoforms of FOXP1 is altered in NHL. Both FL and DLBCL showed 

decreased absolute abundance of all FOXP1 isoforms, but also showed significant 

increases in the relative abundance of N-terminally truncated FOXP1 isoforms 

compared to control HLT samples. In contrast, B-CLL samples showed increased 

absolute abundance of all FOXP1 isoforms compared to control HLT samples, but did 

not show any significant difference in the relative abundance of N-terminally 

truncated FOXP1 isoforms. The FOXP1ΔCT values, which are indicative of the 

relative isoforms abundance of FOXP1, had a mean of 13.88 in control HLT samples 
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and showed little variance between individual samples. The positive FOXP1ΔCT value 

indicates that N-terminally truncated isoforms of FOXP1 are present in normal 

lymphoid tissue, but the low variance between samples suggests that their expression 

is tightly regulated. In B-CLL samples, FOXP1ΔCT is slightly raised, as is the 

variability between individual samples, suggesting a slight movement towards 

deregulation of relative isoform abundance. In FL and DLBCL, FOXP1ΔCT values are 

significantly raised compared to control HLT samples and are highly variable, 

indicating that deregulation of FOXP1 isoform expression has resulted in an increased 

relative abundance of N-terminally truncated isoforms. Increases in mean FOXP1ΔCT 

values for each disease subtype of NHL correspond with increased clinical 

aggressiveness in FL compared to B-CLL tumors and DLBCL compared to FL tumors. 

Increasing relative abundance of N-terminally truncated FOXP1 isoforms may 

therefore play a central role in disease aggressiveness, and should therefore be 

investigated with reference to patient outcome in future studies.  

 

Increasing abundance of N-terminally truncated isoforms of FOXP1 may also inhibit 

the repressor function of FOXP1 on NFκB target genes. Before investigating the 

relationship between NFκB signalling and FOXP1ΔCT value, it was important to 

evaluate our novel qPCR assay. Comparisons between FOXP1ΔCT value and the RNA-

integrity number generated by RNA-analysis using the Agilent BioAnalyser found 

that there was no correlation between these two measurements. This indicates that 

the FOXP1ΔCT value is not simply a measure of RNA degradation. Because the N-

terminal assay is also specific for isoform 2 of FOXP1, it was important to discount 

this as a contributor to the movement in FOXP1ΔCT value in NHL tumor samples. We 

found that isoform 2 of FOXP1 was highly expressed in B-CLL tumor samples 

compared to control HLT. This may be an interesting finding due to the unknown 

function of isoform 2. However, it inhibits the comparison of FOXP1ΔCT values with 
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the expression of NFκB-associated genes in B-CLL because isoform 2 expression 

would have a large contribution to measurement by the N-terminal assay and 

therefore skew the FOXP1ΔCT values. Further investigation of the role of isoform 2 

within B-CLL tumors is warranted in order to delineate any possible role in disease 

pathogenesis. In contrast to B-CLL, FL and DLBCL showed significant decreases in 

the abundance of FOXP1 isoform 2 compared to control HLT tissue, with a high 

proportion of sample having levels below the detection limit of qPCR. It is therefore 

unlikely that isoform 2 of FOXP1 has a significant effect on measurements generated 

by the N-terminal FOXP1 assay, and is thus likely to have a negligible effect on 

FOXP1ΔCT values in samples from these two disease sub-categories.  

 

It was also important to investigate the correlation between measures of FOXP1 

transcript and protein abundance. All of the samples investigated by IHC showed 

detectable levels of FOXP1 protein, which corresponds with the ability to detect 

transcripts in 100% of samples using the COOH-terminal assay. There was also a 

significant correlation between absolute FOXP1 transcript abundance and IHC 

staining for FOXP1 protein. This indicates that trends observed at the transcript level 

by our novel qPCR assays are translated into changes at the protein level. Any shift in 

relative FOXP1 isoform abundance observed here is therefore likely to have a 

functional effect at the cellular level.  

 

A final consideration undertaken prior to analysis of the expression of NFκB-

associated genes, was the interrogation of DNA copy number of the REL oncogene. 

Amplification of this gene has been previously reported in both DLBCL and FL 

tumors [Houldsworth et al., 1996]. The REL genes create heterodimer complexes with 

NFκB, resulting in transcription of NFκB-target genes. Amplification of the REL locus 

is therefore associated with increased NFκB signalling and would be likely interfere 
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with the observation of associations between NFκB activity and the abundance of N-

terminally truncated FOXP1 isoforms. The four samples with REL amplifications (1 

FL sample and 3 DLBCL samples) were therefore removed from downstream analyses 

of associations between relative FOXP1 isoform abundance and the expression NFκB-

associated genes. 

 

The N-terminally truncated isoforms 3 and 9 of FOXP1 have previously been 

associated with the ABC subtype of DLBCL; a group of tumors characterised by 

constitutive NFκB activity [Brown et al., 2008]. Because of the nature of our novel 

qPCR assay, in which the abundance of all N-terminally truncated isoforms is 

measured relative to the abundance of the full-length isoform, we were unable to 

determine whether increased expression of these specific isoforms generated the shift 

in FOXP1ΔCT value observed in the DLBCL samples. Comparison of the absolute 

abundance of FOXP1 isoforms between GCB and non-GCB (ABC and Type II) 

subtypes of DLBCL found that non-GCB samples expressed nearly 2.5-fold higher 

levels of FOXP1 isoform transcripts than GCB samples. This is in accordance with 

previous investigations that have employed high FOXP1 expression as one of many 

markers for characterising the ABC subtype [Shipp et al., 2004]. If this increased 

abundance was contributed to by large amounts N-terminally truncated FOXP1 

isoforms, it may provide a possible mechanism for increased NFκB activity within the 

ABC subtype of DLBCL. However, there was no significant difference in that relative 

abundance of N-terminally truncated FOXP1 isoforms between DLBCL COO 

subtypes. This suggests that an alternate mechanism, such as the REL amplification 

that was observed in 50% of non-GCB samples, may be responsible for the increased 

NFκB activity associated with the ABC subtype. The lack of functional association 

between FOXP1 isoforms and NFκB activity within DLBCL tumors is further 

supported by the small number of correlations observed between FOXP1ΔCT values 
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and the expression of NFκB-associated genes. However, some of the NFκB-associated 

genes with significant correlations with FOXP1ΔCT values in DLBCL samples were 

central components of NFκB activity. These included NFKB1, NFKB2, RELA and 

NFKBIA. The products of REL genes, such as RELA, dimerise with the products of 

NFKB genes, such as NFKB1 and NFKB2, to create transcriptionally active 

heterodimers that translocate to the nucleus and transactivate NFκB-target genes. The 

products of genes such as NFKBIA can prevent nuclear translocation of these 

complexes and thereby inhibit their transcriptional activity. It is therefore interesting 

to note that increasing relative abundance of N-terminally truncated FOXP1 isoforms 

corresponded with decreasing expression of these central regulators of NFκB activity 

– an inverse relationship to that which we expected. 

 

In contrast to DLBCL samples, FOXP1ΔCT values showed significant positive 

correlations with the expression of a large number of NFκB-associated genes in FL 

samples. The only exception to this observation was the significant negative 

correlation seen with IFNA1. The complex patterns of FOXP1 transcriptional 

regulation between NHL disease sub-categories, as well as within tumor types, are 

indicative of complexities within the trans-regulatory activities of FOXP1. This may 

be the result of factors such as the formation of heterodimers with other FOXP family 

members in different tumor types, or the specificity of different 

homodimers/heterodimers for slightly dissimilar FKD consensus sequences.  

 

Despite the complexities of FOXP1 transcriptional regulation, we have provided 

evidence that the relative abundance of full-length and N-terminally truncated 

isoforms of FOXP1 is significantly associated with NFκB activity in FL samples. An 

increasing abundance of N-terminally truncated isoforms positively correlated with 

the abundance of a large number of NFκB-associated genes, including the central 
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component of NFκB activity such as NFKB1, NFKB2, NFKBIA and RELA. This 

suggests that, in FL, full-length FOXP1 may function as transcriptional repressors of 

NFκB signalling, as previously hypothesised. Furthermore, N-terminally truncated 

isoforms of FOXP1 may play an oncogenic role by inhibiting this repression and 

allowing increased NFκB signalling. In order to delineate which N-terminally 

truncated isoforms are responsible for this effect, techniques such as western blotting 

or more specific qPCR assays should be used in order to interrogate the abundance of 

specific FOXP1 isoforms.  

 

The constitutive activation of NFκB associated with the ABC subtype of DLBCL 

predicts a poor outcome. It is therefore likely that increased relative abundance of N-

terminally truncated FOXP1 isoforms in FL, and the accompanied increase in NFκB 

signalling would also be associated with a poor outcome. We have provided some 

evidence of this; samples from patients who did not achieve CR to first-line 

chemotherapy had significantly higher FOXP1ΔCT values in comparison to samples 

from patients who did achieve CR. No association was seen between therapeutic 

response and expression of the majority of NFκB-associated genes in this 

investigation. This suggests the global NFκB signature, rather than individual genes, is 

informative with regard to disease behaviour, and FOXP1ΔCT could potentially be 

employed as a marker for this signature. This is an important observation in a disease 

that is currently incurable and characterised by frequent relapses [Gandhi and 

Marcus, 2005]. The interrogation of FOXP1ΔCT in these patients could be used as a 

prognostic indicator, highlighting patients that may require high-dose chemotherapy 

regimes. Alternatively, FOXP1ΔCT value could be used as a pharmacogenomic marker 

in FL patients to identify those who may benefit from therapies that specifically target 

NFκB signalling. However, these conclusions are based upon a small cohort of 
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patients and require validation in a prospective investigation utilising a large uniform 

cohort. 

 

In conclusion, we have noted significant deregulation in the expression of FOXP1 

isoforms within B-CLL, FL and DLBCL. Within B-CLL samples, the C-terminally 

truncated isoform 2 of FOXP1 was highly expressed, and may potentially have an 

oncogenic function that is yet to be identified. In contrast, DLBCL and FL samples 

were characterised by high expression of N-terminally truncated FOXP1 isoforms. 

These appeared to have a minor negative effect on NFκB signalling in DLBCL 

samples, but had a significant positive effect on the expression of NFκB-associated 

genes within FL samples. The high expression of truncated FOXP1 isoforms was also 

associated with failure to achieve CR within FL patients, suggesting that our novel 

qPCR assay could be employed for a prognostic test or for pharmacogenomic targeting 

of NFκB-inhibitors within these patients. 
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7.3 TP73: at the intersection of oncogenic pathways in non-Hodgkin’s lymphoma 
 
The TP73 gene is part of the p53 family, and has been hypothesized to play a role in 

hematological malignancies due to its frequent deletion and hypermethylation. Using 

SNP microarray analysis, we found the TP73 gene to be hemizygously deleted in 33% 

of DLBCL and 42% of FL cases within our cohort. This gene deletion was associated 

with dysregulated expression of genes associated with RAS signaling. NHL cases also 

exhibited significantly increased methylation of the TP73 5’-untranslated region 

(UTR). Both deletion and hypermethylation have been linked to expression in many 

instances, but survival analysis of a freely available data set found no association 

between survival and TP73 gene expression as measured by cDNA microarray. We 

therefore investigated the relative abundance of full-length and NH2-terminally 

truncated variants of TP73, which possess tumor-suppressor and oncogenic activities 

respectively. Oncogenic isoforms of TP73 were up-regulated in aggressive disease, and 

associated with decreasing p53 activity, increasing RAS activity, and decreased 

chemotherapeutic response in NHL cell-lines. Because these oncogenic isoforms 

should be degraded in response to DNA damage, we used a novel assay to investigate 

COOH-terminal isoforms of TP73 that are targeted for SUMOylation and inactivation 

by PIAS1. In NHL tumor samples, full length COOH-terminal isoforms were 

undetectable; indicating that decreased expression of PIAS1-target regions may be 

providing a mechanism for escape from SUMOylation in NHL. Due to this escape 

from regulation, we used gene expression profiling to evaluate potential 

pharmacological targets that have a role in regulating TP73 expression. Both E2F1 and 

MYC activity were positively associated with TP73 expression, indicating that 

upstream targeting of the expression of these genes by histone deacetylase inhibitors 

may be a viable therapeutic option for NHL. 
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7.3.1 Introduction 

The TP73 gene is part of the p53 family of genes that function in transduction of 

chemotherapy-induced DNA damage to the initiation of apoptosis in cancer cells. 

TP73 shares sequence homology with p53 within the DNA-binding domain, 

oligomerisation domain and transactivation domain [Buhlmann and Putzer, 2008; 

Pluta et al., 2006; Stiewe and Putzer, 2002]. Full-length p73 (TAp73) is thus able to 

bind and transactivate p53-responsive genes in a similar manner to p53, and was 

therefore originally described as a tumor-suppressor gene. This was further supported 

by observations of decreased expression of TP73, as well as frequent deletion 

[Cigudosa et al., 1999; Dave et al., 1999; Rajgopal et al., 2004; Stoffel et al., 2004] or 

hypermethylation [Corn et al., 1999; Martinez-Delgado et al., 2002; Rossi et al., 2004] 

of the TP73 locus in leukemias and lymphomas. However, deletion and 

hypermethylation of the TP73 gene occur mutually exclusively, and mutation of the 

coding sequence is rare. Furthermore, knock-out of the TP73 gene in mice did not 

pre-dispose to tumor formation as it did with p53 knock-out [Cuadros et al., 2006]. 

This indicates that TP73 does not act as a typical Knudson-type tumor suppressor 

gene.  

 

In cancers of the breast, ovary, lung, cervix, colon and rectum, TP73 is over-expressed 

[Coates, 2006], highlighting a potential oncogenic role. This dichotomous tumor 

suppressing/promoting role is due to transcriptional complexity of TP73; several 

NH2-terminally truncated variants of p73 can be produced by alternate mRNA 

splicing of full-length transcripts initiated by the primary promoter (P1), or by the 

production of truncated transcripts from a secondary promoter (P2) in the third 

intron of the gene [Buhlmann and Putzer, 2008; Pluta et al., 2006; Stiewe and Putzer, 

2002]. NH2-terminal truncated variants (Figure 7.13), collectively referred to as 

ΔTAp73, do not possess an active transactivation domain. This means that ΔTAp73 is 
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able to bind p53-responsive promoter elements without transactivating them, thus 

acting as a competitive inhibitor of both p53 and TAp73 (Figure 7.12). Furthermore, 

ΔTAp73 is able to form transactivation-deficient heterodimers with both p53 and 

TAp73. This dominant-negative inhibitory effect of ΔTAp73 on p53 and TAp73 

translates to an oncogenic role via inhibition of the tumor-suppressor roles of p53 and 

TAp73. Further supporting this, Stiewe and Putzer (2002) determined that increased 

expression of TP73 in cancer cell-lines and tumor tissue corresponded with increase 

expression of oncogenic ΔTAp73 variants. 

 

Promoter Gene Promoter Gene

TAp73 or p53 ΔTAp73

A. B.

Promoter Gene Promoter Gene

TAp73 or p53TAp73 or p53 ΔTAp73ΔTAp73

A. B.

 
Figure 7.12: Inhibition of wild-type p53 or TAp73 function by the formation of transactivation-
deficient heterodimers with ΔTAp73. 
 

In a normal physiological setting ΔTAp73 isoforms have roles in neurological 

development [Irwin and Miller, 2004], but also appear to act as a negative feedback 

mechanism for p53 and TAp73 activity [Grob et al., 2001]. Production of the ΔTAp73 

isoform, ΔNp73, can be increased by binding and transactivation of P2 by p53 or 

TAp73, producing a negative feedback loop that is similar to that seen with MDM2. 

In normal cells ΔNp73 is rapidly degraded in response to DNA damage. However, 

perturbations in the regulation of ΔNp73 and other ΔTAp73 isoforms have been 

shown to alter the relative abundance of full-length and truncated isoforms of TP73 

in many cancers, and correlates with therapy failure and prognosis [Buhlmann and 

Putzer, 2008].  
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In this study, TP73 was highlighted as a candidate gene during whole-genome 

analysis of copy number variation in NHL samples. Since p53 inhibition is a common 

theme in cancer, but p53 mutation is rare in NHL [Pluta et al., 2006; Shanafelt et al., 

2004; Wattel et al., 1994], we hypothesized that an oncogenic switch in the 

ΔTAp73:TAp73 isoform ratio may provide a mechanism for p53 inhibition in this 

disease. The function of p53 has been linked to patient chemotherapeutic response 

[Dohner et al., 1995; Morabito et al., 1997] and transformation of FL and B-CLL to 

DLBCL-like disease [O’Brien et al., 1995; Sander et al., 1993; Wattel et al., 1994]; it is 

therefore important to further define the role of TP73 isoforms in NHL and their 

effect on p53 activity. Furthermore, in order to therapeutically target TP73, it is 

important to define the factors involved in regulating the expression of TP73 

isoforms. 

 

TP73 expression is controlled at multiple levels; P1 is transactivated by the cellular 

oncogenes E2F1, c-MYC, and EGR1, producing full-length transcripts that can encode 

TAp73 or be alternately spliced into transcripts encoding ΔTAp73 isoforms. E2F1 is 

associated with the well-defined retinoblastoma protein (RB1) pathway for 

oncogenesis. This pathway has a prominent role in NHL, as the RB1 gene locus 

(13q14) is frequently deleted in NHL patients [Liu et al., 1995], and E2F1 is over-

expressed in DLBCL [Moller et al., 2002]. P2 can also be transactivated by E2F1, and 

additionally by TAp73 and p53, producing a transcript for the ΔTAp73 isoform, 

ΔNp73. Additional regulation is imposed via a repressor element that is present 

within intron 1. This is bound by the transcriptional repressor ZEB1, resulting in 

repression of expression from both promoters. A 73bp deletion is also found within 

this repressor element in 21% of the Caucasian population that inhibits binding of 

ZEB1, thus relieving ZEB1-mediated transcriptional repression [Coates, 2006]. The 

prevalence of this intronic deletion is significantly higher in patients with breast and 
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colorectal cancer, and correlates with increasing stage in the latter, so has been 

proposed to have a role in tumorigenesis [Coates, 2006]. 

 

In normal tissue, another mechanism for controlling TP73 activity is via 

SUMOylation of the COOH-terminal region by PIAS1 [Munarris et al., 2004], leading 

to its functional inactivation. However, further transcriptional complexity exists over 

this region. Alternate splicing of exons 10-14 can result in the production of TAp73 or 

ΔTAp73 isoforms with truncation of COOH-terminal regions (Figure 7.13) that may 

alter the ability of PIAS1 to conjugate SUMO motifs and inactivate the protein. 

Although many COOH-terminal variants have been characterized, the representation 

of these isoforms within tumor specimens has not yet been investigated. Because of 

the effect that these isoforms may have in regulating TP73 activity within the tumor 

environment, it is important to assess their representation within NHL specimens.  

 

Here we have investigated aberrations of TP73 at the genetic and epigenetic level, 

and determined the relative isoform abundance in NHL tumor samples. Gene 

expression profiling was then employed in order to delineate the effects of relative 

TP73 isoform abundance on p53 activity as well as to define the modulating factors of 

TP73 expression in NHL tumors. The expression of ZEB1 and the prevalence of the 

intronic deletion were also investigated in order to define their role in controlling 

TP73 expression. 
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7.3.2 Methods 

7.3.2.1 Methods Described Elsewhere 

Patient 10 B-CLL, 12 FL and 12 DLBCL samples utilized in this study (Section 3.1.1), 

as well as methods for DNA extraction (Section 3.3.1), RNA extraction (Section 3.4.1), 

SNP microarray-based DNA copy number analysis (Section 3.6.3), gene expression 

microarray analysis (Section 3.7.2), in vitro analysis of chemotherapeutic response in 

NHL cell-lines (Section 3.9), and qPCR-related protocols (Section 3.8) are as 

previously described.  

 

7.3.2.2 Copy Number Analysis of TP73 

Copy number analysis was performed as described in Section 3.6.3. Briefly, DNA was 

extracted from 12 DLBCL, 12 FL and 8 B-CLL tumor samples. 250ng of gDNA was 

interrogated using Affymetrix 250K Sty SNP microarrays and the data analysed using 

the copy number analysis tool of the Affymetrix Genotype Analysis Software 

(Affymetrix). Boundaries of the deletions were determined using the Affymetrix 250K 

Sty array annotation data, with the start and end of the copy number change 

determined to be the first and last SNP with a decreased copy number within the 

region mapping over the TP73 gene. 

 

7.3.2.3 Gene Expression Analysis of TP73 Gene Deletion 

Whole genome gene expression data was available for 27 of the tumor samples with 

associated TP73 copy number information. These included 20 cases with diploid TP73 

copy number and 7 cases with hemizygous deletion of TP73. Differential gene 

expression analysis was performed using ArrayStar software (Nimblegen). Genes with 

a 2-fold or 4-fold difference in gene expression between cases with TP73 hemizygous 

deletion compared to those without hemizygous deletion were analysed by GSEA 
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using the WebGestalt platform [Zhang et al., 2005]. This analysis was visualized using 

pathway component cross-linking, as described in Section 5.1.2.3. 

 

7.3.2.4 Epigenetic Analysis of the 5’UTR of TP73 

2μg of gDNA from tumor samples of 9 DLBCL, 8 FL, and 2 B-CLL patients, as well as 

8 control HLT samples was bisulfite converted using EZ DNA Bisulfite Treatment Kits 

(Zymo Research). Primers were designed to specifically amplify a 400bp region 

spanning from –435 to –35 of the TP73 gene, relative to the translation initiation 

codon (TH73met-F and TP73met-R; Appendix III). Amplicons for each sample were 

digested in two separate reactions by cytosine- and thymine-specific enzymes using 

MassCLEAVE kits (Sequenom). The molecular weight of cleaved fragments were then 

investigated using a matrix assisted laser desorbtion ionization time-of-flight mass 

spectrometer.  

 

7.3.2.5 Effect of TP73 Expression on Survival in DLBCL Patients 

Publicly available Affymetrix HU6800 gene expression microarray data was obtained 

for 26 DLBCL patients from Shipp et al. (2002). Survival data and normalised probe 

fluorescence intensities for TP73, CDKN1A and MDM2 were obtained from this data 

set. Correlation between TP73, CDKN1A and MDM2 were performed using Pearson’s 

test. For Kaplain-Meyer survival analysis, patients with the highest 10 TP73 

fluorescence intensities were classified as ‘high expressers’, those with the lowest 20 

TP73 fluorescence intensities were classified as ‘low expressers’, and patients with the 

middle three fluorescences intensities were not included in the analysis. Kaplain-

Meyer survival analysis was performed using STATISTICA software. 
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7.3.2.6 qPCR Analysis of Relative TP73 Isoform Abundance 

qPCR analyses were performed on 12 control HLT, 12 DLBCL, 12 FL, and 4 B-CLL 

samples. Primers were designed for qPCR in order to interrogate both the total 

abundance of all TP73 isoform transcripts, and the abundance of only full-length 

TAp73 transcripts. This was achieved by designing primers to be specific for exon 10 

(TP73ex10-F and TP73ex10-R) and spanning intron 2 (TP73ex2-F and TP73ex3-R) 

respectively (Figure 7.13). The most stable reference gene in these samples was 

determined to be RPL13A (Section 3.8.5.1). All primer sequences can be found in 

Appendix III. Utilisation of these assays therefore provided three measurements of 

TP73 isoform abundance; (i) total abundance of all TP73 isoform transcripts, as 

measured by the C-terminal assay relative to RPL13A, (ii) abundance of TAp73 

transcripts, as measured by the NH2-terminal assay relative to RPL13A, and (iii) 

relative abundance of TAp73 and ΔTAp73 isoform transcripts, as measured by the 

NH2-terminal assay relative to the COOH-terminal assay. These three measurements 

were calculated as follows: 

• Total TP73 transcript abundance (TP73C-term) = CT(COOH-terminal) – CT(RPL13A) 

• TAp73 transcript abundance (TP73N-term) = CT(NH2-terminal) – CT(RPL13A) 

• Relative TP73 isoform abundance (TP73ΔCT) = CT(COOH-terminal) – CT(NH2-terminal) 

 

It should be noted that TP73C-term and TP73N-term values have an inverse relationship 

with transcript abundance; that is, decreasing TP73C-term values indicate increasing 

total abundance of TP73 transcripts and decreasing TP37N-term values indicate 

increasing abundance of TAp73 transcripts. An increasing TP73ΔCT value corresponds 

to an oncogenic shift in the relative TP73 isoform abundance, while a decreasing 

TP73ΔCT value corresponds to a tumor-suppressor shift in the relative TP73 isoform 

abundance. 
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Figure 7.13: NH2-terminal and COOH-terminal variants of TP73, with black arrows showing the 
location of COOH-terminal and NH2-terminal TP73 assays targeted towards exons 2-3, which is 
targeted towards only Tap73, and exon 10, which is contained present in all N-terminal variants. 
 

7.3.2.7 Analysis of Microarray Data and Genetic Signatures 

Expression for all genes was measured by normalized probe fluorescence intensities 

obtained from whole-genome gene expression microarrays as described in Section 3.7. 

A genetic signature for p53 activity was compiled from the literature [El-Diery, 1998; 

Prives and Hall, 1999; Vogelstein et al., 2000] and consisted of 35 genes that are 

controlled by p53-responsive elements. Genetic signature for E2F1, MYC and RAS 

were utilised from Bild et al. (2006), and consisted of 124, 149 and 231 genes 

respectively. EGR1 activity was investigated using expression of EGR1 and PTEN, the 

most well-characterised EGR1-responsive gene [Virolle et al., 2001; Adamson and 

Mercola, 2002]. ZEB1 activity was investigated using expression of ZEB1 only. 

Samples were also separated into high-ZEB1 and low-ZEB1 expressing groups by their 

ZEB1 expression being above or below the mean respectively. 

 

Correlation between qPCR measurements and normalized probe fluorescence 

intensities was tested by two–tailed Pearsons tests. Classification of tumors into 

groups of high or low activity based on genetic signatures was achieved by 

hierarchical clustering. Average linking mean-centered clusters were produced using 
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Cluster software (http://rana.lbl.gov/EisenSoftware.htm) and visualized using 

MapleTree software (http://mapletree.sourceforge.net/).   

 

7.3.2.8 Evaluation of Relative TP73 Isoform Abundance in Relation to Patient Clinical 

Data and Cell-Line Chemoresponse 

Association between the relative TP73 isoform abundance and patient stage and 

chemoresponse was performed using clinical data for 10 FL patients. Of these, 5 

patients had had a complete response to chemotherapy (CR), and 5 had a partial 

response to chemotherapy (PR). An independent samples T-test was used to test the 

difference in TP73ΔCT value between patients with CR compared to those with PR. 

Chemotherapeutic response was also assessed by in vitro analysis using NHL cell lines, 

as specified in Section 3.9.3. Patients were also staged according to FLIPI, with 2 

patients classed as Stage 0, 4 patients as Stage I, 3 patients as Stage II, and 1 patient as 

Stage 4. Patients were separated into low (FLIPI 0-I; n=6) and high (FLIPI 2-IV; n=4) 

stage, and the difference in TP73ΔCT value investigated using an independent samples 

T-test. 

 

Association between TP73ΔCT value and chemotherapeutic response was also 

investigated using NHL cell-lines (Section 3.9). Cell-line response to each of four 

chemotherapeutics (Carboplatin, Cyclophosphamide, Doxorubicin and Vincristine) 

and their average response to all chemotherapeutics were correlated with each cell-

line’s TP73ΔCT value using Pearson’s test. 

 

7.3.2.9 AFLP Assay for 73bp Intronic Deletion 

The prevalence of the 73bp deletion in NHL tumor and HLT samples was investigated 

by amplication fragment length polymorphism assay as previously described [Pena et 

al., 2004]. This produced amplicons of 249bp and 322bp with or without the deletion 
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respectively, and were visualized by agarose gel electrophoresis and staining with 

ethidium bromide.  

 

7.3.2.10 Analysis of C-terminal TP73 Variants 

In order to investigate C-terminal variants of TP73 transcripts, primers were designed 

to be specific for exon 10 and the 5’ extreme of exon 14 (Figure 7.14). 50ng of gDNA 

from each sample was amplified by PCR in a reaction mixture containing 1 x PCR 

Buffer, 50μM MgCl2, 0.4μM of each primer, 0.4μM of dNTPs and 1 unit of Taq 

polymerase (Invitrogen). Amplicon sizes were determined for 1μL of each PCR 

reaction using DNA-1000 LabChips and an Agilent BioAnalyser capillary 

electropheresis machine. 
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Figure 7.14: COOH-terminal variants of TP73 
showing the annealing locations of the exon-10 
and exon-14 specific primers. 
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7.3.3 Results 

7.3.3.1 TP73 is Frequently Deleted in Non-Hodgkin’s Lymphoma and affects TP73 

Isoform Ratio 

The TP73 gene was assessed by SNP microarray-based DNA copy number analysis 

and found to be hemizygously deleted in 33% (4/12) of DLBCL and 42% (5/12) FL 

tumor samples. No deletions were found in the 8 B-CLL samples. Deletions ranged in 

size between 0.2Mbp and 4.4Mbp, with a minimally deleted region (MDR) of 

0.06Mbp (Figure 7.15). In all cases, the entire TP73 coding region was encompassed 

by the deletions.  

1p36.33 1p36.32

TP73 Gene

1p36.33 1p36.32

TP73 Gene

 
Figure 7.15: Depiction of the size and location of the hemizygous deletions of TP73 in NHL cases.  

 

Cases with hemizygous deletion had no significant difference in total TP73 transcript 

abundance (TP73C-term) or abundance of TAp73 transcript (T73N-term) compared to cases 

without hemizygous deletion. However, there was a significant increase in TP73ΔCT 

in cases with hemizygous deletion of the TP73 gene compared to those cases without 

deletion (p=0.038), indicating an increased relative abundance of oncogenic TP73 

isoforms in these patients. 

 

7.3.3.2 Hemizygous Deletion of TP73 is Associated with Differential Expression of 

Genes Mediating RAS Signaling 

Differential gene expression analysis between 9 patients with hemizygous deletion of 

TP73 compared to 12 patients without deletion of TP73 yielded 7700 genes with a >2-
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fold difference in gene expression between groups and 183 genes >4-fold difference in 

gene expression between groups (Figure 7.16). Among the genes with >4-fold 

difference in gene expression between groups were 8 genes involved in RAS 

signaling, including a G-protein coupled receptor (GPRC5A), a receptor-independent 

activator of G-protein signaling (GPSM1), and RAS family proteins (RAB37, RABL5). 

GSEA of the 183 genes with >4-fold difference in gene expression between groups 

yielded no pathways with more than 3 constituents. GSEA was therefore conducted 

on an extended selection of genes with >2-fold difference in gene expression between 

groups.  
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Figure 7.16: Scatter plot of differentially expressed genes between NHL tumors with hemizygous 
deletion of TP73 compared to those without deletion of TP73. 
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7.3.3.3 TP73 is Hypermethylated in Aggressive Disease 

250 

GSEA of the 7700 genes with >2-fold difference in gene expression between tumors 

with TP73 deletion compared to those without, yielded 155 KEGG pathways, with 

the number of constituents in each pathway ranging between 1 and 76 genes. 

Visualisation of these results using PCC (Figure 7.18) showed three central pathways; 

(i) cytokine-cytokine receptor interactions (ii) MAPK signaling, and (iii) calcium 

signaling. These pathways contained 65, 54 and 35 differentially expressed genes 

respectively, ranking them 2nd, 4th and 8th according to the number of constituents for 

each pathway.  

 

Epigenetic analysis was attempted for 26 samples. Of these, 23 samples provided 

results that passed the quality control restrictions imposed by the EpiTyper software. 

Of the 3 samples that failed quality control, 2 contained hemizygous deletion of TP73, 

indicating that decreased gene dosage may have contributed to the failure. Figure 7.17 

shows an example of the data retrieved for one CpG motif by EpiTyper analysis of the 

5’UTR of the TP73 gene.  

A. B.A. B.

 
Figure 7.17: Data obtained for the final CpG motif in the 400bp region in one DLBCL case (A) and one 
HLT control (B). The vertical lines represent predicted locations of peaks corresponding to methylated 
(left) and unmethylated (right) alleles. The relative proportion of methylated and unmethylated alleles 
is calculated by the relative area under each respective curve. This therefore shows hypermethylation 
of the DLBCL sample compared to the control sample. 



Figure 7.18: Pathway component cross-linking output of the GSEA results from the 7700 genes with >2-fold change in expression between cases with 
hemizygous deletion of TP73 compared to cases without TP73 deletion. Magnification shows two of the central pathways are the ‘cytokine-cytokine 
receptor interaction’ and ‘MAPK signaling’ pathways. 
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Increased methylation was seen across the entire 400bp region in NHL cases 

compared to control HLT (Figure 7.19). However, only DLBCL samples showed 

statistically significant increases in methylation across the entire region compared to 

control HLT (p=0.005). Methylation percentage of three CpG motifs, CpG1, CpG14 

and CpG15, were the only to significantly correlate with TP73N-term qPCR 

measurements (p<0.05). CpG1 and CpG15 additionally showed close correlation with 

TP73C-term qPCR measurements (p=0.008 and p=0.089 respectively). For this reason, 

these two motifs were selected as being representative of epigenetic control of TP73 

transcription. Among control HLT samples the range of allele methylation percentage 

of these motifs was 6.5-24.0% (mean=15.8%). In NHL cases, the range of allele 

methylation percentage of these motifs was 13.0-92.5% for DLBCL samples 

(mean=53.4%), 22.0-54.0% for FL samples (mean=32.1%), and 28.5-48.5% for CLL 

samples (mean=38.5%). Samples with ≥50% of CpG1 and CpG15 alleles methylated 

were defined as having TP73 hypermethylation. According to this threshold, TP73 

genes in 66.6% (6/9) of DLBCL, 12.5% (1/8) of FL, and 0% (0/2) of B-CLL samples 

were defined as being hypermethylated. 

 

The association between methylation of CpG motifs and expression of the TP73 gene 

was investigated by correlation of methylation percentage of each motif within each 

sample with the N-terminal measurements of TP73 gene expression, corresponding to 

all TP73 isoforms. Of the 12 discrete motifs or dually measured motifs, CpG1 and 

CpG15 correlated most significantly with N-terminal qPCR measurements (p=0.012 

and p=0.018 respectively). Methylation of these alleles in control HLT patients ranged 

between 9% and 20% for CpG1 alleles and 0% and 18% for CpG15 alleles. In NHL 

tumor samples, methylation percentage of CpG1 alleles ranged between 14% and 

100%, and for CpG15 alleles ranged between 8% and 87%. 



Figure 7.19: Percentage of methylated alleles in NHL tumor categories compared to controls across the 15 CpG motifs analysed. CpG motifs are labeled numerically 
according to their order from 5’ to 3’ of the analysed region with reference to the TP73 gene. 
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7.3.3.4 Analysis of TP73 Expression in Shipp et al. Data Set 

Kaplain-meyer survival analysis (Figure 7.20) using publicly available microarray 

data obtained from 20 DLBCL patients [Shipp et al., 2002] found that there was no 

significant difference in survival between DLBCL with high TP73 expression 

compared to low TP73 expression. The mean survival time for patients with high 

TP73 expression was 11.82 years (95%CI 95% CI 11.22-57.54) compared to 34.38 

years (95%CI 11.22 – 57.54) for low TP73 expression. There is therefore a trend 

towards decreased survival with increasing TP73 expression in DLBCL patients. 

No significant correlations were found between TP73 expression and that of either 

CDKN1A or MDM2. 
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Figure 7.20: Kaplain-meyer survival curves for 10 DLBCL patients with high TP73 
expression (green line) and 10 DLBCL patients with low TP73 Expression (blue line). 
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7.3.3.5 Oncogenic Isoforms of TP73 are more prevalent in Aggressive Disease  

The balance between oncogenic and tumor-suppressor isoforms of TP73 was 

measured by the TP73ΔCT value which represents NH2-terminally truncated 

isoforms. B-CLL samples showed a significant increase in total abundance of TP73 

transcripts compared to control HLT (p=0.023). This was likely contributed to 

largely by an increase in TAp73 isoforms, as demonstrated by the significant 

decrease in TP73N-term measurements (p=0.014). However, increased abundance of 

TP73 transcripts caused no significant difference in the TP73ΔCT value in B-CLL 

samples compared to control HLT (p=0.842). In contrast, DLBCL and FL samples 

showed no significant differences in total TP73 transcript abundance or ΔTAp73 

transcript abundance compared to control HLT, but showed increases in TP73ΔCT 

indicating an oncogenic shift in the relative TP73 isoform ratio. This increase was 

much larger for the more aggressive subtype of disease, DLBCL, and was 

statistically significant (p=0.002) compared to control HLT (Figure 7.21).  
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Figure 7.21: TP73ΔCT values between NHL subtypes and control tissue, showing increasing 
TP73ΔCT value in more aggressive disease. *significant at 0.05 level. 
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A positive trend between TP73ΔCT and disease aggressiveness was also seen within 

an NHL subtype for which clinical data was available (Figure 7.22). Increasing 

prevalence of truncated TP73 isoforms, as demonstrated by increasing TP73ΔCT, 

showed a visible relationship with advancing disease stage in FL patients, although 

this was not significant (p=0.544). Patients with a high stage of disease 

demonstrated higher mean TP73ΔCT values (mean=5.45) compared to patients 

with low stage of disease (mean=4.89), however this difference was not statistically 

significant (p=0.706). 
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Figure 7.22: Mean TP73ΔCT value (+/- SEM) for FL patients with different FLIPI score. 

 

7.3.3.6 Relative Isoform Abundance of TP73 is associated with p53 Activity in 

NHL 

p53 activity was assessed in 30 NHL samples using a gene-expression signature of 

35 p53-responsive genes. TP73ΔCT values significantly correlated with 69% 

(24/35) of these genes (p<0.05). 15 of these genes were significant at the 0.01 level, 

including a well-defined marker of p53 activity, MDM2 (p=0.002; Figure 7.23). 

Hierarchical clustering of cases according to the p53 signature genes resulted in 12 

cases being classified as having high p53 activity and 15 cases as having low p53 

activity. TP73ΔCT was significantly higher in cases with low p53 activity compared 

to those with high p53 activity (p=0.001). 
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Figure 7.23: A heat-map of the p53 genes showing the most significant (p<0.001) relationship 
with TP73ΔCT values (Top), and a scatter plot showing more detail of the relationship with 
one of these genes, MDM2 (Bottom). 

 

7.3.3.7 Oncogenic Shifts in the TP73 Isoform Ratio in NHL Tumors are associated 

with Increased RAS Signaling 

Expression of 35% (81/231) of RAS signature genes significantly correlated with 

TP73ΔCT value, providing evidence for increased RAS signaling in cases with an 

oncogenic shift in TP73 isoform ratio. These included members of the RAS family 

such as KRAS (p=0.007) and HRAS (p=0.046), oncogenes that have been 

implicated in the pathogenesis of NHL such as PIM1 (p=0.005), SKP2 (p=0.015) 

and VEGF (0.003), immunological signaling molecules such as LYN (p=0.011) and 

257 
 



JUNB (p=0.046), and an important mediator of TP73 stability, PIAS1 (p<0.001). 

Figure 7.24 shows a clear movement towards increasing RAS activity with an 

increase in TP73ΔCT. 

 

TP73ΔCTTP73ΔCT

 
Figure 7.24: Heat-map showing RAS signature genes with 
highly significant correlation (p<0.001) with TP73ΔCT 
values. Green corresponds to low expression and red 
corresponds to high expression. 

 

7.3.3.8 Chemotherapeutic Response of DLBCL Cell-Lines 

Figure 3.16 shows flow cytometry outputs from SUDHL-4 cells with increasing 

concentration of cyclophosphamide exposure. This shows a clear leftward shit 

towards apoptosis or senescence with increasing exposure to chemotherapy. These 

results provided evidence that PI-staining accompanied by flow cytometry was 

able to detect changes in the distribution of apoptotic, senescent and proliferating 

cells at the time of harvesting. 
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In order to simplify analysis, cells within G2/M-phase and S-phase were together 

classified as proliferating cells. The relative percentages of apoptotic, senescent and 

proliferating cells for each cell line, with each exposure, can be viewed in Appendix 

IV. Within the untreated cultures, SUDHL-4 and Pfeiffer cells were observed to be 

more proliferative than Toledo cells. Due to the heterogeneity of chemotherapeutic 

response, and the inconsistency of apoptotic induction by chemotherapeutics, the 

overall response of each cell-line to chemotherapy was calculated by the percentage 

increase in apoptosis plus the percentage decrease in proliferation. Using this method 

it was found that SUDHL-4 cells showed the greatest response (mean = 44.61%) to 

50% doses of all chemotherapies and Toledo cells showed very poor response (mean 

=  10.13%). While Pfeiffer showed some response to doxorubicin and vincristine, it 

also showed increased proliferation in response to cyclophosphamide and carboplatin, 

resulting in a net response of 0%. It was interesting to note that higher chemotherapy 

dose did not cause increased response in every instance. For example, a 10% dose of 

doxorubicin induced a larger response in Pfeiffer cells than a 50% dose of 

doxorubicin, and a similar case was seen when treating Pfeiffer cells with vincristine. 

A significant difference in response was also seen in each cell-line between different 

chemotherapies. This further highlights the need for pharmacogenomic targeting of 

chemotherapeutics to ensure the most effective therapeutic is being employed for each 

individual. 
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Figure 7.25: Flow cytometry outputs from (A) untreated SUDHL-4 cells, 
(B) SUDHL-4 cells treated with a 10% dose of cyclophosphamide and, 
(C) SUDHL-4 cells treated with a 50% dose of cyclophosphamide. M1, 
sub-G1/apoptotic cells; M2, G1-phase cells; M3, S-phase cells; M4, 
G2/M-phase cells. 
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7.3.3.9 Relative TP73 Isoform Abundance is Associated with Chemotherapeutic 

Response in NHL Cell-Lines 

Negative trends were seen between TP73ΔCT value and response to all 4 

chemotherapies, as well as the average response to all chemotherapies (Figure 

7.25) in the 3 NHL cell-lines utilized in this investigation.  Correlation between 

cell-line chemoresponse and TP73ΔCT value was most significant for Vincristine 

(R2=-0.987, p=0.101), followed by Carboplatin (R2=-0.954, p=0.195), 

Cyclophosphamide (R2=-0.870, p=0.325) and Doxorubicin (R2=-0.784, p=0.426). A 

visible trend can also be seen between average response to all 4 chemotherapies 

and TP73ΔCT value (R2=-0.919, p=0.258). Interestingly, the Pfeiffer cell-line 

demonstrated a markedly higher TP73ΔCT value compared to Toledo and SUDHL-

4, and was the only cell-line to demonstrate complete resistance to all 4 

chemotherapies at 50% of the equivalent human dose concentration. 
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Figure 7.26: Mean TP73ΔCT value (+/- SEM) of 3 NHL cell-lines in comparison to their average 
response to 4 chemotherapies. 
 

7.3.3.10 The TP73 Intronic Deletion is more Prevalent in NHL Compared to 

Controls 

Figure 7.26 shows an example of the AFLP results for the 73bp deletion within the 

repressor element present in intron 2 that was genotyped within tumor and HLT 

samples. This was found to be present homozygously in more than twice as many 
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cases (17%) compared to controls (8%). However, despite this difference, the small 

sample size meant that there was no significant difference in genotype frequency 

between case and control groups. Interestingly, the genotype distribution of the 

control group was within Hardy-Weinberg equilibrium (HWE; p=0.295), while 

the case group did not fit within HWE (p<0.001). 
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Figure 7.27: Agarose gel electrophoresis of AFLP amplicons from control 
HLT samples showing homozygous wild-type (eg. HLT02), heterozygous 
(eg. HLT01) and homozygous mutant (eg. HLT05) genotypes. NTC; no-
template control. 

 

Table 7.01: Genotype frequencies of TP73 Intron 2 Deletion in NHL Tumor and HLT 
Control Samples. 

  
Homozygous 
Wild-Type Heterozygous 

Homozygous 
Mutant 

Cases 49.00% 24.00% 17.00% 
Controls 58.33% 33.33% 8.33% 

 

 

7.3.3.11 TP73 Expression is Controlled by E2F1, MYC and ZEB1 in NHL Tumors 

Analysis of gene expression signatures provided evidence that total TP73 

transcript abundance is regulated by E2F1, MYC, and ZEB1, but not by EGR1. The 

transcript abundance of neither EGR1 nor PTEN correlated with any measure of 

TP73 transcript abundance or relative isoform abundance. Regulation of TP73 by 

E2F1 was evidenced by significant (p<0.05) correlations between 22.5% (28/124) 
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of E2F1 signature genes and TP73C-term measurements. Evidence for regulation of 

TP73 by MYC was given by significant (p<0.05) correlations between 17.4% 

(26/149) of MYC signature genes and TP73C-term measurements. Correlation with 

TP73N-term measurements were less frequent for E2F1 (16.9%) and MYC (6.7%) 

signature genes and had higher p-values compared to TP73C-term correlations. Very 

few E2F1 (1.6%) or MYC (6.7%) signature genes correlated with TP73ΔCT values, 

indicating that E2F1 and MYC likely do not influence the relative isoform 

abundance of TP73. In contrast, ZEB1 expression correlated with both TP73C-term 

(p=0.008) and TP73N-term (p=0.014) measurements, as well as TP73ΔCT (p=0.011). 

The relationship between ZEB1 expression and TP73ΔCT was further shown by 

the high-ZEB1 expressing cases having significantly decreased TP73ΔCT compared 

to low-ZEB1 expressing cases (p=0.005; Figure 7.27). ZEB1 expression was also 

significantly lower in DLBCL cases compared to FL (p=0.021) and B-CLL (p=0.005) 

cases.  
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Figure 7.28: Mean TP73ΔCT values (+/- SEM) in 
cases with low or high ZEB1 expression. Ŧ 
statistically significant at the 0.01 level 
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7.3.3.12 NHL Tumors Express Smaller COOH-Terminal Variants of TP73 

Compared to Control Tissue 

Analysis of COOH-terminal variants by a novel PCR and capillary-electrophoresis 

assay showed that tumor samples did not express detectable levels of longer 

COOH-terminal isoforms. In contrast, these isoforms were readily detectable in all 

control HLT samples (Figure 7.28). The size of the dominant COOH-terminal 

variant amplicon in NHL tumor samples corresponded to the eng isoform. The 

only other COOH-terminal variant detected in NHL tumor samples corresponded 

to the delta isoform, but this was present at much lower levels than that of the eng 

isoform. In control HLT samples, amplicons corresponding in size to the alpha, 

delta, eng and epsilom isoforms were all detected. However, the delta isoform was 

expressed at much higher levels than the remaining three. 

Eng

Delta

Eng

Delta

Zeta Alpha

A.

B.

Eng

Delta

Eng

Delta

Zeta Alpha

A.

B.

 
Figure 7.29: Electrophoretograms of COOH-terminal variant amplicons from one 
DLBCL sample (A) and one HLT sample (B) demonstrating the lack of high molecular 
weight isoforms in NHL tumors. 
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7.3 Discussion 

The TP73 gene has been implicated in the pathogenesis of NHL by its frequent 

deletion and hypermethylation within these tumors [Corn et al., 1999; Irwin and 

Miller, 2004; Martinez-Delgado et al., 2002; Rossi et al., 2004; Scaruffi et al., 2000]. 

Using genome-wide copy number variation analysis (Section 5.3), we found 1p36 

deletions with a MDR overlapping the TP73 gene in 33% of DLBCL and 42% of FL 

samples. This is a common secondary chromosomal aberration [Dave et al., 1999], 

and loss of this region is among the most common of cytogenetic alterations in FL 

[Bende et al., 2007]. However, previous studies have linked losses in this region to 

the CDC2L1 tumor suppressor gene [Dave et al., 1999]. This is because previous 

investigations employed cytogenetics or FISH for mapping of chromosomal 

abnormalities [Dave et al., 1999; Schoffel et al., 2004]. These techniques are unable 

to detect copy number alterations with as much sensitivity as the SNP microarray-

based analysis used in this investigation. We were therefore able to detect copy 

number alterations as small as 0.2Mbp in size, and thereby localized the MDR to 

the TP73 gene rather than the neighboring CDC2L1 gene. The increased 

sensitivity of this approach also allowed detection of TP73 gene deletions in a 

higher number of cases than that previously reported [Schoffel et al., 2004], 

indicating that TP73 gene deletion may therefore play a larger role in the 

pathogenesis of NHL than originally thought.   

 

In order to further investigate the etiological role that TP73 gene deletion may 

have in the pathogenesis of NHL, a whole-genome gene expression analysis was 

undertaken to compare the expression patterns between patients with or without 

the aberration. Analysis of genes with a 4-fold change in gene expression between 

these two groups found that the largest gene-set consisted of those genes 

associated with RAS signaling. A more comprehensive analysis was then 

performed using genes with only a 2-fold difference in gene expression between 

patients with or without TP73 gene deletion. Gene set enrichment analysis of 
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these 7700 differentially expressed genes, followed by pathway component cross-

linking, yielded three central pathways. Two of these pathways, ‘Cytokine-

Cytokine Receptor Signaling’ and ‘MAPK Signaling’ are linked by RAS activation. 

Activation of receptor tyrosine kinases, such as cytokine receptors, results in 

activation of RAS through a complex signaling cascade involving SHC, GRB2 and 

SOS. This in turn results in the activation of the RAF, MEK and ERK in the MAPK 

singaling cascade [Ihle and Kerr, 1995]. This provides further evidence towards a 

role for RAS in the pathogenic mechanism associated with TP73 aberration. 

 

Having established that TP73 gene deletion is common in our sample population 

and that this aberration may ultimately affect RAS signaling, we investigated 

another common aberration of the TP73, hypermethylation. Although the TP73 

gene is not thought to act in a typical Knudson-type tumor-suppressor gene 

manner, whereby the function of both copies of the gene are interrupted by 

sequential aberrations, hypermethylation of TP73 has been shown to be present in 

up to 26% of B-cell lymphomas [Martinez-Delgado et al., 2002]. Previous 

investigations measured the presence of hypermethylation by methylation-specific 

PCR (MS-PCR) and found it to be independent of gene deletion [Rossi et al., 

2004]. This therefore presents an alternate mechanism for hemizygous inactivation 

of the TP73 gene in NHL.  

 

In this investigation, a quantitative high-resolution approach was taken to 

defining TP73 gene methylation. This approach allowed determination of 

methylation patterns over 15 CpG dinucleotide alleles within a 400bp region in 

the 5’UTR of the TP73 gene, and the measurement of the percentage of each of 

these alleles that were methylated within the cellular population of the tumor. 

This resulted in the need for a threshold to be set in order to define 

hypermethylation because previous investigations utilizing MS-PCR defined 

methylation only by the presence of a methylated product within their detection 
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limits. Furthermore, while previous investigation only interrogated two CpG 

motifs, corresponding to CpG13 and CpG15 in this investigation, the definition of 

hypermethylation in this investigation required the determination of which of the 

15 CpG motifs were most associated with transcriptional regulation of the TP73 

gene. The first (CpG1) and last (CpG15) CpG motifs correlated most closely with 

COOH-terminal qPCR measurement, indicating that methylation of these alleles 

may be the best indicators of epigenetic regulation of TP73. A threshold of 50% of 

alleles methylated was used to define hypermethylation because this is the point at 

which there is a cellular population with both alleles methylated. 

Hypermethylation was therefore defined as >50% of CpG1 and CpG15 alleles 

methylated within any tumor sample. According to these criteria, we found that 

66% of DLBCL samples were hypermethylated, which is substantially higher than 

the rate of 8.8% previously reported by Rossi et al. (2004). Although the rate of 

hypermethylation in FL was less pronounced (12.5%), it was also still higher than 

the rate of 10% that was previously reported [Rossi et al., 2004]. The increased rate 

of hypermethylation observed here may be due to technical differences between 

investigations. The investigation by Rossi et al. (2004) utilized MS-PCR, which is 

less sensitive than the method employed here. However, within this sample group 

it was not surprising to find a lower prevalence of hypermethylation in FL samples 

compared to DLBCL samples. This may be due to the comparatively higher rate of 

hemizygous deletion and the mutual exclusivity of deletion and hypermethylation. 

Our observation that cellular populations within a large number of these samples 

possess methylation on both copies of TP73 is a novel finding. Previously, the 

TP73 gene has been shown not to act as a typical Knudson-type tumor-suppressor 

because of the alternate oncogenic activity of truncated TP73 isoforms [Irwin, 

2004; Melino et al., 2002]. However, the potential use of P2 to produce truncated 

isoforms of TP73, and the fact that this promoter is not epigenetically regulated, 

may provide a unique situation wherein P1 of the TP73 gene is inactivated in a 

267 
 



TSG fashion while P2 remains active. This may ultimately yield an oncogenic 

function from the TP73 gene by selective silencing of P1. 

 

Patients with 1p36 abnormalities mapping over TP73 have been found to have 

decreased response to chemotherapy, an inferior survival [Dave et al., 1999] and 

showed increased expression of the Ki67 proliferation marker [Schoffel et al., 

2004] compared to those patients without abnormalities. The lack of clinical data 

for our sample group has prevented our own analysis of these trends. However, a 

publicly available microarray data set was employed for a Kaplan-Meyer survival 

analysis in order to investigate the efficacy of microarray-based measurements of 

TP73 in predicting survival. High levels of TP73 expression have been previously 

associated with a poor clinical outcome in a range of tumors [Domiguez et al., 

2006; Irwin and Miller, 2004], and this trend can be clearly seen in our analysis. 

This poorer outcome may be associated with the increased abundance of truncated 

p73 isoforms that have been noted with increased TP73 expression [Stiewe et al., 

2002]. However, the lack of statistical significance in survival difference suggests 

that microarray-based measurements of TP73 gene expression may not be fully 

predictive of the transition between tumor-suppressor and oncogenic function. A 

more sensitive and specific assay was therefore required in order measure the 

relative abundance of full-length and truncated isoforms of TP73. 

 

The specific measurement of full-length and truncated isoforms of TP73 was 

achieved by targeted qPCR assays. This allowed the simultaneous measurement of 

the abundance of full-length isoform transcripts as well as the total abundance of 

all TP73 transcripts. Using these measurements, a TP73ΔCT value is calculated for 

each sample; an increasing TP73ΔCT indicated an increasing relative abundance of 

truncated isoforms. Using this assay we were able to determine that oncogenic 

isoforms of TP73 were more abundant in the NHL tumor samples compared to 

control HLT samples, and were further increased in the aggressive form of NHL 
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(DLBCL) compared to the more indolent forms (FL and CLL).  Furthermore, a 

discernible positive relationship was seen between TP73ΔCT and prognostic index 

in the 9 FL patients for which clinical data was available. The observation of 

increased relative abundance of truncated TP73 isoforms in tumors versus control 

tissue is in keeping with previous observations [Cuadros et al., 2006; Grob et al., 

2001], but the observed relationship between truncated isoforms of TP73 and 

disease aggressiveness in NHL is a novel finding.  

 

In order to determine the implications of the increased abundance of TP73 

oncogenic variants in aggressive NHL, gene expression profiling was employed to 

investigate p53 and RAS activity. The ability of ΔTAp73 isoforms to inhibit p53 

activity has been well established in in vitro models [Grob et al., 2001; Irwin et al., 

2003; Stiewe et al., 2002], but has yet to be investigated in vivo utilizing tumor 

specimens. This ability of truncated TP73 isoforms to inhibit p53 activity has also 

been suggested as a possible mechanism for tumors to escape RAS-induced 

senescence [Petrenko et al., 2003]; a hypothesis that also has not been tested in 

tumor samples. The use of a whole-genome gene expression microarray signature 

composed of 35 p53-responsive genes allowed the investigation of p53 activity 

within the NHL tumor specimens utilised in this investigation. Again using the 

TP73ΔCT value as the measurement for the relative abundance of TP73 isoforms, 

we found that the expression 69% of p53-responsive genes significantly correlated 

with TP73ΔCT. This included a commonly used marker for p53 activity, MDM2, as 

well as other well-defined p53-responsive genes. This clearly demonstrated that 

the increasing abundance of oncogenic isoforms of TP73, such as that seen in 

aggressive disease, inhibits p53 activity. The lack of correlation with some p53 

responsive genes may be because these genes are less strongly regulated by p73 

than p53, or may be due to regulation of these genes by other factors that mask the 

regulatory effect of p73 isoforms. Both of these theories apply to the p53-

responsive gene CDKN1A, which showed no correlation with TP73ΔCT. This gene 
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has been shown to only be weakly regulated by p73 [Zhu et al., 1998], and its 

expression is also regulated by other factors such as STAT1, STAT3, STAT5, 

vitamin D receptor and retinoic acid receptor [Gartel and Tyner, 1999]. However, 

when employing the entire 35-gene signature for hierarchical clustering of 

samples into those with high or low p53-activity, samples with high p53 activity 

had a significantly lower TP73ΔCT value compared to those samples with low p53 

activity indicating that the relative abundance of TP73 isoforms is predictive of 

p53 activity as determined by the entire gene expression signature.  

 

The modulation of p53 activity by TP73 isoforms in NHL may provide some 

explanation for the comparatively lower rate of p53 mutations in NHL compared 

to other tumors [Ichikawa et al., 1997; Leroy et al., 2002]. Decreased p53-activity, 

as a result of increased abundance of truncated TP73 isoforms, may relieve the 

selective advantage of p53 mutation. Furthermore, because p53 activity has been 

linked with response to genotoxic damage, the relative abundance of TP73 

isoforms may be associated with chemotherapeutic response in NHL [Gasco and 

Crook, 2003; Ichikawa et al., 1997; Irwin, 2004].  

 

Due to the lack of clinical data supplied with our NHL tumor specimens, 

chemotherapeutic response was measured using in vitro analysis of DLBCL cell-

lines. Following exposure of each cell-line to commonly administered 

chemotherapeutics, the frequency of proliferating and apoptotic cells were 

measured and compared to the frequencies within cells that had not been exposed 

to chemotherapeutics. This allowed the calculation of a chemotherapeutic 

response value composed of both the decrease in proliferation and the increase in 

apoptosis. We found that chemoresponse of the three NHL cell-lines was 

associated with their proliferation rate; the most proliferative cell-line showed the 

best overall response to all chemotherapeutics and the least proliferative cell-line 

showed the worst overall response to all chemotherapeutics (Section 3.9.3.3). The 
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Pfeiffer cell-line showed resistance to 50% doses of each of the four 

chemotherapeutics, had the lowest proliferation rate, and had the largest TP73ΔCT 

value of the three cell-lines. In keeping with this trend, SUDHL-4 had the smallest 

TP73ΔCT value of the three cell-lines, and also showed the best response to 

chemotherapy and the highest proliferation rate. This provides some evidence that 

the relative abundance of full-length and truncated TP73 isoforms may not only 

influence chemotherapeutic response through the modulation of p53 activity, but 

may also be associated with cellular proliferation rate. Some evidence for an 

association between TP73 and cellular proliferation rate has been provided by a 

previous observation that cell-lines with TP73 gene deletion had increased 

expression of the cell proliferation marker Ki67 [Schoffel et al., 2004]. One 

possible mechanism for the association between relative TP73 isoform abundance 

and cellular proliferation rate is the potential for oncogenic isoforms of p73 to 

allow escape from RAS-induced senescence. This is somewhat supported by our 

observation that TP73 gene deletion resulted in the differential expression of 

several RAS-associated genes. 

 

To provide further evidence that the relative abundance of TP73 isoforms is 

associated with RAS activity, we investigated correlations between TP73ΔCT 

values and microarray-based gene expression measurements of 231 RAS-associated 

genes. This yielded positive correlations for 35% of RAS-associated genes, 

including several genes with well-defined roles in lymphomagenesis, such as 

PIM1, SKP2, and VEGF (Appendix II). This finding, along with the association of 

deregulated expression within the ‘cytokine-cytokine receptor’ and ‘MAPK 

signalling’ pathways following TP73 gene deletion, presents a scenario in which an 

oncogenic shift TP73 isoforms may allow for cytokine-induced proliferation of 

NHL tumor cells through the MAPK pathway without p53-mediated RAS-induced 

senescence. This finding is particularly pertinent to this thesis due to the frequent 
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implication of the MAPK signalling pathway by the genome-wide analyses 

performed during this work. 

 

These findings present oncogenic aberrations in TP73 as having a potentially 

major role in NHL pathogenesis. However, the mechanisms behind the increase in 

TP73 expression, the oncogenic shift in TP73 isoform ratio, and escape of 

truncated isoforms from negative regulation have yet to be defined. Several 

positive and negative regulatory mechanisms have been described for the TP73 

gene, including protein inactivation by SUMOylation [Buhlmann and Putzer, 

2008; Munarris et al., 2004], negative transcriptional regulation by ZEB1 binding 

to the intron-2 repressor element [Buhlmann and Putzer, 2008], and positive 

transcriptional regulation by E2F1, EGR1 and MYC [Boominathan, 2007; 

Buhlmann and Putzer, 2008; Melino et al., 2002; Stiewe et al., 2002]. In order to 

elucidate potential therapeutic targets, it is important to define the role that each 

of these mechanisms have in regulating TP73 activity in NHL. 

 

SUMOylation of the COOH-terminal region of TP73 by PIAS1 causes functional 

inactivation and degradation of the targeted protein [Munarris et al., 2004]. This 

mechanism is used to modulate p73 activity in response to DNA damage. 

However, alternate splicing of exons 10-14 of TP73 can result in COOH-

terminally truncated variants of TP73 that can escape SUMOylation. Here, we 

used a novel PCR-based assay to detect the presence of COOH-terminal variants of 

TP73 in tumor and control samples. The sensitivity of this assay was increased by 

capillary electrophoresis-based interrogation of PCR amplicons, and resulted in 

the detection of four of the seven previously characterised COOH-terminal 

isoforms. However, the high molecular weight zeta and alpha isoforms that were 

detected in control samples were not detected in any of the interrogated tumor 

specimens. This suggests that there may also be a shift in the COOH-terminal 
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isoform representation of TP73 in tumor specimens, which may result in the 

escape of oncogenic isoforms from negative regulation by SUMOylation.  

 

The intron-2 repressor element is another potential region of interest for TP73 

regulation. This region is bound by ZEB1, resulting in the transcriptional 

repression of both promoters. Furthermore, a 73bp deletion is present in some 

alleles of this region which prevents the binding of ZEB1 and inhibits the 

repressor function of this element. Although the sample size in this investigation 

was inadequate to provide the necessary power to statistically analyse the 

deviation in genotype distribution between case and control groups, the 73bp 

deletion was found to be homozygously present in twice the proportion of cases 

compared to controls. Additionally, the genotype distribution within the case 

group was not within Hardy Weinberg equilibrium, which can suggest an 

association between the function of this element and the disease phenotype [Lee, 

2003; Xu et al., 2002]. With this in mind, microarray-based gene expression 

measurements were correlated with TP73 qPCR measurement. The ZEB1 

expression showed no correlation between either COOH-terminal or NH2-

terminal measurements of TP73 expression, indicating that this transcriptional 

repressor may not have a significant effect on the overall expression of TP73 or 

expression of full-length variants. However, ZEB1 expression did show a 

significant negative correlation with TP73ΔCT, suggesting that it may influence 

the balance between full-length and truncated TP73 isoforms. This is also 

supported by the finding that ZEB1 expression is lower in DLBCL samples than FL 

and B-CLL samples; a trend that corresponds to the difference in TP73ΔCT value 

between these NHL subtypes. Furthermore, splitting NHL patients according to 

ZEB1 expression being above or below the median value, resulted in two groups 

with significantly different TP73ΔCT. Those patients classed as low ZEB1 

expressers showed significantly higher TP73ΔCT values than those patients classed 

as high ZEB1 expressers. This indicates that ZEB1 may have a more repressive role 
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on P2 than P1, and decreases in ZEB1 expression may therefore result in increased 

expression of truncated ΔNp73 transcripts from P2 with little effect on expression 

of full-length transcripts from P1. This finding must be confirmed by further 

investigation, potentially employing site-directed mutagenesis of P1 and P2 in 

order to define the true effect of ZEB1 expression on these regions. However, 

therapeutic means of increasing ZEB1 expression may be a potential method for 

correcting TP73 isoform imbalance.  

 

Other factors that control TP73 expression in NHL are also important to define. 

Mice with complete knock-out of TP73 do not develop tumors in the same 

manner as p53-/-mice, suggesting that complete loss of TP73 may in fact be less 

damaging than hemizygous loss. Inhibition of the pathways that positively 

regulate TP73 expression may therefore be another alternative therapeutic 

mechanism for inhibiting the oncogenic effect of TP73 in NHL. Previous 

investigations have defined three main pathways that regulate TP73 expression; (i) 

EGR1, (ii) MYC and (iii) E2F1 [Boominathan, 2007; Buhlmann and Putzer, 2008; 

Melino et al., 2002; Stiewe et al., 2002]. For two of these pathways, MYC and 

E2F1, gene expression signatures were available for analysis of their relationship 

with TP73 expression. For EGR1, microarray-based measurements of the 

expression of EGR1 itself, as well as its most well-defined target-gene (PTEN) 

[Virolle et al., 2001; Adamson and Mercola, 2002], were used to correlate with 

TP73 qPCR measurements. This found that neither EGR1 nor PTEN showed any 

correlation with NH2-terminal, COOH-terminal or TP73ΔCT qPCR 

measurements. It is therefore unlikely that EGR1 regulates TP73 expression 

within the context of NHL.  

 

In contrast, 22.5% and 17.4% of E2F1 and MYC signatures respectively, including 

E2F1 and MYC themselves, correlated significantly with COOH-terminal qPCR 

measurements of TP73. Correlations with NH2-terminal qPCR measurements of 
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TP73 were less abundant and less significant, while correlations with TP73ΔCT 

were only present at a rate expected by chance. That is, E2F1 and MYC signatures 

correlated more closely with the overall abundance of TP73 than the abundance of 

full-length TP73 transcripts or the relative isoform abundance. Because E2F1 and 

MYC have both been characterized as binding P1, and therefore controlling 

expression of full-length transcript, this trend was not as expected. However, it 

can be explained if the majority of all isoforms in fact result from what was 

originally a full-length transcript. That is, E2F1 and MYC may regulate the total 

abundance of all TP73 isoform transcripts if the majority of truncated isoforms 

originate from alternate splicing of full-length P1-derived transcripts rather than 

by the production of ΔNp73 P2-derived transcripts. Further experimental evidence 

is required to support this hypothesis. However, this would provide further weight 

towards the potential for MYC- and/or E2F1-modulating agents in therapy of 

NHL.  

 

In conclusion, we found the TP73 gene to be targeted by hemizygous deletion and 

hypermethylation in NHL tumors. The relative abundance of full-length and 

truncated TP73 isoforms was also altered in NHL tumor specimens, with an 

increasing relative abundance of truncated oncogenic isoforms present in tumors 

compared to controls. The increased prevalence of oncogenic isoforms of TP73 

was associated with aggressive disease and resulted in decreased p53 activity and 

increased RAS activity. This was further associated with decreased 

chemotherapeutic response and increased proliferation in cell-line models of NHL. 

We determined that TP73 expression was regulated by ZEB1, MYC and E2F1, 

presenting these as potential targets for therapeutic modulation of the effects of 

TP73 aberration.  
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This work aimed to use a molecular profiling approach, employing whole-genome 

SNP and gene expression microarrays, to interrogate NHL tumors and provide 

insight into mechanisms of disease pathogenesis. In order to achieve this and 

provide information regarding disease biology within the context of cellular 

pathways, novel techniques were developed and the utility of these techniques in 

tandem whole-genome analyses was tested by investigation of a novel disorder. 

Whole-genome analyses were then performed on cohorts of B-CLL, FL and 

DLBCL patients in order to derive conserved DNA copy number changes, gene 

expression changes associated with chemotherapeutic response, and genetic 

features associated with NHL susceptibility. Three candidates were then selected 

for detailed investigation by sensitive techniques in order to provide further 

resolution of their role in NHL pathogenesis. Detailed discussion of the results 

generated by the work in this thesis can be found at the end of each section. This 

chapter provides only a brief discussion, an overview of the conclusions and the 

possible implications of the findings. 

 

8.1  Characterisation of a Novel B-cell Disorder 

In order to test the application of molecular profiling for uncovering mechanisms 

of disease using small sample numbers, an investigation was conducted to 

characterize a novel immunodeficiency disorder found in only a single case. Due 

to theories from clinical immunologists that this disorder was linked to a genetic 

defect, whole-genome copy number analysis was first performed in order to detect 

any possible aberrations. This uncovered a hyperploid region at 14q11.2, increased 

to 4 copies, which mapped over several genes with immunological functions, 

including IL25. This duplication was validated by MassArray-based DNA copy 

number analysis, and also found to be present in 3 copies within the maternal 

parent. The IL25 gene functions in promoting T-helper cell differentiation 

towards the Th2 lineage and repressing Th1 differentiation. Gene expression 

profiling was therefore used in order to interrogate the expression of genes with 

277 
 



previous association with Th1 and Th2 differentiation. Furthermore, IL25 

expression was measured within case lymphocytes in response to T-cell 

stimulation. These investigations supported our hypothesis that increased 

expression of IL25, as a result of increased gene dosage, resulted in aberrant Th2 

switching and the inability to combat infections that are normally addressed by 

Th1-mediated immunity. This work not only defined a completely novel 

mechanism of immunodeficiency, but also proved the capacity to provide insight 

into disease biology using molecular profiling of small sample sizes.  

 

8.2 Genomic Analysis using SNP Microarrays 

Single nucleotide polymorphism microarrays provide a platform for the 

simultaneous analysis of hundreds of thousands of genetic markers throughout the 

genome. This high-resolution platform was used for the analysis of tumor DNA 

from B-CLL, FL and DLBCL patients, as well as pools of germ-line DNA from NHL 

cases and control patients. Genome-wide screens of germ-line DNA variation in 

NHL cases compared to controls were employed to investigate genetic 

susceptibility to NHL. However, due to the genetic complexity of this disorder, a 

novel method of analysis was developed and then subsequently employed in order 

to elucidate groups of candidate genes that synergistically contribute to genetic 

susceptibility to NHL. Analysis of tumor DNA from NHL patient samples using 

SNP microarray was employed in order to elucidate potential tumor suppressor 

genes associated with LOH or DNA copy number losses, or potential oncogenes 

associated with DNA copy number gains. Again due to the caveats of previous 

methods of analysis, genome-wide LOH analyses required the development of 

novel methodology, and genome-wide copy number analysis was directed towards 

identifying patterns of consistent DNA copy number alterations throughout NHL 

subtypes rather than finding novel copy number alterations. 

 

 

278 
 



8.2.1 Genetic Susceptibility 

8.2.1.1 Novel Methods for Analysis and Interpretation of Genome-Wide 

Microarray Data 

In order to utilize whole-genome molecular profiles so as to attain insight into 

disease biology, informed methods of analysis are required that interpret results 

within the context of cellular signaling pathways. The development of gene set 

enrichment analysis (GSEA), which places genes into groups based upon a priori 

gene sets such as KEGG or BioCarta pathway, has provided the first step in this 

form of analysis. However, the use of GSEA has thus far been restricted to the 

analysis of gene expression microarray-data, meaning that the wealth of data that 

are generated by SNP microarrays have only been relatively crudely interpreted. 

Furthermore, due to the overlap of many components within multiple pathways, 

GSEA implicates numerous gene networks that are not likely to play a role in 

disease biology but have been highlighted due to their overlap with other more 

central pathways.  In order to address these problems, we developed novel 

methods for application of GSEA to SNP microarray data (Section 5.1.2.1) and the 

visualisation of GSEA results data by pathway component cross-linking (Section 

5.1.2.3).  

 

Derivation of candidate genes from SNP array data provides a unique problem due 

to decreased allele frequency differences associated with SNPs conferring minor 

risk. Using statistical measures for candidate gene selection results in the 

implication of only a small number of candidates, and effectively overlooks the 

majority of the genetic component of any complex disease. The method developed 

here therefore employs simple thresholds across the distribution of allele 

frequency differences between groups, highlighting large numbers of SNPs as 

being informative with relation to the disease phenotype. An additional level of 

control to eliminate false-positives is then employed, wherein only those genes 

linked with multiple (≥3) informative SNPs are selected as candidates. These 
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candidates can subsequently be used for GSEA in a similar manner to lists of 

differentially expressed genes derived from gene expression microarray studies. At 

the time of development, there were insufficient numbers of NHL cases and 

controls available in order to utilize them for evaluation of this method. The 

accuracy of the method to predict allele frequencies from SNP microarray probe 

intensity data and subsequently highlight informative candidates was therefore 

evaluated using DNA pools of Solar Keratosis (SK) cases and controls. Individuals 

within these pools were genotyped for two SNPs within genes of interest, and the 

allele frequencies compared to that derived from RAS signals. This found that RAS 

signals calculated from DNA pools accurately reflected population allele frequency 

data; proving the efficacy of both the DNA pooling methodology and the RAS 

value calculation. The association of these two SNPs with SK risk was then 

analysed individually and in tandem. This found that, although they did not 

obtain statistical significance individually, the combination of risk alleles within 

both candidate genes conferred a significant increase in relative risk for the test 

phenotype. This provides support for our method of candidate gene selection, and 

for the premise that genetic susceptibility to complex traits is conferred by the 

compounding contribution of multiple low-risk alleles within central pathways 

related to disease biology.  

 

With our novel method providing the ability to produce lists of candidate genes 

from SNP microarray data for utilization in GSEA, the only remaining issue was 

the elucidation of centrally contributing pathways from the GSEA results. It was 

previously observed that gene networks are similar to that of Bayesian networks 

[Rodin and Boerwinkle, 2005]. In a similar fashion, the relationship between cell 

signalling pathways also reflect Bayesian networks, with individual pathways 

acting as the nodes and relationships due to common components acting as the 

straight edges. We therefore developed a method of interpreting GSEA results by 

pathway component crosslinking (PCC, Section 5.1.2.3) to allow for visualisation 
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of pathway relationship networks. This provided a utility to highlight central 

pathways that may contain components with compounding contributions to 

genetic susceptibility, and was subsequently employed during our analysis of NHL 

susceptibility as well as for visualisation of GSEA results from gene expression 

microarray data.  

 

8.2.1.2 Genome-Wide Analysis of Genetic Susceptibility to NHL 

The techniques developed for informed analysis of genome-wide SNP screens 

were employed in order to investigate genes associated with susceptibility to NHL. 

Genes of interest (GOI) elucidated using our ΔRAS thresholds included genes with 

well-defined roles in NHL pathogenesis, such as the BCL2 oncogene and the TSN 

genes that binds the t(14;18)(q21;q34) transloacion, the FOXP1 gene that is the 

subject of detailed investigation in this thesis, and a range of genes used for DLBCL 

COO subtyping. In line with previous work, there were also a host of DNA repair 

genes, and genes with an immuno-modulatory role. Finally, there were also a 

range of growth factors and their receptors, as well as signal transduction 

molecules such as GRB2, and FYN. 

 

In order to interpret this long list of GOI, we employed our novel method 

visualisation of GSEA results [Zhang et al., 2005]. This operated on the premise 

that GOI resident in the same cellular pathways may have a compounding 

contribution to disease susceptibility and therefore should be considered in unison 

in association studies. However, there may also be interaction between pathways 

due to crosstalk or pathways containing common constituents, suggesting that 

multiple pathways may require inclusion in the analysis in order to capture the 

full complexity of genetic etiology. Using our informed method of SNP microarray 

analysis we associated several cell signalling pathways with susceptibility to NHL, 

each containing between 2 and 27 mutually inclusive constituents. Visualisation of 

KEGG pathway GSEA results by our novel method of PCC elucidated three central 
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pathways involved in cytokine signalling and the transduction of signals through 

the MAPK and JAK-STAT pathways. Of particular centrality to these results was 

the IL6 signalling BioCarta pathway that contained overlap with all three 

implicated KEGG pathways. This finding was particularly interesting in light of 

previous implication of components of IL6 signalling within the other whole-

genome screens performed in this thesis.  

 

The interaction between the 50 enriched GOI within these three pathways 

presents a situation where aberrations at different levels of the signalling cascade 

can have a compounding effect on NHL susceptibility. Therefore, the 

combinations of low-risk polymorphisms that effect the function or expression of 

cytokines, cytokine receptors, scaffolding proteins, signal transduction molecules, 

transcription factors and inducers or inhibitors thereof, could result in an 

accumulated high-risk of NHL. Future work should be aimed at the validation of 

these associations through genotyping of panels of polymorphisms within 

individual samples and the statistical analysis of the results using Bayesian model 

averaging. However, in order to obtain irrefutable association between genetic 

variants within the components of these pathways and NHL susceptibility, the 

sample size of both case and control populations will need to be increased 

dramatically. 

 

8.2.2 Loss of Heterozygosity 

LOH is an important feature of the cancer genome due to its association with TSGs 

that are inactivated during tumorigenesis. However, conventional methods for 

detection of LOH rely on comparison of tumor-DNA to control DNA samples 

sourced from the same patient. These patient-matched control DNA samples are 

not frequently available for archival tumor specimens. Furthermore, the only 

previously available method for the detection of LOH candidate regions without 

the use of patient-matched controls utilized long strings of homozygous genotypes 
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as a predictor of LOH [Beroukhim et al., 2006]. This method therefore derived a 

high number of LOH candidate regions encompassing large stretches of the 

genome that contained multiple candidate genes. In order to address this problem, 

we developed a bioinformatic method of LOH analysis using cohort heterozygosity 

comparison (CHC), wherein LOH candidate regions are defined by decreased 

heterozygosity in a cohort of tumor samples compared to a cohort of age-, gender- 

and ethnicity-matched control samples (Section 5.2). This method utilized 

heterozygosity frequency thresholds and contiguous point thresholds in order to 

modulate the balance between type-I and type-II errors. The efficacy of this 

method was evaluated using patient-matched DNA samples for a small cohort of 

B-CLL patients interrogated by both SNP microarray and microsatellite analysis. 

LOH candidate regions were also compared to that derived from the only 

alternative method of LOH analysis without the use of patient-matched DNA 

samples. We found that our method of CHC analysis successfully mapped LOH 

more accurately than the alternative method, and that modulation of the 

threshold parameters could inversely affect the number of candidate regions and 

their accuracy. In order to further validate the CHC method and provide proof of 

its utility, it should be prospectively employed to detect LOH candidate regions in 

a large cohort of tumor samples. Unfortunately sample sizes of this magnitude are 

not currently available within the Griffith Lymphoma Project. However, data 

generated during our validation of the CHC method indicate that it is an accurate 

means for predicting regions of LOH, and could potentially be employed for the 

elucidation of TSGs that are inactivated during NHL tumorigenesis. 

 

8.2.3 DNA Copy Number Variation 

Whole genome copy number analysis of FL, B-CLL and DLBCL tumor samples 

again highlighted aberrations mapping over genes involved in stimulating and 

propagating MAPK signaling, as well as one gene involved in IL6 signaling 

through the JAK-STAT pathway. Through the use of high-density SNP 
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microarray, not only were we able to detect previously defined aberrations with 

increased resolution, but copy number changes of 6 chromosomal regions were 

also detected in a high frequency of cases within all 3 sub-categories of NHL. The 

conserved copy number alterations mapped over the candidate genes LMO4, 

MPDZ, PIK3C2G, PLSCR1, RKGT and RCC1. 

 

Despite no previous implication in NHL, the LMO4 gene is an attractive candidate 

for NHL pathogenesis due to its role in enhancing signaling through the IL6 

receptor. Levels of IL6 are increased in NHL [Fayad et al., 2001; Kossakowska et 

al., 1999], and play a role in the development of the Th17 lineage [Stockinger et 

al., 2007] that was associated with chemotherapeutic response in this thesis 

(Section 6.2). The product of the LMO4 genes, which was shown have increased 

copy number in a large proportion of the NHL tumor samples utilized in this 

investigation, associates with gp130 subunit of the IL6R in complex with JAK1 and 

SHP2 [Novotny-Diemayr et al., 2005]. As part of this complex it has been shown 

to augment IL6 signaling through the JAK-STAT pathway, and may therefore 

participate in disease pathology associated with IL6 such as a possible role in 

supporting Th17 development. Because of the strong evidence supporting a role 

for LMO4 in IL6 signaling, future investigations should aim at elucidating whether 

LMO4 genetic aberrations are complimentary to increases in IL6 expression or 

whether these aberrations support IL6 signaling within tumor microenvironments 

that do not contribute high levels of IL6. 

 

The product of the MPDZ gene, which was targeted by chromosomal 

amplification of 9p23 in a high frequency of NHL samples, associates with GPCRs 

as well as the oncogenic protein tyrosine kinase KIT [Mancini et al., 2000]. GPCRs 

are able to directly stimulate MAPK pathways via RAS activation, and KIT is able 

to stimulate MAPK activation via the PI3K pathway. Although the function of 

MPDZ is very poorly defined, it may function in augmenting MAPK stimulation 
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via GPCRs or KIT. This effect may be further exacerbated by amplification of the 

PIK3C2G and PLSCR1 loci, that are also seen in a high frequency of NHL cases. 

The product of the PI3KC2G gene functions in the PI3K pathway and has a role in 

linking this pathway to MAPK stimulation by the phosphorylation of SHC [Lopez-

Ilasaca et al., 1997]. The product of the PLSCR1 gene co-localises with receptor 

tyrosine kinases in lipid rafts and is also able to phosphorylate SHC resulting in its 

increased activity [Nanjundan et al., 2003]. The combination of copy number 

aberrations involving the MPDZ, PIK3C2G and PLSCR1 genes may therefore all 

have a potential role in augmenting MAPK activation in response to a range of 

stimuli.  

 

The final two candidate genes that were found to be targeted by DNA copy 

number aberrations in a large number of NHL tumor samples function in 

modulating the MAPK pathway following activation. The RKGT gene, which was 

targeted by recurrent deletions, encodes a protein that functions in modulating the 

sub-cellular localization of RAF [Fan et al., 2008; Feng et al., 2007]. RKGT-

mediated trapping of RAF to the golgi decreases its ability to phorphorylate MEK 

and thereby decreases MAPK activity. Deletion of the RKGT gene, and the 

theoretical decrease in abundance that accompanies it, is therefore likely to release 

inhibition of RAF and allow for greater propagation of MAPK signalling. The 

propagation of MAPK signalling may also be contributed to by amplification of the 

RCC1 gene; this functions in activation of the small G-protein RAC1, which is 

subsequently able to activate the p38 MAPK pathway [Mollinari et al., 2003]. 

Furthermore, RCC1 is also required for proper mitotic spindle formation, so over-

expression as a result of genetic amplification may not only increase MAPK 

signalling, but may also have a functional role in the mitosis that results. 

 

In order to provide additional evidence for the observation generated as a result of 

our whole-genome DNA copy number analysis, described regions of copy number 
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variation should first be validated by techniques such as MassArray copy number 

analysis. Furthermore, the role of these aberrations in NHL disease pathogenesis 

should by confirmed by their interrogation within a larger and independent 

cohort of patients. It may also be additionally valuable to utilize techniques such as 

gene expression profiling in order to investigate the transcriptional manifestations 

of these aberrations and provide insight into their functional effect. 

 

8.3 Gene Expression Analysis 

Along side the analyses performed as part of the detailed investigation into 

candidate genes (Chapter 7), the two main applications for gene expression 

analysis in this thesis were the development of a qPCR-based COO subtyping 

method (Section 6.1) and the genome-wide analysis of transcriptional changes 

associated with chemotherapeutic response in FL patients (Section 6.2). These 

investigations utilized both single-gene interrogations by qPCR as well as 

transcriptome-level gene expression profiling by gene expression microarray.  

 

8.3.1 qPCR-Based COO Subtyping 

Despite the un-informed nature of previous molecular profiling studies, one 

investigation in particular has defined sub-sets of DLBCL that significantly differ 

in outcome [Alizadeh et al., 2000]. These cell-of-origin (COO) subtypes could be 

classified into two prognostically divergent groups; one with expression profiles 

related to germinal-centre B-cells (GCB), and the other with gene expression 

profiles either related to activated B-cells or to an uncharacterised state of 

differentiation (non-GCB). These two COO groups are conventionally classified by 

microarray-based gene expression profiling to provide accurate and reproducible 

results, but an alternate method of classification based upon tissue-microarray 

shows comparative inconsistency [Hans et al., 2005]. Due to the unavailability of 

gene-expression microarray platforms in the majority of modern diagnostic 

laboratories, we developed a qPCR-based technique for determination of these 
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prognostically significant subtypes (Section 6.1). The final model was developed 

with a learning-group of 6 DLBCL samples and employed measurements of the 

transcript abundance of 6 genes normalized to an internal reference gene, 

followed by categorization using an ordered hierarchical classification tree. The 

efficacy of this model was then evaluated using a test set of 6 DLBCL samples, 

during which we found it to predict COO subtypes with 100% concordance to 

gene-expression microarray based subtyping. This indicates that our novel qPCR-

based method for COO subtyping of DLBCL samples is highly accurate. However, 

further evidence for this utility of this method should be provided by 

investigations employing larger sample sizes within the test group. When 

validated, this method could potentially provide a simple means of elucidating 

these prognostic subtypes of DLBCL within a clinical setting, and thereby allow 

more accurate stratification of DLBCL patients into prognostic groups. 

 

8.3.2 Transcriptional Analysis of Chemotherapeutic Response 

There have only been very few molecular profiling studies that have directly 

interrogated features associated with patient chemotherapeutic response in NHL 

[Bohen et al., 2003; Vallat et al., 2003]. This is mostly due to the need for 

uniformly treated cohorts of patients, which places restriction on sample size. 

Although sample sizes were also restricted in this investigation, a cohort of 10 FL 

tumor samples treated at a single institution was available with fully annotated 

chemotherapeutic response data. Differential gene expression analysis in this 

investigation elucidated several interesting groups of candidate genes with 

potential roles in FL chemotherapeutic response. These included previously 

characterized oncogenes and tumor-suppressor genes, genes with a role in the 

immune response, and genes within the FOX and MAF families.  

 

Among the oncogenes and tumor-suppressor genes found to be associated with 

chemotherapeutic response in this investigation were the p53-family member 
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TP73, the proto-oncogene PAX5, and the ubiquitin-specific protease USP22. The 

role of TP73 will not be discussed here, as it was the focus of detailed 

investigation. Similar to TP73, PAX5 also possesses a role in modulating the p53-

response. It is able to both reduce the tumor-suppressor activity of p53 and induce 

genes with an oncogenic role, such as the MYC-family member N-MYC and the 

B-cell receptor associated kinase BLK [Siebert et al., 2001]. USP22 is also associated 

with MYC activity due to its requirement for transactivation by the MYC-

recruited SAGA complex [Zhang et al., 2008]. The combined increase in 

expression of these genes, observed in FL patients that failed to achieve a complete 

response to chemotherapy, may therefore play a role in suppressing the activity of 

p53 and promoting the activity of MYC. These candidates require detailed 

investigation, but the well-defined role of p53 and MYC in NHL pathogenesis 

suggests that they could potentially be important mediators of chemotherapeutic 

response. 

 

Cytokine signaling was a factor that showed recurring importance throughout the 

whole-genome screens performed in this thesis. Gene expression profiling of 

chemotherapeutic response derived a number of genes with a role in immune 

responses mediated by cytokine signaling. The host immune response to FL has 

previously been associated with prognosis [Dave et al., 2004] and 

chemotherapeutic response [Bohen et al., 2003]. However, our observations 

within this investigation pointed to a novel finding of down-regulation of both the 

Th1 and Th2 helper T-cell responses, with an associated up-regulation of the Th17 

response. In particular, two IL17 cytokines and an IL17-receptor were found to be 

over-expressed in FL patients that failed to achieve complete response to 

chemotherapy. Although the relative recency of the discovery of the Th17 lineage 

means that the role of these cells is poorly defined, the importance of regulating 

the induction and duration of Th17 immune responses has been demonstrated by 

associations between Th17 function and autoimmune disease [Harrington et al., 
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2006]. The association between Th17 responses and failure to achieve a complete 

response to chemotherapy therefore requires further investigation. This could 

potentially be achieved by flow-cytometric analysis of T-cell repertoires within 

peripheral blood samples of B-CLL patients, and comparison of the representation 

of Th lineages with chemotherapeutic response data obtained from clinical notes 

or primary cell culture experiments.  

 

The down-regulation of Th1 and Th2 responses was also supported by the 

increased expression of two of the FOX-family genes (FOXD2 and FOXJ1) in FL 

patients with poor chemotherapy response that function in suppression of these 

lineages [Jonsson and Peng, 2005]. A further 2 of the 8 FOX-family genes that 

were highlighted by this investigation have been previously implicated as tumor-

suppressor genes due to their mutation in other cancers [Katoh and Katoh, 2004], 

and were accordingly found to be down-regulated in FL patients with poor 

chemotherapeutic response. Another FOX-family gene, FOXP1, is also the subject 

of detailed investigation in this thesis, as is a member of the MAF-family of genes 

that was highlighted by this investigation (BACH2). The MAF-family members 

MAFF and BACH1, and the MAFF transcriptional co-factor CMIP, were found to 

have increased expression in FL patients with a poor response to chemotherapy. 

MAFF is a homologue of the VMAF oncogene, and is able to bind the MAPK-

activated transcription factors FOS and JUN to make transcriptionally active 

heterodimers [Kataoka et al., 1994]. Over-expression of MAF-family genes may 

therefore alter the MAPK-induced transcriptional responses in order to support a 

chemotherapy resistant phenotype. This hypothesis could be further investigated 

by siRNA-mediated gene knock-down of deregulated MAF-family genes within 

NHL cell-lines, followed by transcriptional profiling, in order to define their 

transcriptional targets within these cells. 
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Past investigations into chemotherapeutic response have focused primarily on the 

most differentially expressed genes between responders and non-responders, 

placing the emphasis of analysis on those genes that display the most extreme 

variation between groups. However, similar to the situation observed with genetic 

susceptibility screens, this approach ignores the large compounding contribution 

of smaller perturbations. In this work, we therefore applied only a threshold of 

fold-change between groups rather than statistical parameters. This resulted in the 

implication of a large number of genes, but is less likely to incur type I errors 

(false-negatives). Furthermore, the enrichment of results using our novel 

bioinformatics methods centralizes cell signaling pathways with large 

contributions, meaning that those pathways that are likely to contain type II 

errors (false-positives) remain peripheral to the investigation. Using this approach, 

we defined the MAPK pathway as being central to regulating chemotherapeutic 

response in FL. These mitogen- and cytokine-responsive pathways can be 

activated by both G-protein and receptor-tyrosine kinase receptor tyrosine kinase 

signaling, and possess additional cross-talk with the PI3K pathway [Lopez-Ilasaca  

et al., 1997]. Many genes that were differentially expressed in FL patients with CR 

to chemotherapy compared to those who failed to achieve CR were involved in 

the MAPK pathway at a range of levels. Large numbers of genes associated with 

induction of the MAPK pathway, such as those involved in regulating G-protein 

signaling, a range of growth-factors and their receptors, and a range of cytokines 

and their receptors showed increased expression in FL patients that failed to 

achieve complete response to chemotherapy. However, three genes that were 

particularly noteworthy within the MAPK pathway were a scaffolding molecule 

involved in activation of the MAPK pathway (SHC3), a homologue of the ABL 

oncogene (ABL2), and a modulator of the MEK-ERK pathway (BRAP).  

 

The SHC3 gene can form part of the GRB2/SHC/SOS complex that allows for RAS-

mediated MAPK activation, and undergoes activating phosphoylation by receptor 
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tyrosine kinases and activated G-protein complexes [van Blesen et al., 1995]. Over-

expression of SHC3, observed in FL patients with poor response to chemotherapy, 

may therefore allow increased transduction of signals integrated from both 

receptor tyrosine kinases and G-protein coupled receptors in order to activate the 

MAPK pathway. The ABL2 gene is a homologue of an oncogene that has been 

implicated in the development of myeloid leukemias due to its frequent 

translocation. The ABL2 gene has also been shown undergo genetic translocation 

[Griesinger et al., 2002], and is able to activate the MAPK components p38 and 

JNK. This gene is of further interest because of a previous observation that ABL is 

able to induce expression of TP73 [Sanchez-Prieto et al., 2002], which was also 

found to be over-expressed in FL patients with poor chemotherapeutic response. 

Increased activation of the MAPK pathway by SHC3 and ABL2 may be further 

exacerbated by decreased expression of BRAP. This gene functions in preventing 

heterodimerisation of RAF proteins which is required for activation of the MEK-

ERK MAPK pathway. Decreased expression of BRAP, as noted in FL patients with 

poor response to chemotherapy, may therefore release this inhibitory function 

upon RAF and allow increased signaling across the MAPK pathway.  

In order to prove the importance of MAPK signaling in chemotherapeutic 

response, and validate the implication of these individual candidates, further 

detailed investigation of candidate and functional analysis of the MAPK pathway 

is required. Cell-line models of NHL may provide a useful platform for these 

investigations due to the ability to treat them with set chemotherapeutic regimes 

and quantitatively measure their responses. Phospho-specific antibodies and flow 

cytometry prior to and following these chemotherapy exposures may additionally 

be used in order to derive the activity of MAPK pathway to provide associations 

with chemotherapeutic response. 
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8.4 Detailed Analysis of Candidate Genes 

Genome-wide screens of the NHL genome and transcriptome is an appealing tool 

for providing broad insights into the mechanisms of disease, and to implicate 

individual genes with a role in disease pathogenesis. However, at the level of 

genome-wide investigations the role of each candidate gene can only be 

speculated upon based on previously defined cellular functions. Detailed 

investigations using high-sensitivity techniques are therefore required in order to 

accurately delineate the role of candidate genes in NHL pathogenesis. In this 

thesis, three candidate genes were selected for detailed investigation. These 

included; (i) BACH2, a member of the MAF-family of genes that was implicated in 

NHL pathogenesis by gene expression analysis of chemotherapeutic response in 

FL, (ii) FOXP1, a gene that was implicated in NHL etiology by genome-wide 

screens for genetic susceptibility loci, and (iii) TP73, a gene that was implicated in 

NHL pathogenesis by both it’s frequent deletion in FL and DLBCL samples and it’s 

high expression in FL patients that failed to achieve a complete response to 

chemotherapy. 

 

 

8.4.1 BACH2 

BACH2 functions by binding MARE elements and mediating transcriptional 

repression of loci such as the IgH promoter [Muto et al., 1998]. Strong IHC 

staining of BACH2 is associated with adverse prognosis in DLBCL [Poteat and 

Sklar, 1997], and BACH2 transcript abundance is one of the features used to define 

DLBCL COO subtype (Section 1.9.1.1) [Alizadeh et al., 2000]. We hypothesized 

that, due to its role in repressing expression from the IgH promoter, BACH2 may 

also function in repressing expression of oncogenes that have been juxtaposed to 

the IgH promoter by genetic translocation. The most common translocation 

within the NHL disease sub-categories in this investigation is the t(14;18)(q21;q34) 

translocation which places the anti-apoptotic BCL2 gene under control of the IgH 
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promoter. We used a nested-PCR assay and capillary electrophoresis in order to 

provide high-sensitivity detection of this translocation within FL and DLBCL 

tumor samples. Transcript abundance of BCL2 and BACH2 was also measured 

relative to an internal reference gene by qPCR. In line with previous 

investigations, we found that the t(14;18)(q21;q34) translocation was present 

within 71% of FL and 43% of DLBCL samples, but was not invariably associated 

with increased BCL2 transcript abundance. Tumor samples with or without the 

translocation were then split into groups either with high or low BACH2 as 

defined by BACH2 expression being above or below the mean expression 

respectively. As expected, there was no significant difference in BCL2 expression 

in high BACH2 expressers compared to low BACH2 expressers within the group of 

translocation-negative patients. There was also no significant difference in BCL2 

transcript abundance within high BACH2 expressers positive for the 

t(14;18)(q21;q34) translocation compared to either of the translocation-negative 

groups. In contrast, translocation-positive tumors with low BACH2 expression had 

significantly higher levels of BCL2 transcript than translocation-positive high 

BACH2 expresser and all translocation-negative patients. This indicates that 

BACH2 may regulate expression of BCL2 from the t(14;18)(q21;q34) translocation 

by transcriptional repression of the IgH promoter. This provides some explanation 

for the inconsistency of BCL2 expression within patients containing the 

t(14;18(q21;q34) translocation, and the associated lack of prognostic significance of 

this transforming aberration.  

 

8.4.2 FOXP1 

The FOXP1 gene was characterized as a transcriptional repressor with a role in 

mediating expression of some NFAT- and NFκB-responsive genes [Wang et al., 

2003b], and has been described as having both an oncogenic and tumor-suppressor 

role [Alimov et al., 2000; Wlordarska et al., 2005]. In DLBCL, some studies have 

reported an association between strong IHC for FOXP1 and poor outcome [Barrans 
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et al., 2004; Brown et al., 2005], and it is further utilized as a marker of the ABC 

subtype of DLBCL. However, inconsistencies in the predictive capacity of FOXP1 

IHC staining and the recent description of truncated isoforms this gene [Brown et 

al., 2008] have suggested that transcriptional complexity may alter its role. NH2-

terminally truncated isoforms of FOXP1 were hypothesized to act as competitive 

inhibitors of full-length isoforms due maintenance of FKH DNA-binding domains, 

but the lack of poly-glutamine and coiled-coil domains. In order to investigate this 

we designed a novel qPCR-based assay for analysis of the relative abundance full-

length and truncated FOXP1 isoforms. A FOXP1ΔCT value was measured by this 

assay which represented the relative abundance of NH2-terminal and COOH-

terminal regions of FOXP1 transcripts. An increasing FOXP1ΔCT therefore 

represented an increasing abundance of truncated and hypothetically oncogenic 

isoforms of FOXP1.  

 

In order to validate the accuracy of FOXP1ΔCT to predict relative transcript 

abundance, another qPCR assay was also utilized for measurement of isoform 2 

that overlapped with the NH2-terminal assay. This found that isoform 2 was not 

likely to contribute to NH2-terminal assay amplification in FL and DLBCL 

samples, but was highly expressed in B-CLL samples resulting in the inability to 

utilize FOXP1ΔCT values for this disorder. The relationship between FOXP1 

transcript abundance and protein levels was also investigated by correlation of the 

absolute abundance of all FOXP1 transcripts with IHC measurements of FOXP1 

protein in a small number of samples. This found a significant correlation between 

transcript and protein abundance, suggesting that transcriptional changes observed 

in this investigation were being translated into changes at the protein level. 

 

Following validation of the FOXP1 qPCR assays, absolute FOXP1 transcript 

abundance and FOXP1ΔCT values were calculated for FL, DLBCL and control HLT 

samples. In order to investigate their association with NFκB signaling, these 
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measurements were correlated with gene expression microarray-based 

measurements of 111 NFκB-associated genes. Using this approach, we found no 

significant difference in absolute FOXP1 transcript abundance in either FL or 

DLBCL samples compared to control HLT. Furthermore the expression of very few 

NFκB-associated genes correlated with absolute FOXP1 transcript abundance in 

FL or DLBCL samples. This indicates that absolute FOXP1 abundance, as measured 

by IHC staining of FOXP1 in previous investigations, is not informative for the 

overall effect of FOXP1 on NFκB signaling. 

 

In contrast, FOXP1ΔCT values were found to be significantly increased in both FL 

and DLBCL samples in comparison to control HLT samples, indicating that these 

NHL tumor samples have increased expression of oncogenic FOXP1 isoforms. 

However, in DLBCL samples there were very few significant correlations between 

FOXP1ΔCT and the expression of NFκB-associated genes, indicating that additional 

factors may influence FOXP1 activity in these tumors. In contrast, FL samples 

showed significant correlations between FOXP1ΔCT and 68% of NFκB-associated 

genes. This suggests that the relative abundance of full-length and truncated 

isoforms of FOXP1 may regulate NFκB signaling in FL. The activation of NFκB 

signaling results in the induction of cell-survival pathways, and constitutive 

activation of this pathway is a feature of the ABC subtype of DLBCL that is 

associated with adverse prognosis. In line with this, FL patients that failed to 

achieve complete response to chemotherapy were found to have a significantly 

higher FOXP1ΔCT than those patients that achieved a complete response. This 

suggests that, not only may FOXP1ΔCT have potential to be utilized as a marker 

for NFκB activity in FL, but it may also be predictive of response to chemotherapy. 

However, in order to provide further evidence for these associations, the 

relationship between FOXP1ΔCT and chemotherapeutic response should be 

measured in a large uniformly-treated cohort of FL patients. Furthermore, it may 

also be interesting to elucidate other FOXP1-regulated genes using bioinformatic 
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scans for FKH consensus sequences and/or genome-wide transcriptional analysis 

before and after siRNA-mediated FOXP1 knock-down.  

 

8.4.3 TP73 

The TP73 gene is a homologue of the p53 gene, which acts as a ‘gate-keeper to the 

genome’ by regulating responses to DNA damage. This gene is frequently deleted 

and hypermethylated in NHL, providing some suggestion that it may play a 

tumor-suppressor role, but the mutual-exclusivity of these aberrations and our 

finding that TP73 was over-expressed in FL patients that failed to achieve 

complete response to chemotherapy provides some evidence to the contrary. Like 

FOXP1, NH2-terminally truncated transcripts of TP73 (ΔTAp73) have been 

described that inhibit the activity of full-length TP73 (TAp73) as well as wild-type 

p53. In addition, the TP73 gene also encodes COOH-terminally truncated isoforms 

that lack a regulatory SUMOylation site, but have poorly defined function. In this 

thesis, aberrations of the TP73 gene were investigated at the genetic, epigenetic 

and transcriptional level. Furthermore, gene expression microarray-based 

measurements of p53-responsive and RAS-associated genes were used in order to 

assess the affect of the relative transcript abundance of TAp73 and ΔTAp73 

isoforms on these signatures.  

 

Through the use of EpiTyper technology and SNP microarray-based DNA copy 

number analysis, we found that the TP73 gene was targeted by hypermethylation 

or hemizygous deletion in a large frequency of FL and DLBCL tumors. Although 

hypermethylation of the TP73 gene was found to alter the transcript abundance of 

TP73 isoforms, absolute TP73 expression was found to have no association with 

survival in meta-analysis data. In contrast, whole-genome differential gene 

expression analysis found that hemizygous deletion of the TP73 gene was 

accompanied by increases in a large number of genes with a role in mediating RAS 

signaling. This suggests that hemizygous deletion of TP73 may provide an avenue 
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for escape from RAS-induced senescence. This was an interesting finding in light 

of a previous investigation that showed over-expression of ΔTAp73 inhibited p53 

function and allowed escape from senescence following activation of RAS 

[Patrenko et al., 2003].  

 

Due to the lack of association between absolute TP73 expression and overall 

survival in DLBCL, and because of observations that ΔTAp73 may allow escape 

from RAS-induced senescence and inhibit p53 activity [Grob et al., 2001], we 

designed a novel assay for the interrogation of the relative abundance of TAp73 

and ΔTAp73 isoforms. In a similar fashion to our novel FOXP1 assay, a TP73ΔCT 

value was calculated, with and increasing TP73ΔCT corresponding to increasing 

abundance of ΔTAp73 isoform transcripts. Using this approach, we found that 

oncogenic isoforms, with a p53-inhibitory function, were expressed at much 

higher levels in FL and DLBCL samples compared to control HLT samples. This 

increase in TP73ΔCT value corresponded with increased disease aggressiveness 

both through the clinico-pathologic spectrum of NHL, and through FLIPI 

categories in FL samples. This indicated that increased expression of oncogenic 

isoforms of TP73 may have a pathogenic role in NHL. Furthermore, our 

investigations into an intronic AFLP site and expression of the ZEB1 

transcriptional repressor revealed that these components may have a role in 

mediating the oncogenic TP73 shift. 

 

In order to investigate the effect of oncogenic shifts in the relative abundance of 

TP73 isoforms, we used gene-expression microarrays to interrogate the abundance 

of transcripts related to p53 and RAS signaling. Of the 35 p53-responsive genes 

investigated in this study, 24 (69%) showed significant correlation of TP73ΔCT 

values. This suggested that increased abundance of truncated TP73 isoforms 

resulted in the inhibition of p53 function. Because of the integral role of the p53 

response in inducing cell death upon detection of DNA damage, increased 
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TP73ΔCT was hypothesized to be associated with reduced response to 

chemotherapy. In support of this, NHL cell-lines showed increasing TP73ΔCT with 

a decreasing response to a range of commonly administered chemotherapeutics.  

 

As demonstrated by whole-genome differential gene expression analyses in this 

investigation, the p53 inhibitory function of oncogenic isoforms of TP73 may also 

allow escape from p53-mediated RAS-induced senescence. This was further 

supported by the significant correlation between TP73ΔCT values and the 

expression of 35% of genes within a previously-defined RAS signature. These 

significant correlations included genes with central roles in RAS signaling, such as 

KRAS and HRAS, as well as a variety of oncogenes, such as PIM1, SKP2 and 

VEGF. This finding is particularly pertinent due to our elucidation of MAPK 

signaling as playing a central role in NHL pathogenesis, as constitutive activity of 

the MEK-ERK pathway (which is activated by RAS) results in senescence 

mediated by p53 and the p53-responsive gene CDKN2A [Lin et al., 1998]. 

 

COOH-terminal variants, although poorly defined in function, may also have a 

role mediating the oncogenic effects of TP73. Using a novel PCR assay combined 

with capillary electrophoresis, we were able to interrogate the presence and semi-

quantitatively measure the abundance of C-terminal TP73 isoforms in NHL tumor 

samples and control HLT tissue. This work found that higher molecular weight 

COOH-terminal isoforms of TP73 that maintain the regulatory SUMOylation site, 

were not detected in NHL tumor specimens, but were within the range of 

detection in control HLT samples. This suggests that altered abundance of C-

terminally truncated isoforms of TP73 may also have a pathogenic role in NHL, 

but their exact function requires further investigation. 

 

In conclusion, we found that the TP73 gene was targeted by aberrations at genetic, 

epigenetic and transcriptional levels in FL and DLBCL tumors. In order to validate 
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these associations and provide further insight into the oncogenic role of TP73 

isoforms in NHL, these experiments should be reproduced in a large independent 

cohort of patients and the physiological role of COOH-terminal TP73 variants 

should be elucidated. However, we have provided strong evidence that TP73 may 

play an important role in the molecular pathogenesis of NHL. TP73 aberration was 

associated with increased prevalence of NH2-terminally truncated isoforms of 

TP73 that we demonstrated to have an oncogenic effect by inhibition of p53 

function. The increased abundance of oncogenic TP73 variants was also associated 

with increased RAS activity, suggesting that the p53 inhibitory function of these 

isoforms may allow for escape from RAS induced senescence. Furthermore, we 

also showed the abundance of COOH-terminally truncated variants of TP73 to be 

altered in NHL tumor samples compared to control tissue, which may result in 

escape of oncogenic isoforms from regulation by SUMOylation.  

 

8.5 Summary 

This thesis details the molecular profiling of three subtypes of NHL, including the 

development of novel methods, genome-wide screens utilising gene expression 

and SNP microarrays, and detailed investigation of candidate genes using sensitive 

laboratory techniques. The novel methods developed as part of this work allow a 

simplified means of determining previously described prognostic subtypes of 

DLBCL, allow informed analysis and interpretation of genome-wide SNP screens, 

derive regions of LOH without the need for patient-matched controls, and applied 

molecular profiling technology to the characterisation of a novel disorder. Using 

whole-genome SNP and gene expression microarray analysis of B-CLL, FL and 

DLBCL samples, we have provided evidence that components within the MAPK 

signalling pathway play a central role in NHL pathogenesis from disease aetiology 

to progression and chemotherapeutic response. Finally, detailed investigation of 

three candidate genes was completed using sensitive laboratory techniques in 

order to define their role in NHL pathogenesis. The BACH2 gene was implicated 
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in controlling BCL2 expression from the t(14;18)q21;q34) translocation that is 

present in a high frequency of NHL tumors. The relative abundance of full-length 

and truncated isoforms of FOXP1 and TP73 were found to be altered in NHL 

tumors. Relative FOXP1 isoform abundance was additionally associated with the 

expression of a large number of NFκB-associated genes in FL, while relative TP73 

isoform abundance was found to be associated with expression of both p53-

associated and RAS-signalling genes. This work in this thesis has therefore 

produced novel techniques that will be valuable for future investigations, and 

provided insight into the molecular pathogenesis of NHL at both the genome-wide 

and single-gene level. 
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Appendix I: Gene Symbols and Gene Names 
 
A1 (RFC4)  Replication factor C (activator 1) 4, 37kDa 
ABL (ABL1)  c-abl oncogene 1, receptor tyrosine kinase 
ABL2   v-abl Abelson murine leukemia viral oncogene homolog 2  
ACTN1  Actinin, alpha 1 
ADAM29  ADAM metallopeptidase domain 29 
AKT (AKT1)  v-akt murine thymoma viral oncogene homolog 1 
ANP32C Acidic (leucine-rich) nuclear phosphoprotein 32 family, 

member C 
ATM   Ataxia telangiectasia mutated 
AVEN   Apoptosis, caspase activation inhibitor 
BACH1 BTB and CNC homology 1, basic leucine zipper transcription 

factor 1 
BAFF (TNFSF13B) Tumor necrosis factor (ligand) superfamily, member 13b 
BAX   BCL2-associated X protein 
BCL2   B-cell CLL/lymphoma 2 
BCL6   B-cell CLL/lymphoma 6 
BIRC5   Baculoviral IAP repeat-containing 5 
BLK   B lymphoid tyrosine kinase 
BLM   Bloom syndrome 
BMP2   Bone morphogenetic protein 2 
BMP6   Bone morphogenetic protein 6 
BRAF   v-raf murine sarcoma viral oncogene homolog B1 
BRAP   BRCA1 associated protein 
BRCA1  Breast cancer 1, early onset 
BRCA2  Breast cancer 2, early onset 
C3AR1  Complement component 3a receptor 1 
CACNA1D  Calcium channel, voltage-dependent, L type, alpha 1D 
subunit 
CACNA2D2  Calcium channel, voltage-dependent, alpha 2/delta subunit 2 
CACNA2D3  Calcium channel, voltage-dependent, alpha 2/delta subunit 3 
CACNB2  Calcium channel, voltage-dependent, beta 2 subunit 
CACNB4  Calcium channel, voltage-dependent, beta 4 subunit 
CASP8   Caspase 8, apoptosis-related cysteine peptidase 
CASP9   Caspase 9, apoptosis-related cysteine peptidase 
CBLB   Cas-Br-M (murine) ecotropic retroviral transforming 
sequence b 
CCL20   Chemokine (C-C motif) ligand 20 
CCL5   Chemokine (C-C motif) ligand 5 
CCNA2  Cyclin A2 
CCNB1  Cyclin B1 
CCND1  Cyclin D1 
CCND2  Cyclin D2 
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CCND3  Cyclin D3 
CCNE2  Cyclin E2 
CCNG1  Cyclin G1 
CCNG2  Cyclin G2 
CCNM1  Cyclin M1 
CCR5   Chemokine (C-C motif) receptor 5 
CD10 (MME)  Membrane metallo-endopeptidase 
CD19   CD19 molecule 
CD20 (MS4A1) Membrane-spanning 4-domains, subfamily A, member 1 
CD22   CD22 molecule 
CD23 (FCER2) Fc fragment of IgE, low affinity II, receptor for (CD23) 
CD3    CD3d molecule 
CD38   CD38 molecule 
CD3D   CD3d molecule, delta 
CD4   CD4 molecule 
CD40   CD40 molecule, TNF receptor superfamily member 5 
CD43 (SPN)  Sialophorin 
CD44   CD44 molecule 
CD5   CD5 molecule 
CD7   CD7 molecule 
CD79A  CD79a molecule 
CD8B1 (CD8B) CD8b molecule 
CDC14A  CDC14 cell division cycle 14 homolog A 
CDC16  Cell division cycle 16 homolog  
CDK2   Cyclin-dependent kinase 2 
CDK4   Cyclin-dependent kinase 4 
CDK6   Cyclin-dependent kinase 6 
CDKN1A  Cyclin-dependent kinase inhibitor 1A 
CDKN1B  Cyclin-dependent kinase inhibitor 1B  
CDKN2A  Cyclin-dependent kinase inhibitor 2A  
CDKN2B  Cyclin-dependent kinase inhibitor 2B 
CFLAR  CASP8 and FADD-like apoptosis regulator 
CHK1 (CHEK1) CHK1 checkpoint homolog  
CHK2 (CHEK2) CHK2 checkpoint homolog  
CMIP   c-Maf-inducing protein 
CSF1   Colony stimulating factor 1 
CSF2RB  Colony stimulating factor 2 receptor, beta, low-affinity 
CXCL1   Interleukin 8 receptor, beta 
CXCL12  Chemokine (C-X-C motif) ligand 12  
CXCL13  Chemokine (C-X-C motif) ligand 13 
CXCR4  Chemokine (C-X-C motif) receptor 4 
DOCK1  Dedicator of cytokinesis 1 
DOCK2  Dedicator of cytokinesis 2 
DOCK4  Dedicator of cytokinesis 4 
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DUSP6  Dual specificity phosphatase 6 
E2A (TCF3)  Transcription factor 3 
EDAR   Ectodysplasin A receptor 
EGR1   Early growth response 1 
EIF4E   Eukaryotic translation initiation factor 4E 
ERCC2  X-ray repair complementing defective repair in Chinese 

hamster cells 2 
ERCC4 Excision repair cross-complementing rodent repair 

deficiency, complementation group 4 
ERCC5 X-ray repair complementing defective repair in Chinese 

hamster cells 5  
ERCC8 Excision repair cross-complementing rodent repair 

deficiency, complementation group 8 
ETV3   Ets variant 3 
ETV6   Ets variant 6 
FANCD2  Fanconi anemia, complementation group D2 
FAS   Fas (TNF receptor superfamily, member 6) 
FASL (FASLG) Fas ligand (TNF superfamily, member 6) 
FCGR1A  Fc fragment of IgG, high affinity Ia, receptor (CD64) 
FGF1   Fibroblast growth factor 1 (acidic) 
FGF12   Fibroblast growth factor 12 
FGF14   Fibroblast growth factor 14 
FGFR2   Fibroblast growth factor receptor 2 
FN1   Fibronectin 1 
FOS   V-fos FBJ murine osteosarcoma viral oncogene homolog 
FOXP1  Forkhead box P1 
FRSB (FARSB) Phenylalanyl-tRNA synthetase, beta subunit 
FRZB   Frizzled-related protein 
FYN   FYN oncogene related to SRC, FGR, YES 
GAS5   Growth arrest-specific 5  
GATA2  GATA binding protein 2 
GCET2  Germinal center expressed transcript 2 
GPCR5A  G protein-coupled receptor, family C, group 5, member A 
GPSM1  G-protein signaling modulator 1 
GRB2   Growth factor receptor-bound protein 2 
H2AFX  H2A histone family, member X 
H2AX (H2AFX) H2A histone family, member X 
HDAC1  Histone deacetylase 1 
HK2   Hexokinase 2 
HMGA1  High mobility group AT-hook 1 
HRAS   v-Ha-ras Harvey rat sarcoma viral oncogene homolog 
ICAM1  Intercellular adhesion molecule 1 
ICAM2  Intercellular adhesion molecule 2 
ICAM3  Intercellular adhesion molecule 3 
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IFNG   Interferon, gamma 
IKBKE Inhibitor of kappa light polypeptide gene enhancer in B-

cells, kinase epsilon 
IL10   Interleukin 10 
IL10RA  Interleukin 10 receptor, alpha 
IL12B   Interleukin 12B  
IL1A   Interleukin 1, alpha 
IL1? (IL1B)  Interleukin 1, beta 
IL2   Interleukin 2 
IL20RA  Interleukin 20 receptor, alpha 
IL25   Interleukin 25 
IL4   Interleukin 4 
IL4R   Interleukin 4 receptor 
IL5   Interleukin 5  
IL6   Interleukin 6  
IL6R   Interleukin 6 receptor 
IL8   Interleukin 8 
IL8RA   Interleukin 8 receptor, alpha 
IL8RB   Interleukin 8 receptor, beta 
IRF2   Interferon regulatory factor 2 
ITGAL   Integrin, alpha L 
ITGB2   Integrin, beta 2  
ITK   IL2-inducible T-cell kinase 
JAK1   Janus kinase 1  
JAK2   Janus kinase 2  
JUN   Jun oncogene 
JUNB   Jun B proto-oncogene 
KI67 (MKI67 ) Antigen identified by monoclonal antibody Ki-67 
KIT v-kit Hardy-Zuckerman 4 feline sarcoma viral oncogene 

homolog 
KITLG   KIT ligand 
KRAS   v-Ki-ras2 Kirsten rat sarcoma viral oncogene homolog 
KSR1   Kinase suppressor of ras 1 
LAT   Linker for activation of T cells 
LDH    Lactate dehydrogenase 
LDHA   lactate dehydrogenase A 
LEF1   lymphoid enhancer-binding factor 1 
LGMN   Legumain 
LIG4   Ligase IV, DNA, ATP-dependent 
LMO4   LIM domain only 4 
LPL   Lipoprotein lipase 
LYN   v-yes-1 Yamaguchi sarcoma viral related oncogene homolog 
MAF   v-maf musculoaponeurotic fibrosarcoma oncogene homolog 
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MAFF   v-maf musculoaponeurotic fibrosarcoma oncogene homolog 
F  
MAP3K4  Mitogen-activated protein kinase kinase kinase 4 
MAP3K7  Mitogen-activated protein kinase kinase kinase 7 
MAP3K7IP2 Mitogen-activated protein kinase kinase kinase 7 interacting 

protein 2 
MAPK1  Mitogen-activated protein kinase 1 
MAPK11  Mitogen-activated protein kinase 11 
MAPT   Microtubule-associated protein tau 
MCL1   Myeloid cell leukemia sequence 1  
MDM2  Mdm2 p53 binding protein homolog 
MGMT  O-6-methylguanine-DNA methyltransferase 
MIB1   Mindbomb homolog 1  
MIP1A (CCL3) Chemokine (C-C motif) ligand 3 
MME   Membrane metallo-endopeptidase 
MMP2   Matrix metallopeptidase 2  
MMP9   Matrix metallopeptidase 9  
MPDZ   Multiple PDZ domain protein 
MRE11 (MRE11A) MRE11 meiotic recombination 11 homolog A 
MSH2   MutS homolog 2, colon cancer, nonpolyposis type 1 
MTHFR   5,10-methylenetetrahydrofolate reductase 
MTMR6  Myotubularin related protein 6 
MTR   5-methyltetrahydrofolate-homocysteine methyltransferase 
MUM1  Melanoma associated antigen (mutated) 1 
MYC   v-myc myelocytomatosis viral oncogene homolog 
MYCL1  v-myc myelocytomatosis viral oncogene homolog 1 
NBS1 (NBN)  Nibrin 
NF1   Neurofibromin 1 
NFATC2 Nuclear factor of activated T-cells, cytoplasmic, calcineurin-

dependent 2 
NFKB1 Nuclear factor of kappa light polypeptide gene enhancer in 

B-cells 1 
NFKB2 Nuclear factor of kappa light polypeptide gene enhancer in 

B-cells 2  
NFKBIA Nuclear factor of kappa light polypeptide gene enhancer in 

B-cells inhibitor, alpha 
NMYC (MCYN) v-myc myelocytomatosis viral related oncogene, 

neuroblastoma derived 
NOTCH1  Notch homolog 1, translocation-associated 
NOTCH2  Notch homolog 2  
NR4A2  Nuclear receptor subfamily 4, group A, member 2 
NTRK2  Neurotrophic tyrosine kinase, receptor, type 2 
PAX5   Paired box 5 
PBX2   Pre-B-cell leukemia homeobox 2 
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PDGFC  Platelet derived growth factor C 
PDGFRA  Platelet-derived growth factor receptor, alpha polypeptide 
PIAS1   Protein inhibitor of activated STAT, 1 
PIK3C2G  Phosphoinositide-3-kinase, class 2, gamma polypeptide 
PIK3R1  Phosphoinositide-3-kinase, regulatory subunit 1 
PIM1   Pim-1 oncogene 
PIM2   Pim-2 oncogene 
PLSCR1  Phospholipid scramblase 1 
POLE1 (POLE) Polymerase (DNA directed), epsilon 
PPP3CA Protein phosphatase 3 (formerly 2B), catalytic subunit, alpha 

isoform 
PRDM1  PR domain containing 1, with ZNF domain 
PTEN   Phosphatase and tensin homolog 
PTIP (PAXIP1) PAX interacting (with transcription-activation domain)  

protein-1 
PTPN11  Protein tyrosine phosphatase, non-receptor type 11 
RAB37   RAB37, member RAS oncogene family  
RABL5  RAB, member RAS oncogene family-like 5 
RAD50  RAD50 homolog  
RAF (RAF1)  v-raf-1 murine leukemia viral oncogene homolog 1 
RAG1   Recombination activating gene 1 
RAG1    Recombination activating gene 1 
RAG2   Recombination activating gene 2  
RARS   Arginyl-tRNA synthetase 
RB1   Retinoblastoma 1 
RCC2   Regulator of chromosome condensation 2 
REL   v-rel reticuloendotheliosis viral oncogene homolog 
RELA   v-rel reticuloendotheliosis viral oncogene homolog A 
RKTG   Progestin and adipoQ receptor family member III 
RPL13A  Ribosomal protein L13a 
RUNX1  Runt-related transcription factor 1 
RUNX2  Runt-related transcription factor 2 
SELL   Selectin L 
SEPT10  Septin 10 
SHB   Src homology 2 domain containing adaptor protein B 
SHC (SHC1)  Src homology 2 domain containing transforming protein 1 
SHF   Src homology 2 domain containing F 
SHP2   Protein tyrosine phosphatase, non-receptor type 11 
SOCS2   Suppressor of cytokine signaling 2 
SOCS5   Suppressor of cytokine signaling 5 
SPRY1   Sprouty homolog 1, antagonist of FGF signaling 
SPRY2   Sprouty homolog 2 
SPRY4   Sprouty homolog 4 
STAT1   Signal transducer and activator of transcription 1 
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STAT3   Signal transducer and activator of transcription 3 
STAT4   Signal transducer and activator of transcription 4 
STAT6   Signal transducer and activator of transcription 6 
SWAP70  SWAP-70 protein 
SYK   Spleen tyrosine kinase 
TBX21   T-box 21 
TCF7   Transcription factor 7  
TdT (DNTT )  Deoxynucleotidyltransferase, terminal 
TIMP1   TIMP metallopeptidase inhibitor 1 
TK1   Thymidine kinase 1, soluble 
TLR5   Toll-like receptor 5 
TM4SF2 (TSPAN7) Tetraspanin 7 
TNFA   Tumor necrosis factor 
TNFSF11  Tumor necrosis factor (ligand) superfamily, member 11 
TNFSF13B  Tumor necrosis factor (ligand) superfamily, member 13b 
TNFSF8  Tumor necrosis factor (ligand) superfamily, member 8 
TOP2A  Topoisomerase (DNA) II alpha 170kDa 
TP53   Tumor protein p53 
TP73   Tumor protein p73 
TRD@   T cell receptor delta locus 
TRIF (TICAM1) Toll-like receptor adaptor molecule 1 
TSN   Translin  
TYMS   Thymidylate synthetase 
VEGF   Vascular endothelial growth factor A 
VEGFC  Vascular endothelial growth factor C 
WRN    Werner syndrome 
XRCC1 X-ray repair complementing defective repair in Chinese 

hamster cells 1 
XRCC3 X-ray repair complementing defective repair in Chinese 

hamster cells 3 
XRCC4 X-ray repair complementing defective repair in Chinese 

hamster cells 4 
ZAP70   Zeta-chain (TCR) associated protein kinase 70kDa 
 
 
 
 
 
 
 
 
 



Appendix II: Genes Associated with the Pathogenesis of Non-Hodgkin’s Lymphoma 
 
Gene Association with NHL Disease Behaviour Reference(s) Section 
ADAM29 High levels found in B-CLL patients with mutated IgV genes. Correlates 

with PFS in B-CLL patients of all stages. 
Oppezzo et al., 2005 1.8.5.1 

ATM In B-CLL, LOH of the ATM gene occurs in 20 of cases and is associated 
with mutated IgV genes and poor outcome. Deletion of the ATM gene 
has been found in 12% of FL and 24% of DLBCL cases. 

Gronbaek et al., 2002       
Haslinger et al., 2004             
Kearney and Horsley, 2005         
Krober et al., 2002                 
Pettitt et al., 2001               
Starostik et al., 1998                    

1.5.3 

B2M High serum B2M levels have been associated with short survival in NHL 
and is predictive of histological transformation of FL to DLBCL (section 
1.7.6). In B-CLL, B2M levels correlate with both Rai and Binet stage, is 
higher in patients with bulky disease and is a strong predictor of 5-year 
survival. 

Amiot et al., 1998                
Bastion et al., 1997                       
Di Giovani et al., 1989               
Kay et al., 2002a                          
Molica, 1997                            
Shanfelt et al., 2004 

1.6.2.2 

BACH2 High expression of BACH2 found in 30% of DLBCL patients and was 
associated with a better prognosis. NHL cells over-expressing BACH2 are 
more sensitive to chemotherapy. 

Kamio et al., 2003              
Sakane-Ishikawa et al., 2005 

6.1 

BAG1 High expression of BAG1 is associated with failure to achieve CR in B-
CLL 

Kitada et al., 1998 1.5.4 

BAX The ratio of BAX and BCL2 is able to predict survival in B-CLL. Kitada et al., 1998 1.5.4 
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Gene Association with NHL Disease Behaviour Reference(s) Section 
BCL2 The BCL2 gene is targetted by the t(14;18)(q21;q32) translocation in 85% 

of FL cases, 12-30% of DLBCL cases and 10% of B-CLL cases. Over-
expression of BCL2 has also been shown to result from hypomethylated 
in B-CLL, gene amplification in DLBCL and mutation of the promoter 
region in FL. 

Hanada et al., 1993                     
Kramer et al., 1998                      
Peng et al., 1999                           
Werner et al., 1997 

1.5.4 

BCL6 BCL6 is targetting by the t(3;14)(q27;q32) translocation in 35% of DLBCL 
cases and 40% of FL cases. High expression of BCL6 is associated with the 
GCB subtype of DLBCL (section 1.6.5.1) and increased OS in FL. 

Akasaka et al., 2003                    
Chang et al., 2000                        
Colomo et al., 2003                      
Lossos et al., 2003           
Rosenwald et al., 2002 

1.5.2 

BCL10 The BCL10 gene is deleted in 7-10% of FL cases resulting in decreased 
expression. 

Du et al., 2000 1.5.4 

BIRC5 Expression of BIRC5 (Survivin) has been associated with decreased OS in 
DLBCL patients and increased proliferative index in B-CLL patients. 

Adida et al., 2000                         
Granziero et al., 2001                  
Shinozawa et al., 2000 

- 

CCL3 Expressed by the ABC subtype of DLBCL (section 1.6.5.1) and associated 
with short survival. 

Lossos et al., 2004 - 

CCNB1 High expression of CCNB1 has been associated with increased survival in 
FL patients treated with CHOP. 

Bjork et al., 2005 1.5.3 

CCND1 The CCND1 gene is amplified in some cases of DLBCL. Kearney and Horsley, 2005 1.5.3 
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Gene Association with NHL Disease Behaviour Reference(s) Section 
CCND2 The CCND2 gene is amplified in some cases of aggressive DLBCL, and the 

gene transcript is over-expressed in both DLBCL and B-CLL. High 
expression of CCND2 is associated with the ABC subtype of DLBCL 
(section 1.6.5.1) and is part of a 6-gene set for accurately predicting 
prognosis in this disease. 

Decker et al., 2002                       
Delmer et al., 1995                  
Hans et al., 2005                          
Kearney and Horsley, 2005         
Rosenwald et al., 2002 

1.5.3 

CCND3 IHC staining for CCND3 is increased in DLBCL patients with higher 
disease stage and higher IPI score, and predict a poor response and 
decreased OS in these patients. 

Flipits et al., 2002                         
Hans et al., 2005                          
Moller et al., 2000 

1.5.3 

CD27 Serum levels of soluble CD27 correlate with disease stage and is a marker 
for tumor burden in B-CLL. 

van Oers et al., 1993 1.8.3.3 

CD38 Some investigations have associated CD38 expression with diffuse BM 
infiltration and survival in B-CLL. It's prognostic capacity, however, is 
contentious. 

Crespo et al., 2003                
Damle et al., 1999                        
Krober et al., 2002                       
Saka et al., 2006 

- 

CD44 Decrease in serum CD44 levels in NHL patients is associated with CR and 
high expression predicts an unfavourable outcome following treatment. 
In DLBCL, high expression of CD44 has been associated with the ABC 
subtype (section 1.6.5.1) and predicts poor outcome. 

Drillenburg and Pals, 2000         
Ristamaki et al., 1997                  
Rosenwald et al., 2002 

- 

CDKN1B Levels of CDKN1B (p27) inversely correlate with doubling-time of 
malignant cells in B-CLL, and low levels predict disease progression and 
poor survival. 

Chiarle et al., 2002                      
Vrhovac et al., 1998 

1.5.3 
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Gene  Association with NHL Disease Behaviour Reference(s) Section 
CDKN2A The CDKN2A gene is homozygously deleted in 30% of B-cell lymphomas. 

Expression of the p16INK4A protein is lacking in 60% of high-grade 
lymphomas, and is associated with decreased survival in DLBCL. 

Baur et al., 1999                           
Groenbaek et al., 2000                 
Hirama and Koeffler, 1995          
Uchida et al., 1995                       
Villuendas et al., 1998 

1.5.3 

CDKN2B The CDKN2B gene is frequently deleted in primary NHL. Dreyling et al., 1995 1.5.3 
EIF2α Overexpression of EIF2α is associated with aggressive NHL. Wang et al., 1999 - 
EIF4E Overexpression of EIF4E is associated with aggressive NHL. Wang et al., 1999 - 
FAS Somatic mutation of FAS is found in approximately 11% of NHL, 

particularly DLBCL, and is associated with the presence of extra-nodal 
disease. Fas expression is also decreased in B-CLL. 

Gronbaek et al., 1998                  
Meiherdt et al., 1999 

1.5.4 

FCER2 Serum levels of FCER2 (CD23) are increased in B-CLL patients and 
correlate with tumor burden and tumor stage. Serum CD23 levels have 
also been associated with poor prognosis, increased risk of disease 
progression and increased risk of mortality. 

Saka et al., 2006                  
Sarfati et al., 1996 

1.8.3.3 

FGF-2 Raised intracellular bFGF has been shown to predict decreased event-free 
survival in NHL. Elevated serum levels of bFGF and VEGF identifys NHL 
patients with decreased 5-year survival rate.  

Kini et al., 2000                   
Moehler et al., 2001            
Rosenwald et al., 2001           
Salven et al., 2000 

- 

FOXP1 Strong IHC for FOXP1 has been associated with decrease OS in DLBCL 
patients. FOXP1 mRNA expression is associated with the non-GCB 
subtypes of DLBCL (section 1.6.5.1). 

Barrans et al., 2005               
Brown et al., 2007 

6.1 
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Gene Association with NHL Disease Behaviour Reference(s) Section 
GCET2 High expression of GCET2 (HGAL) is an independent predictor of 

increased survival in DLBCL patients. 
Lossos et al., 2003 - 

HLA-DR DLBCL patients lacking HLA-DR expression have poorer therapeutic 
response and decreased OS than those expressing HLA-DR. 

Miller et al., 1998                
Slymen et al., 1990 

- 

HLA-Ia Absence of expression in 14% of DLBCL predicts aggressive clinical 
behaviour. 

Amiot et al., 1998 - 

ICAM-1 High cell-surface expression of ICAM-1 was associated with BM 
infiltration, decrease CR rate, extranodal involvement and decreased OS 
in aggressive NHL. High concentration of soluble ICAM-1 associated with 
tumor burden in patients with high grade NHL, as well as disease 
progression and decreased survival in B-CLL patients. 

Christiansen et al., 1994     
Parez-Ecinas et al., 1994    
Terol et al., 1998 

1.5.1 

IL-1β Low levels of IL-1β predict a higher Rai stage and correlate with 
decreased OS in B-CLL. 

Hulkkonen et al., 2000       
Stratowa et al., 2001 

1.5.1 

IL-4 IL-4 expression inversely correlates with proliferation rate in NHL. Jones et al., 2002                  
Klein et al., 2001 

1.5.1 

IL-6 Stimulates the production of MMP2, MMP9 and TIMP1. Increased serum 
levels of IL-6 associated with decreased survival in DLBCL and B-CLL. 
IL-6 levels also correlate with Rai stage, serum B2M level and serum LDH 
levels in B-CLL.  

Fayad et al., 2001                
Kossakowska et al., 1999      
Lai et al., 2002 

1.5.1 

IL-8 IL-8 is capable of prolonging survival of B-CLL cells and is associated 
with advanced stage and decreased survival in B-CLL patients. 

Stratowa et al., 2001 1.5.1 
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Gene Association with NHL Disease Behaviour Reference(s) Section 
IL-10 High serum IL-10 level are found in 34% of B-CLL patients predict high 

Rai stage, serum B2M level. Serum levels of IL-10 are also elevated in 
aggressive NHL and predict decrease OS. 

Fayad et al., 2001                 - 

LCK LCK is hypothesised to have a role in blocking terminal differentiation of 
B-CLL cells. 

Abts et al., 1991 - 

LDH Serum LDH level is associated with tumor burden in NHL and is an 
independent prognostic factor in B-CLL, FL and DLBCL. 

Desablens et al., 1997              
Lee et al., 1987              
Rambotti and Davis, 1981           
Shipp et al., 1993                         
Swan et al., 1989                          

1.6.2.1 

LFA-1 Loss of LFA-1 expression is found more commonly in high-grade than 
low-grade lymphoma and is associated with a higher rate of disease 
relapse. 

Miller et al., 1988 1.5.1 

LPL Used as a combined index with ADAM29, LPL expression has prognostic 
significance in B-CLL. 

Oppezzo et al., 2005 1.8.5.1 

MCL-1 DLBCL patients with high expression of MCL-1 have a high incidence of 
failure to obtain CR. 

Kitada et al., 1998 1.5.4 

MDM2 Overexpression of MDM2 has been observed in high-grade lymphoma, 
and in some instances are associated with amplification of it's locus at 
12q12-q14. Overexpression has been associated with histological 
transformation of FL (section 1.7.6). 

Hough et al., 2001                       1.5.3 

MKI67 High expression Ki-67 protein is associeated with decreased survival in 
NHL patients. 

Shipp, 1994                                   
Slymen et al., 1990 

1.5.3 
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MME MME (CD10) is a marker of the GCB subtype of DLBCL (section 1.6.5.1). 

It is more commonly expressed in transformed DLBCL cases than de novo 
cases, and its expression is associated with decreased OS in these patients. 
However, co-expression with BCL6 is associated with significantly longer 
survival. 

Colomo et al., 2003                      
Hans et al., 2004                          
Lossos et al., 2002                        
Rosenwald et al., 2002                 
Uherova et al., 2001 

1.5.2 

MMP-10 Over-expression of MMP-10 has been shown to increase NHL growth 
rate in vivo. 

Themsche et al., 2004 - 

MMP-2 MMP-2 expression is associated with decreased survival in early-stage 
NHL. 

Sakata et al., 2004 1.5.1 

MMP-9 MMP-9 expression is associated with decreased survival in early-stage 
NHL. 

Sakata et al., 2004 1.5.1 

MUM-1 Expression of MUM-1 on >30% of DLBCL tumor cells, as assessed by IHC, 
is associated with decrease EFS and OS. 

Colomo et al., 2003                      
Hans et al., 2004 

1.5.2 

MYC 1.7.6). MYC is also targetted by aberrant SHM in 23% of DLBCL cases, 
and its expression correlates with clinical stage. Furthermore, co-
expression of MYC with p53 predicts a more aggressive clinical course in 
DLBCL. 

Chang et al., 2000                        
Kramer et al., 1998                      
Pasqualucci et al., 2001 

- 

PARP-9 PARP-9 protein is more abundance in high-risk versus low-risk DLBCL 
and it gene transcript is more highly expressed in the ABC subtype of 
DLBCL. Transcriptional over-expression may be associated with 
amplifications of 3q, whic occur in 25% of ABC subtype tumors.  

Aguiar et al., 2000                        
Bea et al., 2005                             

- 

PKCB-1 Expression of PKCB-1 is associated with poor outcome in DLBCL. Hans et al., 2005                          
Shipp et al., 2002 

- 
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PRDM-1 The PRDM-1 gene is mutated in 23% of DLBCL cases and the remaining 

allele frequently either deleted or hypermethylated. 
Pasqualucci et al., 2006               
Tam et al., 2006 

1.5.2 

RB1 Genetic aberrations of the RB1 locus are present in up to 70% of B-CLL 
cases and deletions are found in up to 35% of NHL patients. 

Klein et al., 2001                          
Krober et al., 2002                       
Liu et al., 1995 

1.5.3 

REL The genetic locus encoding REL is frequently amplified in FL and DLBCL. Davis et al., 2001               
Houldsworth et al., 2004             
Rao et al., 1998                       

- 

SELL Low expression of SELL is associated with decreased probability of 
survival in NHL patients. 

Drillenburg and Pals, 2000          
Stratowa et al., 2001 

- 

SKP-2 SKP2 is overexpressed in DLBCL and is associated with higer grade and 
poorer outcome. 

Chiarle et al., 2002                      
Seki et al., 2003 

- 

TIMP-1 In NHL patients with low TIMP-1 mRNA levels, expression of TIMP-1 
correlated with clinical aggressiveness and long-term survival. 

Kossakowska et al., 1991 1.5.1 

TK-1 Serum levels of TK-1 are increased in NHL patients and correlate with 
proliferative index of malignant cells. High serum TK-1 levels have been 
used to predict disease relapse in NHL patients and disease progression in 
B-CLL.  

Di Raimondo et al., 2001             
Hallek et al., 1999                        
Wakao et al., 2002 

1.8.3.3 
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TNFα Serum levels of TNFα in B-CLL patients correlated with OS. Patients with 

high levels were further likely to have unfavourable karyotypes and 
suffer from anaemia and/or thrombocytopenia. 

Ferrajoli et al., 2002 - 

TP53 Mutations of p53 are found in 15-26% of B-CLL and 10-15% of DLBCL. 
The prevalence of p53 correlates with clinical stage in these diseases, 
predicts poor response to chemotherapy, and is associated with 
histological transformation of B-CLL (section 1.8.6). Inactivation of p53 
can also result from deletion of its gene locus at 17p, which is found in 
16.3% of NHL cases and is associated with diffuse histology, and 
decreased OS. 

Chang et al., 2000                       
Ichikawa et al., 1997                    
Meinhardt et al., 1999                 
Shanfelt et al., 2004                     
Sanders et al., 1993                      
Stokke et al., 2000                        
Wattel et al., 1994 

1.5.3 

TP73 The TP73 gene is frequently deleted or hypermethylated in NHL. References too numerous. 
Please refer to section 6.3 and 
references therein. 

6.3 

VEGF Serum VEGF levels are higher in B-CLL patients with high-risk Rai stages 
compared to those with low-risk Rai stages. High serum levels of VEGF 
also predicted B-CLL patients with Binet stage A disease with 
significantly higher chance of disease progression. 

Bairey et al., 2004                        
Kay et al., 2002b                          
Molica et al., 2002 

- 

VEGF-
R2 

VEGF-R2 is more highly expressed in B-CLL patients with aggressive 
disease. 

Ferrajoli et al., 2001 - 

ZAP70 ZAP70 is the best predictor of IgV mutational status in B-CLL and high 
expression has been shown to accurately predict early disease progression 
and decreased OS. 

Chen et al., 2002                          
Crespo et al., 2003              
Davis and Staudt, 2002              
Wiestner et al., 2003 

1.8.5.2 



Appendix III: Sequences of Primers used in this Investigation 
Primer Name Primer Sequence Amplicon Size 
AVEN-F GAGCTGGAAGACTGGTTGGA  
AVEN-R CCTGAAGGACAGCCTTATGC 111 
BACH2-F CACATTCAGTGCCAAGTGCT  
BACH2-R ACCCCTCTTTGTCCAAGTCC 82bp 
BCL2-F GCTGAAGATTGATGGGATCG  
BCL2-R TACAGCATGATCCTCTGTCAAG 80bp 
BCL6-F CCCCACTGCCATAAAACATT  
BCL6-R TTTGCTTTTTGCTGACATGG 80 
CASP8-F TGCTTAAGGCTTTGGGAATG  
CASP8-R GCCCTCTATATTCATAGCTGGA 81 
CD22-F TGATCTGACATCCCCACTCA  
CD22-R ACTGGGCCCCTTTCTACTTC 95 
CFLAR-F CAAGAAAGAAAACGCCCACT  
CFLAR-R GGCAGAAACTCTGCTGTTCC 81 
FOXP1N-F AAGGCGGCGCTCCTACTC  
FOXP1N-R TGTTTTGTTCGGAAACTGGA 81 
FOXP1ex6a-F ATTTCAAGCCCTTGGGAGTT  
FOXP1ex6a-R GGAAGGGTTAGGCTGACACA 99 
FOXP1C-F GGCAGATCTCCTATGCAAGC  
FOXP1C-R TGTGGTTGGCTGTTGTCACT 106 
HDAC1-F GGCTGGGTCTTCAAGGATCT  
HDAC1-R GGCAGTGTTTCTTGGCTCAC 119 
Jh-I ACCAGGGTCCCTTGGCCCCA  
Jh-O ACCTGAGGAGACGGTGACC - 
IL6R-F AGGACCTCAGGTGAGAAGCA  
IL6R-R TGGGAGGTGGAGAAGAGAGA 129 
IL25-F GCCACCACTCCTGTCTCTTC  
IL25-R AGGGGCTCTTTCTTCTCCAG 102 
mbr-I TCTATGGTGGTTTGACCTTTAG  
mbr-O CAGCCTTGAAACATTGATGG - 
mcr-I GGACCTTCCTTGGTGTGTTG  
mcr-O CGTGCTGGTACCACTCCTG - 
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Primer Name Primer Sequence Amplicon Size 
PBX2-F CCATCTTCCCCTGTGAGTGA  
PBX2-R AAGCACCCCAACCCATATTT 120 
PIM2-F TTGGGAAGGAATGGAAGATG  
PIM2-R TTATTTCCCCTAGCCCATCC 91 
TP73ex2-F GAAGATGGCCCAGTCCAC  
TP73ex3-R TCGAAGTAGGTGCTGTCTGG 93bp 
TP73ex10-F CCGGGAGAACTTTGAGATCC  
TP73ex10-R GCCGATAGGAGTCCACCAGT 89bp 
TP73ex14-R TACTGCTCGGGGATCTTCAG Isoform-specific 
TP73met-F GGAAGGAATGATATTTGAGTATTTTGG 
TP73met-R ATAAATCATAACAAACCACAAACCTC 404 
RPL13A-F ATCTTGTGAGTGGGGCATCT  
RPL13A-R CCCTGTGTACAACAGCAAGC 108 
RUNX2-F GGTTCCAGCAGGTAGCTGAG  
RUNX2-R CTTGGCCCTCCATTGTAAGA 94 
SWAP70-F CACCTAAGGACTGCCTGCTT  
SWAP70-R AAAGCTTTTGCACAACCACA 82 
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Appendix IV: Chemotherapeutic Response of Cell-Lines 
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Appendix V: Genes Downstream of the G-CSF Receptor 
 

GeneID Gene Symbol 
1326 MAP3K8 
1386 ATF2 
1432 MAPK14 
2872 MKNK2 
369 ARAF 
4205 MEF2A 
4215 MAP3K3 
4216 MAP3K4 
4217 MAP3K5 
4790 NFKB1 
4792 NFKBIA 
5058 PAK1 
5594 MAPK1 
5597 MAPK6 
5599 MAPK8 
5601 MAPK9 
5605 MAP2K2 
5606 MAP2K3 
5609 MAP2K7 
5894 RAF1 
6198 RPS6KB1 
6464 SHC1 
6772 STAT1 
6885 MAP3K7 
7040 TGFB1 
7046 TGFBR1 
84268 RPAIN 
8569 MKNK1 
9252 RPS6KA5 
9261 MAPKAPK2 
9448 MAP4K4 
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Appendix VI: Fold Change in Expression of Genes Associated with 
Chemotherapeutic Response in FL 
 

Up-Regulated Gene  Down-Regulated Gene 
Gene Symbol Fold Change  Gene Symbol Fold Change 

ABL2 4.38  BRAP 0.15 
BACH1 6.87  FOXE1 0.24 
CMIP 19.21  FOXE3 0.18 
FOXA2 5.58  IL12RB2 0.11 
FOXD2 4.84  IL19 0.1 
FOXD4L2 6.13    
FOXJ1 5.78    
FOXP2 4.91    
FOXQ1 6.34    
IL10 4.27    
IL17D 6.69    
IL17F 5.74    
IL17RE 5.84    
IL8 4.63    
MAFF 4.48    
MME 28.27    
MYCL1 4.48    
PAX5 4.11    
SHC3 4.92    
TP73 25.54    
USP22 5.5    
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Appendix VII: Previously Described Copy Number Aberrations in B-CLL, FL and 
DLBCL showing the cytogenetic region, nature of the aberration, and subtype(s) 
in which it is found 
  
Region Aberration Subtype(s)  References 
1p36 Amplification FL, Bentz et al., 1996 

1p36 Deletion FL, DLBCL 
Chen et al., 2006; Martinez-
Climent et al., 2003 

1q24 Amplification FL, DLBCL 
Chen et al., 2006, Martinez-
Climent et al., 2003 

1q25-q32 Amplification DLBCL Bea et al., 2005 

2p13-p16 Amplification FL, DLBCL 
Bea et al., 2005; Houldsworth et 
al., 1996; Joos et al., 1996 

2p22-p24 Amplification FL 
Avet-Loiseau et al., 1997; Werner 
et al., 1997 

2p25.2-p25.3 Deletion DLBCL Chen et al., 2006 
2q12.1-q24.2 Deletion DLBCL Chen et al., 2006 
2q37.3 Deletion DLBCL Chen et al., 2006 
Chr 3 Trisomy DLBCL Bea et al., 2005; Chen et al., 2006 

3q12-q13 Amplification FL 
Avet-Loiseau et al., 1997; Werner 
et al., 1997 

3q27-q29 Amplification FL, DLBCL 
Bea et al., 2005; Martinez-Climent 
et al., 2003 

4p16.3 Deletion DLBCL Chen et al., 2006 
4q21-q22 Deletion DLBCL Martinez-Climent et al., 2003 
4q32-q35 Amplification FL Werner et al., 1997 
5p15.33-q21.1 Deletion DLBCL Chen et al., 2006 
5q21.3-q22.2 Amplification DLBCL Chen et al., 2006 
5q23.3-q32 Amplification DLBCL Chen et al., 2006 
5q33.1-q33.3 Amplification DLBCL Chen et al., 2006 
5q35.1-q35.3 Amplification DLBCL Chen et al., 2006 
6p Amplification DLBCL Bea et al., 2005 

6p12-p21 Amplification FL, DLBCL 
Chen et al., 2006; Martinez-
Climent et al., 2003 

6p21 Amplification FL Bentz et al., 1996 
6p23-ter Amplification DLBCL Monni et al., 1996 
6q11.1-q27 Deletion DLBCL Chen et al., 2006 
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Region Aberration Subtype(s)  References 
6q16 Deletion DLBCL Bea et al., 2005 

6q21-q22 Deletion 
B-CLL, 
DLBCL 

Bea et al., 2005; Offit et al., 1993; 
Stilgenbauer et al., 1996b 

6q27 Deletion B-CLL 
Offit et al., 1993; Stilgenbauer et 
al., 1996b 

Chr 7 Trisomy DLBCL Chen et al., 2006 
7p Amplification DLBCL Bea et al., 2005 
7p21.1-p21.3 Deletion DLBCL Chen et al., 2006 
7q Amplification DLBCL Bea et al., 2005 
7q11-q22 Amplification FL, DLBCL Martinez-Climent et al., 2003 
8p22-pter Deletion DLBCL Bea et al., 2005 
8p21.3-p22 Deletion DLBCL Chen et al., 2006 
8p23.2-23.3 Deletion DLBCL Chen et al., 2006 

8q23-q24 Amplification FL, DLBCL 
Avet-Loiseau et al., 1997; Bea et 
al., 2005; Werner et al., 1997 

9p21 Deletion FL, DLBCL 
Elintoba-Johnson et al., 1998; 
Koduru et al., 1995 

9p23 Amplification DLBCL Martinez-Climent et al., 2003 
9p23-p24.1 Deletion DLBCL Chen et al., 2006 
9p24.3-q12 Amplification DLBCL Chen et al., 2006 
9q21.32-q22.32 Amplification DLBCL Chen et al., 2006 
9q33.1-q34.2 Amplification DLBCL Chen et al., 2006 
10p12-p14 Amplification DLBCL Monni et al., 1996 
10q11.22-q21.2 Deletion DLBCL Chen et al., 2006 
10q24.31 Amplification DLBCL Chen et al., 2006 
10q24.33 Amplification DLBCL Chen et al., 2006 
10q25.1-q26.11 Deletion DLBCL Chen et al., 2006 
10q26.3 Deletion DLBCL Chen et al., 2006 
11p12-p15 Amplification DLBCL Chen et al., 2006 
11p13-p14.2 Deletion DLBCL Chen et al., 2006 
11q12.1-q25 Amplification DLBCL Chen et al., 2006 

11q22.3-q23.1 Deletion B-CLL 
Kobayashi et al., 1993; 
Stilgenbauer et al., 1996a 

11q24.2-q25 Deletion DLBCL Chen et al., 2006 

Chr 12 Trisomy 
B-CLL, 
DLBCL 

Chen et al., 2006; Dohner et al., 
1993; Matutes et al., 1996 
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Appendix VI cont. 
Region Aberration Subtype(s)  References 
12pter-q12 Amplification DLBCL Martinez-Climent et al., 2003 

12p11-p12 Amplification B-CLL 
Bentz et al., 1995; Werner et al., 
1997 

12q12-q14 Amplification FL, DLBCL 
Avet-Loiseau et al., 1997; Hough et 
al., 2001; Werner et al., 1997 

12q13-q21.2 Amplification B-CLL, FL 
Dohner et al., 1994; Gahrton et al., 
1982 

12q22-qter Amplification DLBCL Bea et al., 2005 

13q12 Deletion B-CLL 
Garcia-Marco et al., 1996; 
Stilgenbauer et al., 1998 

13q12.11-q14.3 Amplification DLBCL Chen et al., 2006 
13q13.3-q22.1 Deletion DLBCL Chen et al., 2006 

13q14 Deletion B-CLL 
Dohner et al., 1994; Liu et al., 
1992; Stilgenbauer et al., 1993 

13q21.33-q34 Amplification DLBCL Chen et al., 2006 
13q33.2-33.3 Deletion DLBCL Chen et al., 2006 

14q21-q24 Amplification FL 
Avet-Loiseau et al., 1997; Werner 
et al., 1997 

14q31-32 Amplification B-CLL Werner et al., 1997 
14q31.3-q32.33 Deletion DLBCL Chen et al., 2006 
15q11.2-q26.3 Deletion DLBCL Chen et al., 2006 
15q23-q24 Amplification FL Werner et al., 1997 
Chr 16 Trisomy FL, DLBCL Martinez-Climent et al., 2003 
16p11.1-p11.2 Deletion DLBCL Chen et al., 2006 
16p11.2-p13.3 Amplification DLBCL Chen et al., 2006 
16q21 Deletion DLBCL Chen et al., 2006 
16q21-q24.3 Amplification DLBCL Chen et al., 2006 
Chr 17 Trisomy DLBCL Chen et al., 2006 
17p Deletion DLBCL Bea et al., 2005 
17p11.2 Amplification DLBCL Monni et al., 1996 
17p11.2-p13.3 Deletion DLBCL Chen et al., 2006 

17p13 Deletion B-CLL 
Bird et al., 1989; Dohner et al., 
1995 

17q21 Amplification FL, DLBCL Martinez-Climent et al., 2003 
18p11.31-q23 Amplification DLBCL Chen et al., 2006 
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Appendix VI cont. 
Region Aberration Subtype(s)  References 

18q21 Amplification FL, DLBCL 

Martinez-Climent et al., 2003; 
Monni et al., 1997; Werner et al., 
1997 

18q22.2 Deletion DLBCL Chen et al., 2006 
Chr 19 Trisomy DLBCL Chen et al., 2006 

19q13 Amplification FL 
Avet-Loiseau et al., 1997; Werner 
et al., 1997 

20p13 Amplification DLBCL Chen et al., 2006 
20p11.21-
q13.33 Amplification DLBCL Chen et al., 2006 
21q11.2-q22.3 Amplification DLBCL Chen et al., 2006 
21q21.1-q21.3 Deletion DLBCL Chen et al., 2006 
22q11.21-
q13.33 Amplification DLBCL Chen et al., 2006 
22q12 Amplification DLBCL Rao et al., 1998 
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Appendix VIII: Correlations Between FOXP1ΔCT and NFκB-Associated Genes 
 
  FL (n=12) DLBCL (n=10) 

Gene Symbol 
Pearsons 

Correlation P-Value  
Pearsons 

Correlation P-Value  
AGT 0.140 0.333 -0.371 0.146 
AKT1 0.819 0.001** -0.458 0.091 
APOL3 -0.017 0.479 -0.199 0.291 
ATF1 0.727 0.004** -0.220 0.270 
ATF2 0.684 0.007** -0.409 0.120 
BCL10 0.690 0.007** -0.030 0.467 
BCL3 0.845 0.001** -0.232 0.260 
BIRC2 0.637 0.013* -0.455 0.093 
CARD10 0.390 0.105 0.009 0.490 
CARD11 0.389 0.106 -0.086 0.406 
CARD14 0.409 0.093 -0.204 0.286 
CARD4 0.638 0.013* -0.312 0.190 
CASP1 0.732 0.003** -0.193 0.297 
CASP8 0.462 0.065 -0.461 0.090 
CCL2 0.405 0.095 -0.088 0.404 
CCL3 0.417 0.089 -0.015 0.483 
CFLAR 0.713 0.005** -0.388 0.134 
CHUK 0.712 0.005** -0.460 0.090 
CSF2 0.287 0.183 -0.205 0.285 
CSF3 0.398 0.100 -0.591 0.036* 
CTL2 0.781 0.001** -0.210 0.280 
CXXC5 0.648 0.011* -0.006 0.493 
ECM1 0.311 0.163 -0.068 0.426 
EDARADD 0.074 0.410 -0.396 0.128 
EDG2 0.639 0.013* -0.154 0.335 
EGR1 0.544 0.034* -0.210 0.280 
ELK1 0.834 0.001** -0.504 0.069 
F2R 0.697 0.006** -0.127 0.364 
FADD 0.565 0.028* -0.364 0.150 
FOS 0.486 0.055 -0.046 0.450 
GJA1 0.370 0.118 -0.037 0.459 
GPR89 0.709 0.005** -0.291 0.208 
HMOX1 0.155 0.315 0.211 0.279 
HNLF 0.762 0.002** -0.149 0.341 

*p<0.05 
**p<0.01 
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Appendix VIII cont. 
  FL (n=12) DLBCL (n=10) 

Gene Symbol 
Pearsons 

Correlation P-Value  
Pearsons 

Correlation P-Value  
HTR2B 0.372 0.117 -0.016 0.483 
ICAM1 0.686 0.007** -0.305 0.196 
IFNA1 -0.763 0.002** 0.044 0.452 
IFNB1 -0.439 0.076 0.215 0.276 
IFNG 0.366 0.121 -0.091 0.401 
IKBKB 0.565 0.028* -0.507 0.068 
IKBKE 0.660 0.010** -0.154 0.336 
IKBKG 0.633 0.014* -0.516 0.063 
IL10 0.334 0.144 0.212 0.278 
IL1A 0.271 0.197 -0.353 0.159 
IL1B 0.358 0.127 -0.188 0.301 
IL1R1 0.609 0.018* -0.246 0.247 
IL6 0.255 0.212 -0.257 0.237 
IL8 0.225 0.241 -0.171 0.319 
IRAK1 0.694 0.006** -0.398 0.127 
IRAK2 0.705 0.005** -0.342 0.167 
JUN 0.396 0.101 -0.107 0.385 
LITAF 0.751 0.002** -0.097 0.394 
LTA 0.553 0.031* -0.426 0.110 
LTBR 0.466 0.063 -0.070 0.424 
MALT1 0.800 0.001** -0.318 0.185 
MAP2K3 0.708 0.005** 0.015 0.484 
MAP2K4 0.705 0.005** -0.296 0.203 
MAP2K6 0.735 0.003** -0.384 0.137 
MAP3K1 0.745 0.003** -0.006 0.494 
MAP3K14 0.662 0.009** -0.607 0.031* 
MAP3K3 0.641 0.012* -0.513 0.065 
MAP3K7 0.684 0.007** -0.336 0.171 
MAP3K7IP1 0.696 0.006** -0.338 0.170 
MAP3K7IP2 0.768 0.002** -0.678 0.016* 
MAPK14 0.659 0.010** -0.561 0.046* 
MAPK3 0.741 0.003** -0.285 0.213 
MAPK8 0.552 0.031* -0.323 0.182 
MYD88 0.780 0.001** -0.434 0.105 
NALP12 0.339 0.140 0.370 0.146 

*p<0.05 
**p<0.01 
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Appendix VIII cont. 
  FL (n=12) DLBCL (n=10) 

Gene Symbol 
Pearsons 

Correlation P-Value  
Pearsons 

Correlation P-Value  
NFKB1 0.710 0.005** -0.677 0.016 
NFKB2 0.616 0.017* -0.873 0.001* 
NFKBIA 0.772 0.002** -0.570 0.043* 
NFKBIB 0.761 0.002** -0.229 0.262 
PLK2 0.437 0.078 -0.471 0.085 
PPM1A 0.608 0.018* -0.043 0.453 
PPP5C 0.644 0.012* -0.387 0.135 
RAF1 0.695 0.006** -0.346 0.164 
REL 0.713 0.005** 0.011 0.488 
RELA 0.699 0.006** -0.320 0.184 
RELB 0.672 0.008** -0.624 0.027* 
RFP2 0.812 0.001** -0.305 0.195 
RHOA 0.699 0.006** -0.002 0.498 
RHOC 0.670 0.009** -0.114 0.377 
RIPK1 0.811 0.001** -0.540 0.054 
RIPK2 0.685 0.007** -0.325 0.179 
SLC20A1 0.755 0.002** -0.493 0.074 
STAT1 0.691 0.006** -0.068 0.426 
TBK1 0.731 0.003** -0.392 0.131 
TICAM2 0.784 0.001** -0.347 0.163 
TLR1 0.583 0.023* -0.120 0.371 
TLR10 0.317 0.157 -0.468 0.086 
TLR2 0.429 0.082 0.209 0.281 
TLR3 0.171 0.298 -0.349 0.161 
TLR4 0.615 0.017* -0.265 0.230 
TLR6 0.552 0.031* -0.373 0.144 
TLR7 0.458 0.067 0.396 0.129 
TLR8 0.517 0.043* -0.081 0.412 
TLR9 0.581 0.024* 0.113 0.378 
TNF 0.495 0.051 -0.319 0.184 
TNFAIP3 0.700 0.006** -0.407 0.121 
TNFRSF10 0.680 0.007** -0.088 0.404 
TNFRSF10B 0.765 0.002** -0.216 0.275 
TNFRSF1A 0.629 0.014* -0.145 0.344 
TNFRSF5 0.482 0.056 -0.270 0.225 

*p<0.05 
**p<0.01 
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Appendix VIII cont. 
  FL (n=12) DLBCL (n=10) 

Gene Symbol 
Pearsons 

Correlation P-Value  
Pearsons 

Correlation P-Value  
TNFRSF7 0.537 0.036* 0.051 0.444 
TNFSF14 0.641 0.012* -0.313 0.189 
TRADD 0.812 0.001** -0.276 0.220 
TRAF5 0.317 0.158 -0.457 0.092 
TRAF6 0.781 0.001** -0.468 0.086 
TRIF 0.807 0.001** -0.450 0.096 
VAPA 0.766 0.002** 0.050 0.445 

*p<0.05 
**p<0.01 
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