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Abstract 
 

 

The past decade has witnessed significant progress in the understanding of the molecular 

pathogenesis of myeloproliferative neoplasms (MPN). Mutations in a large number of genes have 

now been implicated in the pathogenesis of MPN but their relative importance, the mechanisms 

by which they cause different cells to predominate and differentiate into the separate MPN 

syndromes and their implications for prognosis remain unknown. I hypothesized that other genes 

and epigenetic mechanisms may contribute to the pathogenesis of the different disease subtypes at 

a cell-type specific level. 

 

This study focused on four areas: 

(1) Clinical phenotype 

The demographic and clinical landscape of MPN in Malaysia showed that MPN is 

predominantly found in older Malay men. Compared to other studies, there is a higher 

incidence of JAK2 V617F positivity, with a more severe clinical phenotype and 

complications.  

 

(2) MPN panel 

JAK2 V617F is the commonest somatic driver mutation detected in MPN patients using 

this 26-gene MPN targeted sequencing panel.  The highest allelic frequencies were found 

in polymorphonuclear (PMN) and mononuclear cells (MNC). Several novel variants were 

found. Primary myelofibrosis patients who harbor the JAK2 V617F in combination with  
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ASXL1, DNMT3A, RUNX1, TET2 and U2AF1 putatively pathogenic variants were found 

to have more severe clinical phenotypes and poor prognosis. 

 

(3) Gene Expression and (4) DNA methylation 

Using microarray and next generation sequencing techniques, cell type-specific 

differentially expressed genes and differentially methylated CpG sites were found in PMN 

and MNC in the different disease subtypes. The lack of differential expression and 

methylation in T cells validated the approach and indicated they are not part of the 

neoplastic clone. The differentially expressed genes and differentially methylated CpG 

sites with associated genes are candidate loci to explain the pathogenesis of MPN and its 

different forms. These loci also represent targets for further investigation and disease-

specific therapeutic targets. 
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1.1 NORMAL HAEMATOPOIESIS 

In normal childhood and adults, the bone marrow is the main source of haematopoietic cell 

formation. The developing cells are situated outside the bone marrow sinuses and mature cells are 

released into the sinus spaces, the marrow microcirculation and finally into the general circulation. 

In adults, haematopoietic marrow is confined to the central skeleton and proximal ends of the 

femurs and humeri. Approximately 50% of the haematopoietic areas consists of fat which is 

capable of reversion to haematopoiesis. In many diseases, haematopoiesis can expand down the 

long bones and extramedullary haematopoiesis can occur in the liver and spleen. The bone marrow 

stroma provides a suitable environment for stem cell survival, growth and development. The 

stroma consist of fat cells, fibroblasts, macrophages, endothelial cells and extracellular matrix. 

Mesenchymal stem cells are thought to be critical in stromal cell formation (Figure 1.1).  

 

Normal haematopoiesis originates with the pluripotential haematopoietic stem cells (HSC) which 

are capable of self-renewal and give rise to committed progenitor cells of different cell lineages 

on demand (Figure 1.2). Normal steady-state haematopoiesis is very tightly regulated with the 

committed progenitor cells differentiating and proliferating into the same number of mature cells 

with different functions. As the HSC mature, they undergo changes in gene expression which will 

limit the proliferation and self-renewal of the different cell types, moving them closer to a specific 

cell type. HSC commit themselves at a very early stage to one of two major pathways: myeloid or 

lymphoid (1, 2).  
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Figure 1-1. Haematopoiesis. Haematopoiesis occurs in a suitable microenvironment provided 

by a stromal matrix on which stem cells grow and divide. There are probably specific 

recognition and adhesion sites; extracellular glycoproteins and other compounds are involved 

in the binding. 
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Figure 1-2. Development of different blood cells from haematopoietic stem cell to mature cells. 
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The earliest detectable mixed myeloid precursor, Colony Forming Unit-

Granulocyte/Erythroid/Megakaryocyte/Macrophage (CFU-GEMM), progressively differentiates 

into mature myeloid cells including erythrocytes, neutrophils, monocytes/macrophages, 

eosinophils, basophils and megakaryocytes/platelets (Figure 1.2 and 1.3). On the other hand, the 

common lymphoid precursor differentiates into mature lymphoid cells including B cells, T cells 

and natural killer cells (Figure 1.2 and 1.3).  

 

Haematopoiesis is closely regulated by several intrinsic and extrinsic control mechanisms which 

can be influenced by inherited and environmental factors (3). Intrinsically, the expression of 

several transcription factors has been shown to be essential for haematopoietic cell development 

from the earliest stages (4). It is likely that differences in the expression levels of transcription 

factors determine the lineage commitment of a differentiating cell. For example, PU.1 commits 

cells to the myeloid lineage whereas GATA-1 has an essential role in erythropoietic and 

megakaryocytic differentiation. The decision of bipotent granulocyte/monocyte precursors to 

proceed along either the granulocytic or monocyte macrophage lines of differentiation is 

influenced by C/EBP-α, which is required for granulocytic cell development (Figure 1.3). 

Extrinsically, haematopoietic growth factors and cytokines produced by several cell types at 

different sites in the body are the soluble regulators of blood cell production. The responses of 

haematopoietic cells to cytokines include survival, proliferation, differentiation and stimulation of 

mature cell function (Figure 1.4).  Once cytokines have bound to their receptors on the cell surface, 

they can activate signal transduction pathways that transmit the signal to the nucleus and ultimately 

stimulate the transcription of regulatory genes involved in a variety of haematopoietic cell 

functions (5) (Figure 1.5).  
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Figure 1-3. Hierarchical organization of haematopoiesis and transcription factors involved 

in lineage selection by haematopoietic stem and progenitor cells. 
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Figure 1-4. Important cytokines that determine which type of blood cell will be created (SCF= 

Stem Cell Factor; TPO= Thrombopoietin; IL= Interleukin; GM-CSF=Granulocyte Macrophage-

colony stimulating factor; Epo= Erythropoietin; M-CSF= Macrophage-colony stimulating factor; 

G-CSF= Granulocyte-colony stimulating factor; SDF-1=Stromal cell-derived factor-1; FLT-3 

ligand= FMS-like tyrosine kinase 3 ligand; TNF-a = Tumour necrosis factor-alpha; TGF-β = 

Transforming growth factor beta). 

 

 

https://en.wikipedia.org/wiki/Stem_Cell_Factor
https://en.wikipedia.org/wiki/Thrombopoietin
https://en.wikipedia.org/wiki/Interleukin
https://en.wikipedia.org/wiki/Granulocyte_Macrophage-colony_stimulating_factor
https://en.wikipedia.org/wiki/Granulocyte_Macrophage-colony_stimulating_factor
https://en.wikipedia.org/wiki/Erythropoietin
https://en.wikipedia.org/wiki/Macrophage-colony_stimulating_factor
https://en.wikipedia.org/wiki/Granulocyte-colony_stimulating_factor
https://en.wikipedia.org/wiki/Stromal_cell-derived_factor-1
https://en.wikipedia.org/wiki/Tumor_necrosis_factor-alpha
https://en.wikipedia.org/wiki/Transforming_growth_factor
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Figure 1.5. Signal transduction pathways activated by cytokines and their receptors in 

haematopoietic cells. 
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The major pathways involved (Figure 1.5) in myeloid cell proliferation and differentiation are the 

JAK-STAT (Janus kinase-Signal transducers and activators of transcription), the mitogen-

activated protein  kinase (MAPK) and the phosphatidylinositol 3-kinase (PI3K) pathways (6). The 

many pathways that have been identified and the multiple responses, pleiotropism and redundancy 

that are well-known features of haematopoietic cytokines raise the possibility that a particular 

cytokine may have different effects in different cell types and possibly utilize different signal 

transduction pathways for specific functions. Combinations of cytokines may cooperate to activate 

further signal transduction pathways that are not activated when cytokines are used individually. 

Such interactions among receptor-mediated signals provide a mechanism for merging the activities 

of different ligand-receptor systems and achieving novel cellular outcomes. 

 

Like all homeostatic systems, haematopoiesis is regulated by a balance of positive and negative 

influences which include cytokines such as the macrophage inflammatory protein, MIP-1α, TGF-

β, SH2-containing phosphatases (SHPs) and suppressors of cytokine signaling (SOCS). Under 

normal circumstances, the rate of haematopoietic cell production is balanced by the rate of cell 

death (apoptosis). However, during stressful situations such as hypoxia, infections or bleeding, 

haematopoiesis can increase transiently and will return back to normal steady-state once the stress 

has resolved.  
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1.2 OVERVIEW OF MYELOPROLIFERATIVE NEOPLASMS (MPN) 

Haematological malignancies are characterized by disruptions in the balance between stem cell 

proliferation, lineage commitment (myeloid or lymphoid) and differentiation into mature cells. 

This study has focused on the clinical features and molecular pathogenesis of the myeloid 

neoplasms, in particular myeloproliferative neoplasms.    

 

In 1951, William Dameshek noted the striking similarities between the myeloid diseases chronic 

myeloid leukemia (CML), polycythemia vera (PV), essential thrombocythemia (ET), primary 

myelofibrosis (PMF) and classified these diseases as chronic myeloproliferative disorders 

(CMPD) (7). These CMPD share similar biological features and are clonal haematopoietic stem 

cell disorders with excessive proliferation of one or more of the erythroid, megakaryocytic or 

myeloid lineages resulting in increased numbers of red cells, platelet, and/or granulocytes in the 

peripheral blood. Following the breakthrough discovery of the JAK2 V617F mutation in 2005, 

there has been significant advancement in the understanding of the clonal structure of CMPD and 

their propensity to transform into acute myeloid leukemia (AML). As a result, the term 

‘myeloproliferative neoplasm’ (MPN) replaced the term ‘chronic myeloproliferative disorder’ in 

the 2008 revision of the World Health Organization (WHO) classification (8, 9) and incorporated 

new information on molecular pathogenesis not available in the 2001 WHO classification for MPN 

(10). 

 

In the 2008 WHO classification (8, 11), myeloid neoplasms are divided into 5 groups (Table 1.1). 

There are 9 diseases included within the MPN which are broadly classified into 2 categories: 

“classic” and “non-classic” (Figure 1.6). Within the “classic” MPN group, CML is characterized 
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by the presence of Philadelphia (Ph) chromosome which results from a reciprocal chromosomal 

translocation between chromosomes 9 and 22, t(9;22). The 3 other “classic” MPN, PV, ET and 

PMF, are characterized by the absence of Ph-chromosome +/- the presence of the JAK2 V617F 

mutation. The remaining 5 MPN are “non-classic” and include chronic neutrophilic leukemia 

(CNL), chronic eosinophilic leukemia not otherwise specified (CEL-NOS), hypereosinophilic 

syndrome, mast cell disease and MPN unclassifiable (8, 11). 

 

1.3 CLINICAL FEATURES OF MPN 

Amongst the classical MPN, the clinical features and molecular pathogenesis of CML are well 

established by the presence of BCR-ABL1 mutation (12). This study focused on the Ph- 

chromosome negative classical MPN, ET, PV and PMF, which share some common features 

including an origin in a multipotent haematopoietic stem cell and a relatively normal cellular 

maturation. They also have the propensity to evolve into post-thrombocythemic or post-

polycythemic myelofibrosis (in the case of ET and PV) (13) and AML (in all cases) (14). Classical 

MPN usually affect adults and rarely children.  

 

1.3.1 Essential thrombocythemia 

The estimated incidence of ET in Europe is 0.38-1.7 per 100,000 population per year with a median 

age of diagnosis of 64-73 (15). The disease can appear at all ages and shows a female 

predominance (16). Amongst the three disorders, it has the most favorable prognosis because it 

affects the quality of life due to the increased occurrence of vascular complications more than 

survival (17). The diagnosis of ET often follows an incidental finding of thrombocytosis from a 

routine full blood count which accounts for up to 50% of cases. Other clinical features include  
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1. Acute myeloid leukemia (AML) and related precursor neoplasms 

2. Myeloproliferative neoplasms (MPN) 

2.1 Classic MPN 

2.1.1 Chronic myeloid leukemia, BCR-ABL1 positive (CML) 

2.1.2 Polycythemia vera (PV) 

2.1.3 Primary myelofibrosis (PMF) 

2.1.4 Essential thrombocythemia (ET) 

2.2 Non-classic MPN  

2.2.1 Chronic neutrophilic leukemia (CNL) 

2.2.2 Chronic eosinophilic leukemia, not otherwise specified (CEL-NOS) 

2.2.3 Hypereosinophilic syndrome 

2.2.4 Mast cell disease 

2.2.5 MPN, unclassifiable 

3. Myelodysplastic syndrome (MDS) 

3.1 Refractory cytopenia with unilineage dysplasia 

3.2 Refractory anaemia with ring sideroblasts 

3.3 Refractory cytopenia with multi-lineage dysplasia 

3.4 Refractory anaemia with excess blasts  

3.5 MDS associated with isolated del(5q) 

3.6 MDS, unclassifiable 

4. MDS/MPN 

4.1 Chronic myelomonocytic leukemia 

4.2 Atypical chronic myeloid leukemia, BCR-ABL1 negative  

4.3 Juvenile myelomonocytic leukemia  

4.4 MDS/MPN unclassifiable 

5. Myeloid and lymphoid neoplasms with eosinophilia and abnormalities of PDGFRA, 

PDGFRB, or FGFR1 

5.1 Myeloid and lymphoid neoplasms with PDGFRA rearrangement 

5.2 Myeloid and lymphoid neoplasms with PDGFRB rearrangement 

5.3 Myeloid and lymphoid neoplasms with FGFR1 abnormalities 

 

 

                     

 

 

 

Table 1-1.  The 2008 World Health Organization classification scheme for myeloid neoplasms. 
 

 

 

 

 



55 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  Figure 1-6. The 2008 World Health Organization classification of MPN. 
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vasomotor symptoms and erythromelalgia (in 40% of cases), haemorrhage and thrombosis (in 20% 

to 25% of cases), and splenomegaly (in less than 40% of cases). The risk of thrombosis in ET 

exceeds 20%.  Patients with WHO-defined ET generally have a similar age-matched median 

survival to that of the control population: a 15-year survival of ~80% that can shorten thereafter 

usually secondary to thrombosis or haemorrhage (18). The 10-year risk of leukemic or fibrotic 

transformation (post-ET MF) is <1% (19). 

 

1.3.2 Polycythemia vera  

The estimated incidence of PV in Europe is approximately 0.4-2.8 cases per 100,000 population 

per year with a median age of diagnosis of 65-74 (15). Patients younger than 50 years of age 

account for one-third of PV patients (20). PV is characterized by the clonal expansion of the 

erythroid lineage (21) resulting in elevated haemoglobin and haematocrit. Patients can present in 

3 different ways: incidental finding (most frequent), after a thrombotic event (around 30%) (22, 

23) due to increased blood viscosity, or with disease-related symptoms including pruritus, 

erythromelalgia, headaches, fatigue, hepatomegaly, splenomegaly (around 30% to 40%), 

hypertension and gout. The risk of thrombosis in PV exceeds 20% and a substantial proportion of 

patients experience vasomotor disturbances. In WHO-defined PV, the 10-year projected rates were 

>75% for survival, <5% for leukemic transformation and <10% for fibrotic progression (post-PV 

MF) (24).  

 

Recent studies by Barbui et al (25, 26) revealed a distinct group of patients with masked PV (mPV) 

who exhibit different clinical phenotypes from the classical PV patients described above. These 

patients presented with JAK2 V617F positivity and a bone marrow pathology consistent with 
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WHO criteria of PV, but haemoglobin level of <18.5 g/dL in males (range 16.0-18.4 g/dL) and 

<16.5g/dL in females (range 15.0-16.4 g/dL). There were more males and they presented more 

frequently with arterial thrombosis and thrombocytosis. In addition, they also displayed 

significantly higher rates of progression to myelofibrosis and acute leukemia, and demonstrated 

inferior survival.  In multivariate analysis, mPV diagnosis was an independent predictor of poor 

survival along with age >65 years and leucocyte count >10 x 109/L. It is thought that patients with 

mPV may have a longer prodrome of undiagnosed PV or a disease biology similar to primary 

myelofibrosis-post PV myelofibrosis that could explain the worsening of outcome in comparison 

to classical manifestations.  

 

1.3.3 Primary myelofibrosis  

The estimated incidence of PMF in Europe is 0.1-1 per 100,000 population per year with a median 

age at diagnosis of 69-76 years (15). Although 20% of PMF are asymptomatic, approximately 70 

to 80% PMF are diagnosed in the fibrotic stage. Most cases present with symptoms of progressive 

anaemia and hepatosplenomegaly associated with constitutional symptoms such as fatigue, weight 

loss, night sweats and low grade fever. Other complications include cachexia, bone pain, splenic 

infarct, thrombosis, haemorrhage, pruritus, cardiac failure due to fibrosis, infection and 

thrombocytosis. Ineffective erythropoiesis and EMH are the main causes of anaemia and 

organomegaly respectively. It is currently assumed that aberrant cytokine production by clonal 

cells and host immune reaction contribute to PMF-associated bone marrow stromal changes, 

ineffective erythropoiesis, EMH, cachexia, and constitutional symptoms (27).  
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Myelofibrosis may occur de novo, when it is termed PMF, or arise as a secondary event following 

PV or ET. Although myelofibrosis can be characterized by an initial proliferative phase, it leads 

inevitably to bone marrow failure. Amongst the classical Ph-negative MPN, PMF has the worst 

prognosis with a median survival of 3-5 years from the time of diagnosis (22).  Causes of death 

include leukemic progression in approximately 20% of patients but many patients also die of 

comorbid conditions including cardiovascular events and consequences of cytopenias including 

infection or bleeding (28).  

 

1.4 MOLECULAR PATHOGENESIS OF MPN 

1.4.1 JAK2 signaling in myelopoiesis 

In 2005, there was a major breakthrough in the understanding of the pathogenesis of the Ph-

negative MPN when several groups independently reported the presence of the JAK2 V617F 

mutation in approximately 95% of patients with PV and 40–50% of patients with ET and PMF 

(29-33). Subsequently direct or indirect dysregulation of JAK2 signaling by somatically acquired 

mutations has emerged as a central theme in the pathogenesis of MPN (34, 35). 

 

JAK2 is a non-receptor tyrosine kinase that plays an important role in transducing signals from 

several class I cytokine receptors that are critical for normal myelopoiesis, namely the 

erythropoietin receptor (EpoR), the thrombopoietin receptor (TpoR, encoded by the MPL gene), 

and the granulocyte colony-stimulating factor receptor (G-CSFR). Binding of specific cytokines 

to the class I cytokine receptors induces a structural change that activates JAK2 signaling. 

Activated JAK2 phosphorylates specific tyrosine residues on itself (autophosphorylation) and 

other proteins (transphosphorylation), and these phosphorylated tyrosines serve as specific 
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docking sites for the recruitment and assembly of downstream signaling proteins. This in turn 

results in the activation of specific signaling cascades involving MAPK, PI3K, and STAT proteins. 

Signaling is attenuated by activation of multiple negative feedback mechanisms that may involve 

protein kinases, SOCS family members, casitas B-lineage lymphoma (CBL) family members, 

protein inhibitors of activated STAT, LNK and other proteins (Figure 1.7). 

 

1.4.2    Genetic abnormalities in MPN 

Table 1.2 shows the list of commonly reported MPN-specific and MPN-nonspecific mutations to 

date. They are more frequently found in PMF compared to ET or PV. Mutations with frequencies 

of  ≥10% in PMF involve JAK2, CALR, ASXL1 (additional sex combs-like 1), TET2 (TET 

oncogene family member 2), SRSF2 (serine/arginine-rich splicing factor 2), and U2AF1 (U2 small 

nuclear RNA auxiliary factor 1) (36-38) genes. Other mutations that are less frequent in chronic-

phase MPN include IDH1 and IDH2 (isocitrate dehydrogenase 1 and 2) (39, 40), TP53 (tumor 

protein p53), DNMT3A (DNA cytosine methyltransferase 3a), IKZF1 (IKAROS family zinc finger 

protein 1), and LNK mutations. Further infrequent mutations reported in MPN involve SF3B1 

(Splicing Factor 3b Subunit 1), EZH2 (Enhancer of Zeste Homolog 2), CBL and SETBP1 (SET 

Binding Protein 1) genes (41). 

 

1.4.2.1   Driver mutations  

Driver mutations are mutations that give selective advantage to a clone in its microenvironment, 

through either increasing its survival or reproduction, and they tend to cause clonal expansions. 

From a genomics perspective, the key question is whether a particular basepair/gene locus  
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Figure 1-7. JAK2 signaling in myelopoiesis and JAK2 related mutation (42).  
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Table 1-2. Mutations specific and non-specific to MPN (43). 
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undergoes somatic changes at a greater rate than chance would predict which therefore confers a 

selective advantage and is likely driver. Driver mutations in MPN are often mutually exclusive 

and include JAK2 (Janus kinase 2; located on chromosome 9p24) (32), CALR (calreticulin; located 

on chromosome 19p13.2) (44, 45) and MPL (myeloproliferative leukemia virus oncogene; located 

on chromosome 1p34) (46).   

 

In 2005, JAK2 V617F was the first driver mutation to be described (29, 30, 32, 33) and represents 

an activating mutation with a G to T somatic mutation at nucleotide 1849, in exon 14, resulting in 

the substitution of valine to phenylalanine at codon 617. Subsequent studies confirmed the 

presence of JAK2 V617F in almost all patients with PV (47, 48) and in 50% to 60% of those with 

ET (49-52) or PMF (53, 54). In 2006, a somatic MPL W515L exon 10 mutation (a G to T transition 

at nucleotide 1544 resulting in a tryptophan to leucine substitution at codon 515 of the 

transmembrane region) was described in JAK2 V617F-negative PMF (46). In 2007, other JAK2 

mutations (JAK2 exon 12 mutation) were described in JAK2 V617F-negative patients with PV 

(55).  In December 2013, the most recent driver mutation in CALR was described (44, 45). With a 

few exceptions (56, 57), CALR and MPL mutations are absent in PV but their frequencies are 

approximately 20-25% and 3-4% respectively, in ET, and 20-25% and 6-7% respectively in PMF 

(53). The remaining 10-15% of patients with ET or PMF do not express any one of the three 

mutations and are referred to as being “triple-negative”. Recently, whole exome sequencing 

revealed the presence of somatic or germline MPL or JAK2 variants in 3 of 8 triple-negative MPN 

patients and subsequent MPL/JAK2 entire codon sequencing among 62 ET and 49 PMF triple-

negative cases revealed novel somatic or germline MPL variants in 5 of 62 cases and JAK2 variants 

in 5 of 57 cases (58). 
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1.4.2.2   Clinical phenotypes of driver mutations 

Overlapping clinical and biological features of ET, PV and PMF may be explained by the presence 

of JAK2 V617F mutation. However, there are significant differences in clinical phenotype among 

the JAK2, CALR, and MPL mutational categories. JAK2 mutations are generally associated with 

older age, higher haemoglobin level, leucocytosis, lower platelet count and increase risk of 

thrombosis in ET (59). Mutant CALR in ET is associated with younger age, male sex, higher 

platelet count, lower haemoglobin level and lower leucocyte count and, in PMF, with younger age, 

higher platelet count and lower frequencies of anaemia, leukocytosis, and spliceosome mutations 

(60). Approximately 80% of CALR mutated patients harbor one of two mutation variants: type 1, 

a 52-bp deletion (p.L367fs*46) or type 2, a 5-bp TTGTC insertion (p.K385fs*47). In ET, type 2 

CALR mutation is associated with significantly higher platelet count (61) and, in PMF, with higher 

risk category, circulating blast percentage, leucocyte count, and inferior survival (62). CALR 

variants that are neither type 1 or type 2 are operationally classified into “type 1-like” and “type 2 

–like” variants, based on their structural similarities to type 1 and type 2 CALR variants, 

respectively, which in turn based on alpha-helix content of the mutant C-terminus (63). Of note is 

the survival advantage demonstrated by PMF patients with type 1 or type-1 like CALR variants, 

compared to all other genotypes (63). Most recently, the order of mutation acquisition was 

suggested as an additional determinant of phenotype in MPN (64). 

 

1.4.2.3   Other genetic mutations  

Other genetic mutations have been described and can be classified into 2 main categories: 

mutations that activate JAK2 signaling & gain of functions by JAK2 V617F (Figure 1.7). 
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Mutations that activate JAK2 signaling 

SH2B3 and LNK mutations 

Inactivating mutations of SH2B3 (SH2B Adaptor Protein 3), which encodes the signaling adaptor 

LNK, have been reported in a small proportion of cases for all MPN subtypes, but the mutation 

frequency increases to 10% upon transformation to the blastic phase (65, 66). LNK can bind to and 

attenuate signaling from JAK2 V617F and TpoR W515 mutants in cell line models. However, it is 

unclear to what extent this happens under normal physiological conditions in human disease (67). 

 

CBL mutations 

CBL mutations have been reported in approximately 10% cases of PMF (68). CBL is a well-

characterized protein that plays both positive and negative regulatory roles in tyrosine kinase 

signaling. In its positive role, CBL binds to activated signaling complexes and serves as an adaptor 

by recruiting downstream signal transduction components. However, the CBL RING domain has 

E3 ligase catalytic activity and ubiquitylates activated target proteins on lysine residues. This 

negative regulatory role of CBL is best characterized for receptor tyrosine kinases, in which lysine 

ubiquitylation serves as a signal that triggers internalization of the receptor/ligand complex and 

subsequent recycling or degradation in endosomes. However, CBL also targets other proteins for 

degradation, most notably STAT5, a key downstream component of JAK2 signaling. CBL 

mutations are almost always missense changes in exons 8 and 9 that inactivate the E3 ligase 

activity. The loss of catalytic activity but retention of other functions gives rise to a gain of function 

and hypersensitivity to multiple cytokines (68, 69). 
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Gain of functions by JAK2 V617F 

Although it is highly possible that the sequence or environment of JAK2 exon 14 makes it 

particularly prone to somatic acquisition of this mutation, no clear evidence for mutability has been 

described and no mechanism has been proposed. From a functional perspective, two noteworthy 

gains of function, Suppressor of Cytokine Signaling 3 (SOCS3) and Protein Arginine 

Methyltransferase 5 (PRMT5), have been attributed to V617F, which could suggest that this 

mutation is not simply a constitutively active form of JAK2.  

 

SOCS3 

SOCS3 is known to be a strong negative regulator of erythropoietin (EPO) signaling. Normally, it 

is thought to bind to the catalytic loop of JAK2 and target the kinase for degradation. JAK2 V617F 

escapes this negative regulation and its activity is actually enhanced by SOCS3. This is probably 

a result of an acquired ability of JAK2 V617F to hyperphosphorylate and stabilize SOCS3, thereby 

prolonging signaling (70). 

 

PRMT5 

JAK2 V617F acquires the ability to phosphorylate PRMT5, impairing its ability to methylate 

histone H2A and H4 on specific arginine residues. Knockdown of PRMT5 in human CD34+ cells 

increased colony formation in methylcellulose and erythroid differentiation in liquid cultures. 

Conversely, overexpression of wild-type PRMT5 decreased hematopoietic colony formation. This 

shows that JAK2-mediated abrogation of PRMT5 activity may also make an important 

contribution to the MPN phenotype (71). 
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1.4.3 Epigenetic abnormalities in MPN 

The biologic events leading to the initiation and progression of MPN are likely not only caused by 

the acquisition of genetic mutations, such as the JAK2 V617F mutation, but may also be due to 

epigenetic changes that do not affect the primary sequence of DNA but rather alter gene expression 

by remodeling chromatin. Chromatin remodeling is accomplished primarily through two main 

mechanisms: (a) post-translational modification of histones (such as methylation and acetylation) 

(72) that are associated with transcriptional activation or repression and (b) DNA methylation with 

the addition of a methyl group to cytosine-phosphate-guanine (CpG) dinucleotide repeats within 

gene regulatory DNA sequences which modulates the transcription of various genes (73). 

 

Two broad categories of epigenetic alterations in MPN pathophysiology have been observed. The 

first category involves alterations in genes that encode proteins which influence chromatin 

structure. Alterations in TET2, IDH1/2, ASXL1, EZH2, JAK2 V617F, IKZF1 and DNMT3a gene 

functions are examples of this first category and can lead to epigenetic dysregulation. TET2, 

ASXL1, IDH1/2, and EZH2 gene mutations are found alone or in combination with JAK2 or MPL 

mutations and influence the epigenetic regulation of transcription resulting in the possible 

silencing of putative tumor suppressor genes in MPN. The second category involves genes which 

are affected by epigenetic modifications, including the promoter site of genes critical for cell 

survival, differentiation, and proliferation. Examples of this group of genes in MPN are SOCS, 

SFRP1/2 (Secreted Frizzled-Related Protein 1/2), PRV-1, CXCR4 (Chemokine (C-X-C Motif) 

Receptor 4) and HDAC (Histone Deacetylase). Some of the more commonly reported epigenetic 

alterations are illustrated in Figure 1.8 and discussed in the following sections. 
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Figure 1-8. Genetic and epigenetic alterations in Ph-negative MPN (42). 
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1.4.3.1    Gene alterations leading to epigenetic dysregulation 

TET2 

The most common mutations in MPN affecting epigenetics are most commonly seen in the TET2 

family gene located in the minimal loss of heterozygosity region at 4q24 and have been identified 

in several myeloid malignancies (74). Overall, the frequency of TET2 mutations in Ph-negative 

MPN has been reported to be 12-17% (74). TET2 encodes a member of a family of 3 enzymes that 

convert 5-methylcytosine (5mC) to 5-hydroxymethylcytosine (5hmC). Inactivating TET2 

mutations are seen in all MPN subtypes (74, 75). Whether 5hmC is simply an intermediate in the 

removal of 5mC from specific CpG dinucleotides or whether it confers specific properties is 

currently a matter of debate, but analysis in embryonic stem cells has suggested that the balance 

between 5mC and 5hmC is strongly linked with the balance between pluripotency and lineage 

commitment (76). Furthermore, depletion of TET2 in mouse hematopoietic precursors skewed 

their differentiation toward monocyte/macrophage lineages in culture (77). TET2 mutations have 

been identified in blast phase MPN samples and not observed in the paired background MPN 

samples of both JAK2 wild-type and mutant MPN prior to blastic transformation (78). This finding 

would suggest that the acquisition of TET2 mutations may be a step in MPN leukemic 

transformation. 

 

IDH1 and IDH2 

Mutations in IDH1 and IDH2 are seen occasionally in chronic-phase MPN, but are more frequent 

in blastic phase disease (40). IDH1/2 normally catalyzes the oxidative decarboxylation of isocitrate 

to α-ketoglutarate and is impaired in IDH1/2 mutant cells. In AML, IDH1/2 and TET2 mutations 

are mutually exclusive and associated with similar epigenetic defects. Expression of mutant 
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IDH1/2 or TET2 depletion in mouse cells impaired hematopoietic differentiation and increased 

stem/progenitor cell marker expression, suggesting a shared pro-leukemogenic effect (79). 

 

ASXL1 and EZH2 

Mutations of the polycomb group genes, ASXL1 and EZH2 are most frequently seen in PMF, but 

are also seen occasionally in other MPN subtypes (80, 81). The precise function of ASXL1 is poorly 

understood, but it is involved in the control of chromatin structure and is believed to be a 

component of a complex that deubiquinates histone H2A lysine 119. EZH2 is a relatively well-

characterized gene that encodes the catalytic subunit of the PRC2, the highly conserved histone 

H3 lysine 27 methyltransferase that influences stem-cell renewal by epigenetic repression of genes 

involved in cell-fate decisions. EZH2 mutations in MPN are inactivating, but their impact on 

myelopoiesis remains to be established. 

 

1.4.3.2    Individual genes affected by epigenetic modifications 

SOCS 

Aberrant methylation of several SOCS family members and other genes has been described in 

MPN, but there is no clear consensus with regard to methylation frequency in different disease 

subtypes, so the significance of these findings remains unclear (82, 83). 

 

HDAC 

The HDAC family consists of 18 genes, subdivided into four classes based on their homology to 

the yeast ortholog. Considerable evidence indicates that the acetylation status of histones and non-

histone proteins play a key role in the regulation of cellular signaling and disease progression (84, 
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85). For example, global gene expression profiling of MPN patient blood cells revealed HDAC 

gene deregulation (86). HDAC 9 and 11 gene over-expression was documented in various MPN 

subtypes, and an increase in HDAC 6 gene expression was observed during MPN disease 

progression. These data support the possible role of HDAC enzyme inhibition as a treatment 

approach to MPN.  

 

1.4.4  Other pathways of transformation in MPN 

1.4.4.1    Telomerase-mediated immortalization 

Recently, two papers published in the New England Journal of Medicine showed some 

encouraging results with Phase 1 and 2 studies on the treatment of MPN with the telomerase 

inhibitor Imetelstat. This drug was shown to have a potential disease-modifying activity through 

the induction of clinical, histological and molecular remissions in both ET and PMF (87, 

88).Telomerase is a ribonucleoprotein that adds the polynucleotide “TTAGG” to the 3’ end of 

telomeres, which are found at the ends of eukaryotic chromosomes. A telomere is a region of 

repetitive sequences at each end of a chromatid, which protects the end of the chromosome from 

deterioration or from fusion with neighbouring chromosomes. Telomerase is a reverse 

transcriptase enzyme that carries its own RNA molecule which is used as a template when it 

elongates telomeres. With telomerase activation, some types of cells and their offspring become 

immortal, thus avoiding cell death as long as the conditions for their duplication are met (89, 90). 

It is likely that telomerase-mediated immortalization of neoplastic cells may emerge as a 

significant mechanism for MPN and a germline variant in the telomerase reverse transcriptase 

(TERT) gene is associated with ET, PV and PMF, independently of JAK2 V617F mutation status 

(91). 
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1.4.4.2    Micro RNA profiling 

 There are emerging data which show that micro RNA (miRNA) profiles differ between ET, PV 

and PMF, and that these profiles are independent of JAK2 V617F. miRNAs are short nucleotide 

non-protein-coding RNAs that bind target mRNA to regulate transcriptional and translational gene 

expression. miRNA also act in the stem cell compartment and therefore could potentially target 

MPN progenitor cells (92). 

 

1.4.5  Chromosomal abnormalities and inherited predisposition  

Several studies have described additional somatic genetic factors important for the MPN 

phenotype and the leukemic transformation of these conditions (75, 93). Chromosome 

abnormalities are seen in 10% of ET, 20-30% of cases of PV and 32-48% of PMF (94, 95). Gain 

of chromosome 9 is common in PV and is associated with copy number gain of JAK2 V617F. 

Interstitial deletions of 13q and 20q are seen in all MPN subtypes, suggesting the presence of one 

or more tumor-suppressor genes in these regions. In addition, inherited predisposition is also 

suspected in pedigrees with many affected members whereby germline JAK2 46/1 haplotype has 

been found to be associated with JAK2 V617F positive MPN (96). Therefore, it is possible that the 

different clinical manifestations of ET, PV and PMF may reflect the different stages of 

differentiation at which the JAK2 mutation occurs, other genetic events that evolve during disease 

progression and differences in the genetic background of the patient. 
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1.4.6 Gene expression and DNA methylation profiling in MPN  

Cancer is a highly variable disease with multiple heterogeneous genetic and epigenetic changes. 

The final deciphering of the complete human genome, together with the improvement of high 

throughput technologies, is causing a fundamental transformation in cancer research. Microarray 

and next generation sequencing (NGS) are powerful tools for studying the molecular basis of 

interactions on a scale that is impossible using conventional analysis such as polymerase chain 

reaction (PCR). These techniques makes it possible to examine the expression of thousands of 

genes simultaneously which can lead to improvements in developing rational approaches to 

therapy as well as improvements in cancer diagnosis and prognosis.   

 

Microarray chips consist of thousands of DNA molecules (corresponding to different genes) that 

are immobilized and girded onto a support such as glass, silicon or nylon membrane. Each spot on 

the chip is representative for a certain gene or transcript. The expression levels of all these genes 

in cells taken from a tissue sample or a cell line culture can be determined by isolating the total 

amount of mRNA, which is defined to be the transcriptome of the cell at the given time. 

Fluorescently or radioactively labelled nucleotides (targets) that are complementary to the isolated 

mRNA are prepared and hybridised to the immobilized molecules. Target molecules that did not 

bind to the immobilized molecules (probes) during the hybridisation process are washed away. 

The amount of hybridised target molecules is proportional to the amount of isolated mRNA. The 

relative abundance of hybridised molecules on a defined array spot can be determined by 

measuring the fluorescent or radioactive signal. This method provides the advantage that it can 

interrogate the level of transcription of several thousands of different genes from one sample in 

one experiment.   
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High-throughput NGS technologies are now in common use and have revolutionized research in 

haematological disorders. These technologies produce millions of short sequence reads and are 

routinely being applied to genomes, epigenomes and transcriptomes. RNA-seq is a powerful 

sequencing-based method that enables discovery, profiling, and quantification of RNA transcripts 

across the entire transcriptome. As RNA-seq does not require probes or sequence-specific primers, 

the data generated are unbiased and allows for hypothesis-free experimental design. Apart from 

gene expression analysis, RNA-seq can identify novel transcripts, novel isoforms, alternative 

splice sites, allele-specific expression, and rare transcripts. Unlike microarrays, which measure 

continuous probe intensities, RNA-seq quantifies discreet, digital sequencing read counts aligned 

to a particular sequence. The digital nature of this process allows quantification of RNA activity 

at higher resolution and capture of subtle gene expression changes associated with biological 

process.  The sequencing data can also be reanalyzed as novel exons are discovered, whereas on a 

microarray the sample would have to be rerun with updated probes. This makes RNA-seq a good 

platform for validating differentially expressed genes generated from microarray.  In addition to 

RNA-seq, NGS technologies can also be used for targeted sequencing of multiple regions of the 

genome and CpG sites of the epigenome. This makes NGS a good platform for exploring and 

validating differentially expressed genes and differentially methylated CpG sites generated using 

microarray techniques. 

 

However, NGS is not without its challenges. The cost of platform, the availability of bioinformatic 

support and computing resources are often limiting. However, with the expansion in total 

sequencing capacity and the ability to multiplex, the cost per sample to generate sufficient 

sequencing depth will soon be comparable to that of microarrays. 
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1.4.6.1    Gene expression profiling  

To date, the majority of gene expression profiling (GEP) studies have been performed in AML, 

with only few studies in MPN. In a study of 40 patients with PV, GEP uncovered overexpression 

of a number of transcription factors, including NF-E2 (nuclear factor-erythroid derived 2) (97). 

Overexpression of NF-E2 was noted in bone marrow megakaryocytic, erythroid, and granulocytic 

precursors, leads to the development of EPO-independent erythroid colonies, and may control 

lineage commitment, resulting in overproduction of red cells and platelets. GEP in patients with 

ET showed a heterogeneous molecular signature, with an upregulation of inflammatory markers 

that could participate in neutrophil activation and thrombosis in one group, and a significantly 

lower expression of these genes in the second group (98). The significance of these findings is not 

clear at this time. In a study by Rice et al (99), combined single nucleotide polymorphism (SNP) 

analysis and GEP identified aberrations affecting components of a non-canonical PRC2 complex 

(EZH1, SUZ12 and JARID2) and genes comprising a ‘HSC signature’ (MLLT3, SMARCA2 and 

PBX1). In addition, NFIB (nuclear factor I/B) which protects cells from apoptosis induced by 

cytokine withdrawal, was amplified in 7/87 MPN patients and upregulated in PV CD34+ cells. 

 

1.4.6.2    DNA methylation profiling 

Experimental data from the DNA methylation profiling of MPN showed that ET, PV and PMF 

have congruous profiles that differ substantively from controls. Transformation to AML is 

associated with a distinct methylation profile, particularly involving the interferon (IFN) pathway 

(100). In a study by Nishal et al (101), global DNA methylation analysis by unsupervised 

clustering indicated that patients with ET and PV were epigenetically closer to normal controls, 

whereas 5 out of 12 patients with PMF formed a separate cluster. Subsequent supervised clustering 
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showed hypermethylation in ET and PV samples, which affected several transcription factors 

including GATA1 (GATA-Binding Factor 1). On the other hand, PMF showed both 

hypermethylation and hypomethylation. Hypermethylated genes influenced pathways of 

inflammatory mediators, whereas hypomethylated genes governed cell production, correlating 

with the clinical complexity of PMF and confirming the idea that neoplasia is a phenomenon 

involving inflammation and increasingly dysplastic proliferation. No epigenetic clustering was 

associated with the JAK2 mutation per se. 

 

1.4.7 Proposed molecular pathogenesis of MPN 

Given the fact that MPN constitutes a stem cell-derived clonal myeloproliferation that has the 

potential to transform into PMF or AML, it is reasonable to assume the contribution of somatic 

mutations in both clonal origination and evolution of the disease. It is possible that the MPN-

specific mutations mentioned above may be sufficient but not necessarily essential in initiating the 

disease process. This concept is supported by “MPN” mouse models attached to a spectrum of 

MPN-specific (e.g. JAK2, MPL and CALR) and not so MPN-specific (e.g. TP53, NRAS, FLT3, 

SHP-2, NF-E2) mutations (102). 

 

As well as transformation events, one also needs to explain how similar mutations result in 

different WHO-defined clinicopathologic entities. Possible explanations proposed include mutant 

allele burden (mutation homozygosity), STAT1 (signal transducers and activators of transcription 

1) signaling, order of mutation acquisition, and clonal heterogeneity involving secondary 

mutations.   
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JAK-STAT activation might be the central theme in MPN pathogenesis (35). Amongst the driver 

mutations, JAK2 and MPL mutations are thought to directly activate JAK-STAT and make 

myeloproliferation cytokine-independent or hypersensitive. The same scenario is assumed with 

LNK and CBL loss-of-function mutations that are believed to abrogate negative regulation of JAK-

STAT. The precise mechanism of mutant CALR –induced myeloproliferation is less clear, but 

mouse models have suggested a primary effect on platelet production (103). CALR is a 

multifunctional Ca2+ binding protein chaperone mostly localized in the endoplasmic reticulum 

(ER). CALR mutations often are exon 9 frame-shift mutations with somatic insertions or deletions, 

resulting in one base pair reading frame shift and an altered C-terminal that is missing the KDEL 

(lysine, aspartic acid, glutamic acid and leucine) ER retention motif and is positively rather than 

negatively charged. How these changes result in JAK-STAT or other pathway activation is still 

under investigation. The central role of JAK-STAT activation is also confounded by the 

coexistence of an inflammatory state in MPN with aberrant cytokine expression and the fact that 

activated JAK-STAT is a nonspecific common phenomenon in cancer. Furthermore, targeted 

therapy with JAK inhibitors has so far failed to induce selective suppression of the disease clone 

in MPN (104). 

 

The pathogenic role of other non-driver mutations are much less understood but believed to 

cooperate with the driver mutations (e.g. JAK2, MPL, CALR), which primarily affect cytokine 

signaling, in order to further disrupt epigenetic (e.g. ASXL1, TET2, EZH2, IDH1, IDH2, 

DNMT3A), RNA splicing (e.g. SRSF2, U2AF1, SF3B1), or transcriptional (TP53, IKZF1, NF-E2, 

CUX1) regulation. The higher prevalence of some of these mutations (e.g. TP53, IDH2, SRSF2, 

and SH2B3) in blast-phase MPN suggests a possible role in disease progression or transformation 
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into AML as demonstrated in compound mutant mouse models in which expression of JAK2 

V617F with TET2 loss induced disease progression (105) and, with TP53 mutations, overt AML 

(39). However, recent demonstration of TET2, ASXL1 and DNMT3A mutations in “normal” elderly 

individuals has complicated the precise pathogenic contribution of these mutations in MPN. This 

is further complicated by the demonstration of the effect of the order of mutation acquisition in 

MPN patients with multiple mutations on the disease phenotype, stem cell clonal distribution, and 

sensitivity to specific therapy (64).  

 

1.5 DIAGNOSIS AND CLASSIFICATION OF MPN 

The 2001 and 2008 (8) WHO classifications of MPN have been shown in several clinical-

pathological studies (19, 106-111), to be very useful in diagnosing the various subtypes of MPN. 

The diagnostic criteria consist of clinical and morphological findings and whenever possible, 

disease-relevant mutations. However, over the years, there have been concerns regarding the 

reliability of the proposed clinical features required for WHO-defined diagnosis, the diagnostic 

relevance, and the reproducibility of bone marrow morphology criteria (112-116). 

 

In addition, the discovery of more than 20 mutations (41) since 2005 yielded new perspectives and 

provided novel insights for the understanding of the pathobiology of MPN. The discovery of CALR 

mutations in JAK2-negative and MPL-negative ET and PMF (44, 45) facilitated diagnostic 

precision and may be prognostically relevant (53). 
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Taking into consideration the new molecular findings and overall experience gained over the past 

years, Barbui et al (117) have therefore proposed some changes to the diagnostic criteria for the 

WHO classification in 2015. The reasons for the changes proposed are as follows: 

1) The discovery of novel molecular markers other than JAK2 V617F and MPL mutations 

that warrant diagnostic importance for all 3 major diseases. 

2) The need to differentiate between “true ET” from prefibrotic/early primary PMF (prePMF) 

by emphasizing the lack of reticulin fibrosis at onset which is of prognostic significance. 

3) The possibility of an underdiagnosis of PV as the consequence of applying the former 

haemoglobin or haematocrit threshold values and the emerging role of bone marrow 

morphology as a major criterion. 

4) The challenge of defining more explicitly minor clinical criteria for PMF that may have 

major impact not only on accurate diagnosis but also on prognosis.  

 

Several changes were therefore proposed by Barbui et al (117) in the 2015 revision of the WHO 

classification for MPN for ET (Table 1.3), PV (Table 1.4), prefibrotic/early PMF (Table 1.5) and 

PMF (Table 1.6) whereby driver mutations in MPN are formally integrated into the diagnostic 

criteria for the  different disease subtypes. These clonal markers are now effectively used as one 

of several major criteria used to diagnose ET, PV and PMF as well as to distinguish MPN from 

secondary/reactive erythrocytosis or thrombocytosis. However, these mutations lack specificity 

and are unable to distinguish ET from masked PV or prefibrotic PMF (25, 26, 118-120). 

Accordingly, bone marrow pathology is now considered as another major criterion for the 2015 

WHO diagnosis of all three MPN (117). The inclusion of bone marrow morphology as a major  



79 

 

 

Table 1-3. 2001, 2008 and proposed 2015 WHO Diagnostic Criteria for ET (117). 

 

 

 

Table 1-4. 2001, 2008 and proposed 2015 WHO Diagnostic Criteria for PV  (117). 
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Table 1-5. 2001, 2008 and proposed 2015 WHO Diagnostic Criteria for prePMF (117). 
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Table 1-6. 2001, 2008 and proposed 2015 WHO Diagnostic Criteria for PMF (117). 
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criterion has allowed lowering of the threshold haemoglobin level for the diagnosis of PV from 

18.5g/dL in men and 16.5 g/dL in women to a haemoglobin level of 16.5 g/dL in men and 16g/dL 

in women (or a haematocrit of 49% in men and 48% in women). The bone marrow in PV is 

characterized by trilineage myeloproliferation with pleomorphic megakaryocytes. In ET, 

megakaryocytes are increased and are large and mature in morphology. Bone marrow in PMF is 

characterized by megakaryocyte proliferation and atypia (i.e. small to large megakaryocytes with 

aberrant nuclear/cytoplasmic ratio and hyperchromatic and irregularly folded nuclei and dense 

clustering) along with either reticulin and/or collagen fibrosis. In prefibrotic PMF, the 

megakaryocyte changes typically seen in PMF are accompanied by increased marrow cellularity, 

granulocytic proliferation, and often decreased erythropoiesis. The International Working Group 

for MPN Research and Treatment (IWG-MRT) criteria (Table 1.7) are currently being used for 

diagnoses of post-ET myelofibrosis (PET-MF) and post-PV myelofibrosis (PPV-MF) (121-123). 

 

In clinical practice, accurate diagnosis and differentiation between the 3 MPN subtypes as well as 

exclusion of reactive conditions and diseases such as CML are critical for appropriate prognosis 

and treatment decision making. The latest WHO diagnostic criteria should be followed and any 

patient with suspected MPN should be tested for the 3 driver mutations whenever possible. A 

simplified diagnostic algorithm is presented in Figure 1.9 (43).  
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Table 1-7  Diagnostic criteria for post-PV myelofibrosis (PPV-MF) and post-ET myelofibrosis 

(PET-MF) according to the IWG-MRT (123). 
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Figure 1-9. Diagnostic algorithm for MPN, based on the 2008 WHO criteria (43). 
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1.6 RISK STRATIFICATION AND PROGNOSIS OF MPN 

Survival data in MPN from the collaborative study between the Mayo Clinic-Italian group was 

recently published (53). In this study, the median survivals of the 826 patients from Mayo clinic 

with ET, PV and PMF were approximately 20, 14 and 6 years respectively. The corresponding 

values for younger patients less than 60 years old were 33, 24 and 15 years respectively. The study 

also showed that life-expectancy in ET was inferior to that of the sex- and age-matched US 

population.  

 

1.6.1 Essential thrombocythemia 

In ET, the IWG-MRT studied 867 patients with WHO-defined ET and developed the International 

Prognostic System for ET (IPSET), which included the risk factors: advanced age (≥60 years with 

2 adverse points), leukocytosis (≥11 x 109/L with 1 adverse point) and thrombosis history (with 1 

adverse point) (124). These 3 risk factors were then used in a 3-tiered prognostic model: low risk 

patients (0 adverse points) displayed median survival that was not reached; intermediate risk 

patients (1 or 2 adverse points) displayed a median survival of 24.5 years; high risk patients (≥3 

adverse points) displayed median survival of 14.7 years. JAK2/CALR mutational status did not 

affect survival in ET (125). Risk factors for leukemic transformation in ET (estimated at <5% in 

20 years) include thrombosis and extreme thrombocytosis (platelets >1000 x 109/L) and for fibrotic 

transformation advanced age and anemia; the presence of JAK2 V617F was associated with a lower 

risk of fibrotic transformation (19).  
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1.6.2 Polycythemia vera 

In a study by Tefferi et al (110) involving 1545 patients with PV, the IWG-MRT identified 4 

variables as independent risk factors for survival: advanced age (age ≥67 with 5 adverse points 

and age 57-66 with 2 adverse points), leukocytosis (≥15 x 109/L), venous thrombosis (with one 

adverse point) and abnormal karyotype (not included in the clinical prognostic model) (110). The 

first 3 risk factors were then used in a 3-tiered prognostic model: low risk patients (0 adverse 

points) displayed median survival of approximately 26 years; intermediate risk patients (1 or 2 

adverse points) displayed a median survival of 15 years; high risk patients (≥3 adverse points) 

displayed median survival of 8.3 years (110). Risk factors for leukemic transformation in PV 

(estimated at <10% in 20 years) include advanced age, leukocytosis and abnormal karyotype 

whereas JAK2 V617F allele burden >50% has been associated with fibrotic transformation (126). 

 

1.6.3 Primary myelofibrosis 

Table 1.8 summarises the prognostic scoring systems for PMF which started with the development 

of the International Prognostic Scoring System (IPSS) in 2009 (127) which was subsequently 

upgraded to the Dynamic IPSS (DIPSS) in 2010 (128) and DIPSS-plus in 2011 (129). DIPSS-plus 

includes 8 risk factors for survival: age >65 years, haemoglobin <10g/dL, leucocyte count >25 x 

109/L, circulating blasts ≥1%, presence of constitutional symptoms, unfavourable karyotype (i.e. 

complex karyotype or 1 or 2 abnormalities that include +8, -7/7q-, i(17q), inv(3), -5/5q, 12p- or 

11q23 rearrangement) (130, 131), red cell transfusion need (132, 133) and platelet count <100 x 

109/L (134). Based on these 8 risk factors, four DIPSS-plus risk categories were generated: low 

(no risk factors), intermediate-1 (1 risk factor), intermediate-2 (2 or 3 risk factors) and high (≥4 

risk factors) with respective median survivals of 15.4. 6.5, 2.9 and 1.3 years (129). 
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Table 1.8. Risk stratification in PMF (123). 

 

 

 

More recently, several DIPSS-plus-independent risk factors in PMF were identified and include 

driver mutations other than type 1 or type 1-like CALR variants (63), monosomal karyotype (95), 

nullizygosity for JAK2 46/1 haplotype (135), low JAK2 V617F allele burden (136, 137), presence 

or number (138) of IDH1/2, EZH2, SRSF2, or ASXL1 mutations (38), and increased serum IL-8, 

IL-2R (139) or serum free light chain levels (140). In a recent international study of 570 patients 

with PMF (141), the authors reported the longest survival in CALR+ASXL1- patients (median 10.4 

years) and shortest in CALR-ASXL1+ patients (median 2.3 years). CALR+ASXL1+ and CALR-
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ASXL1- patients had similar survival and were grouped together in an intermediate risk category 

(median survival 5.8 years). Based on these results, 2 new prognostic models that incorporate 

mutational status were proposed and presented in the 2014 American Society of Haematology 

meeting. The first model is the Mutation-enhanced International Prognostic Scoring System 

(MIPSS) (142) and the second model is the Genetics-based Prognostic Scoring System (GPSS) 

(143). The absence of type 1/type 1-like CALR mutations and the presence of ASXL1 mutations 

define genetically high-risk disease.    

 

 

1.7 TREATMENT OF MPN 

Newly diagnosed MPN patients should be categorized at baseline according to the risks associated 

with the disease in order to decide on treatment strategy. Current drug therapy for ET, PV or PMF, 

is neither curative nor capable of prolonging life or preventing disease progression (43). Therefore, 

treatments in ET and PV are primarily directed at prevention of thrombo-haemorrhagic 

complications and secondarily towards alleviation of symptoms and in PMF mostly at alleviation 

of symptoms with the possibility of cure limited to patients undergoing allogeneic stem cell 

transplant but limited by the relatively high incidence of treatment-related mortality and morbidity 

(144). 

 

 

 

 

 



89 

 

1.7.1 Essential thrombocythemia and Polycythemia vera 

The prognostic scoring systems used for risk-adapted therapy in ET and PV are based on the 

likelihood of patients developing thrombotic complications which are the leading cause of 

morbidity and mortality in these patients. Considering the long survival in ET and PV and the low 

risk of leukemic transformation, the prognostic scoring system for overall survival described 

earlier does not currently impact on treatment decisions (110, 124).   

 

The recommended cytoreductive treatment-relevant risk stratification in ET and PV is currently 

based on only 2 factors: age ≥60 years and history of thrombosis.  These factors separate patients 

into low risk (0 risk factor) and high risk (1 or 2 factors) groups (Figure 1.10) (43). However, 

individualized treatment considers other risk factors and the risk of bleeding associated with 

extreme thrombocytosis (59, 145). In ET, an intermediate-risk group is sometimes advocated. 

However, this group is variably defined and there is no clear evidence on how to manage patients 

in this category. Thrombocytosis (>1000 x 109/L) is a risk factor for haemorrhage, and advocates 

caution for the use of aspirin. Extreme thrombocytosis (>1500 x 109/L) is regarded as an indication 

for therapy in ET, and less frequently in PV. Improved and more robust risk stratification for 

therapy is required. There are ongoing efforts by IWG-MRT to revise the IPSET-thrombosis model 

(59) incorporating the JAK2 V617F mutational status as an additional risk factor to stratify the 

patients further into different risk groups for risk-adapted therapy.   

 

The primary aim of current therapy in ET and PV should be to prevent thrombosis and alleviate 

symptoms. Randomized studies have shown the antithrombotic value of treatment with aspirin in 

PV (22), hydroxyurea in high-risk ET (146), and phlebotomy (haematocrit target <45%) in  
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Figure 1-10. Risk stratification and risk-adapted therapy for ET and PV (43). 
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PV (147). Aspirin has been shown to be effective in alleviating microvascular symptoms, such as 

erythromelalgia and headaches, and possibly preventing vascular events in JAK2-mutated ET 

(148). Furthermore, laboratory evidence suggests twice-daily aspirin may work better than a once-

daily dose (149). On the basis of these observations, Tefferi et al (43) recommend: 1) phlebotomy 

with a haematocrit target of 45% in all patients with PV; 2) aspirin therapy (81mg/day) in all 

patients with PV and JAK2-mutated ET; and 3) twice-daily aspirin use in low-risk patients whose 

microvascular symptoms are resistant to once-daily aspirin or whose risk of arterial thrombosis is 

higher but not high enough to require cytoreductive therapy (Figure 1.10).  

 

In addition, high-risk patients (i.e. age ≥60 years or with thrombosis history) require cytoreductive 

therapy. On the basis of randomized (146) and retrospective (150) studies, Tefferi et al recommend 

using hydroxyurea as the first-line cytoreductive drug of choice. In patients who are resistant to or 

intolerant of hydroxyurea, the second-line drugs of choice are interferon-alpha (IFN-α) (for 

younger patients) and busulphan (for older patients) based on controlled and uncontrolled single-

arm studies that have demonstrated long-term safety and efficacy of these drugs in both PV and 

ET. There is currently no controlled evidence to implicate hydroxyurea, IFN-α or busulphan as 

being leukemogenic (110).  

 

Care is required when introducing new drugs, e.g. JAK2 inhibitors (151),  for patients with ET or 

PV given the lack of confirmation of long-term safety (152) and superiority over current first-line 

(hydroxyurea) and second-line (IFN-α, busulphan) drugs (153, 154). It is also important not to 

assume that an occasional JAK2 or CALR mutant burden suppression by IFN-α (155, 156) or 
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busulphan (157) are markers of superior drug efficacy because the relevance of such biological 

activity to clinical outcomes of thrombosis and survival is not known. 

 

Other aspects of management of ET and PV include acquired von Willebrand syndrome, which 

might accompany extreme thrombocytosis and thus require laboratory screening for ristocetin 

cofactor activity. Use of aspirin should be avoided in the presence of <20% activity. Treatment for 

PV-associated pruritus includes antihistamines, selective serotonin reuptake inhibitors, JAK 

inhibitors, IFN-α, and narrowband UV-B phototherapy (158). Management during pregnancy 

includes aspirin therapy for low-risk and IFN-α for high-risk patients (159).  

 

1.7.2 Primary myelofibrosis 

In contrast with ET and PV, the median survival in PMF is only approximately 6 years, ranging 

from <2 to >10 years. Hence, the relevant end point for current prognostic scoring systems in PMF 

is represented by survival using the IPSS (Table 1.8).   

 

There is no curative therapy for PMF and PPV-/PET-MF other than allogeneic stem cell 

transplantation (alloSCT) which results in resolution of bone marrow fibrosis, molecular remission 

and restoration of normal haematopoiesis (160, 161). Depending on disease status, patient’s 

performance status, comorbidities and donor availability, ~40%-70% of patients can be cured (160, 

161). Reduced-intensity conditioning regimens resulting in lower therapy-related complications 

have broadened the availability to older patients, but direct comparison to standard myeloablative 

conditioning is lacking (161, 162). Transplant-related death or severe morbidity occurs in more 

than half of transplant recipients and therefore necessitates risk justification in the individual 
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patient. According to European Leukemia Net (ELN) guidelines, it is justified to offer alloSCT to 

eligible patients with PMF whose median survival is expected to be <5 years. This includes 

patients with intermediate-2 and high risk disease according to IPSS [III, A] (123, 163). 

Splenectomy is generally not recommended in preparation for alloSCT [IV, D] (123). Pre-

transplant JAK inhibitor treatment can reduce spleen size and improve constitutional symptoms, 

but is currently being tested in clinical studies and should be regarded as experimental [IV, D] 

(123). Tefferi et al (43) recommend SCT in DIPSS-plus intermediate-2 or high risk disease or 

genetically high-risk disease (i.e. CALR-/ASXL1+) (Figure 1.11). 

 

If alloSCT is not feasible in the DIPSS-plus intermediate-2 or high risk disease or genetically high-

risk disease (i.e. CALR-/ASXL1+) patients, investigational drug therapy or participation in clinical 

trials is highly recommended. Unlike alloSCT, current drug therapy in PMF has not been shown 

to be curative or disease-modifying. JAK inhibitors, such as ruxolitinib, have so far not shown 

significant disease-modifying activity (104). Other potentially disease-modifying agents such as 

inhibitors of mutated IDH protein and telomerase (87, 88), as well as immune conjugates directed 

at leukemic stem cells are currently being explored.  

 

For asymptomatic DIPSS-plus low- or intermediate-1 disease, there is currently no evidence to 

support the value of specific therapy (Figure 1.11).  Outside the research setting, in symptomatic 

patients, drugs of choice for PMF-associated anaemia include androgens, prednisolone, danazol, 

thalidomide with or without prednisolone, with expected response rates of 15% to 25%. 

Lenalidomide works best in the presence of del(5q31) (109).  Erythropoiesis-stimulating agents 

produce improvements in 23%-60% of patients (164, 165). Response is often restricted to  
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Figure 1-11. Risk stratification and risk-adapted therapy for PMF (43). 

 

 

 

patients with inadequate erythropoietin levels (<125 mU/ml), and less frequently when there is 

significant splenomegaly or transfusion dependence. If no response is obtained at three months, 

treatment should be stopped [III, B] (123). Splenectomy can be useful in patients with transfusion-

dependent anaemia refractory to drug therapy [IV, B], but needs careful consideration due to 

complication rates (123, 166). Hydroxyurea can be used to treat PMF-associated splenomegaly. 

Hydroxyurea-refractory splenomegaly is often managed with ruxolitinib therapy or splenectomy. 

Ruxolitinib is preferred in nonsurgical candidates and splenectomy in the setting of 

thrombocytopenia and transfusion-dependent anaemia. Involved-field radiotherapy offers 

temporary relief for drug-refractory organomegaly and is the treatment of choice for non-

hepatosplenic EMH (109). 
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Multiple JAK inhibitors have undergone clinical trials in MPN (104). JAK inhibitors that have 

undergone or are undergoing phase-3 clinical trials in MPN include ruxolitinib, fedratinib, 

momelotinib and pacritinib. Ruxolitinib (JAK1/JAK2 inhibitor) is now approved for use in 

intermediate- and high-risk PMF (167) and hydroxyurea-resistant or intolerant PV. Two 

randomized studies comparing ruxolitinib with either placebo or best supportive care have now 

been published and both showed efficacy of the drug in reducing spleen size and alleviating 

constitutional symptoms (168, 169). Development of fedratinib was halted despite positive phase-

3 results because of drug-associated encephalopathy (170, 171). Momelotinib (JAK1 and JAK2 

inhibitor) and pacritinib (JAK2 and FLT3 inhibitor) are currently undergoing phase-3 clinical 

trials (172-177), while other JAK inhibitors are at an earlier phase of development. Among 100 

consecutive Mayo Clinic patients treated with momelotinib, spleen or liver response rate was 43% 

and anemia response rate 44% (175). Side effects of momelotinib included moderate to severe 

thrombocytopenia (35%), liver function test abnormalities (25%) and increased amylase or lipase 

levels (25%) and treatment-emergent peripheral neuropathy (44%) (172). A recently published 

pacritinib study of 35 patients with intermediate or high risk PMF (174), spleen response rate by 

MRI was 31% and the majority of patients also experienced symptomatic relief. The most frequent 

side effects of pacritinib were diarrhea (69%) and nausea (49%). Compared to other JAK 

inhibitors, the drug appeared to be less myelosuppressive.   
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1.8 UNANSWERED QUESTIONS 

Despite significant advancement in the understanding of the pathogenesis and the treatment of 

MPN since the discovery of the JAK2 V617F mutation in 2005, several questions remain 

unanswered: 

a) How do the driver and non-driver mutations as well as epigenetic factors contribute to the 

differences in the clinical phenotypes seen in ET, PV and PMF? 

b) Apart from JAK2, CALR and MPL, are there any other genetic mutations or epigenetic 

markers which can be used as biomarkers to improve the diagnosis and classification of 

ET, PV and PMF? 

c) Can these genetic mutations and epigenetic markers be used as prognostic markers for risk 

stratification and risk-adapted therapy? 

d) Although allogeneic stem cell transplant remains the only curative therapy for PMF, it is 

associated with significant morbidity and mortality. None of the novel agents have 

demonstrated clear disease-modifying effect or reached a stage where they would influence 

the decision on the timing, or appropriateness, of stem cell transplantation. Are there other 

genetic mutations or epigenetic sites which can be targeted in order to achieve complete 

remissions and prolong survival? 

 

In order to answer these questions, I have performed a study using oligonucleotide microarray and 

next generation sequencing techniques to elucidate the gene expression and DNA methylation 

profiles of patients with ET, PV and PMF. Given that this is a clonal haematopoeitic stem cell 

disorder which results in the proliferation of myeloid cells, I have studied the gene expression and 

DNA methylation profiles in these cells. It is possible that the differences seen in the gene 
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expression and DNA methylation profiles in the different types of myeloid cells can explain the 

differential proliferation of the myeloid cells which then lead to the different clinical phenotypes 

seen. 

 

1.9 OBJECTIVES AND HYPOTHESIS OF THIS STUDY 

1.9.1 General objective 

To determine the gene expression and DNA methylation profiles of myeloid cells in patients with 

ET, PV and PMF in order to elucidate the molecular pathogenesis behind the different clinical 

phenotypes seen in these conditions. This will facilitate the development of new biomarkers and 

prognostic markers for diagnosis, classification, risk stratification and treatment selection. It will 

also allow the development of disease-modifying targeted therapies which can induce durable 

complete remissions. 

 

1.9.2 Specific objectives 

1) To assess the characteristics and clinical phenotypes of patients with ET, PV and PMF. 

2) To investigate the allelic frequencies of mutations/variants in a panel of MPN-related genes 

in different myeloid cell types in order to determine their relative importance, identify 

driver mutations and novel variants, and correlation with clinical phenotypes.  

3) To identify genetic and epigenetic signatures in different myeloid cell types which are 

unique to ET, PV and PMF using gene expression and DNA methylation microarrays 

respectively. 
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4) To validate the genetic and epigenetic signatures in different myeloid cell types which are 

unique to ET, PV and PMF using next generation sequencing (NGS) and Fluidigm/NGS 

platforms respectively. 

5) To determine the relationship between the gene expression and DNA methylation profiles 

of patients with ET, PV and PMF and between their mutational status and clinical 

phenotypes. 

 

1.9.3  Hypothesis 

There are distinct genetic and epigenetic signatures in different myeloid cell types which are 

unique to ET, PV and PMF which give rise to the different clinical phenotypes seen in these 

conditions. In addition, there are specific driver mutations and variants which contribute to the 

molecular pathogenesis and clinical phenotypes seen in these diseases.  
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Chapter 2 

MATERIALS AND METHODS 
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The workflow for the research project is summarized in the flow chart in Figure 2.1. Where 

appropriate in this Chapter, the details of the devices and associated protocols used have been 

quoted from the cited manufacturer’s literature and any modifications noted. 

 

2.1 STUDY POPULATION  

A prospective multicenter study was performed at Universiti Kebangsaan Malaysia Medical 

Centre (UKMMC), Universiti Malaya Medical Centre (UMMC) and Ampang Hospital (AH) on 

patients who were newly diagnosed with ET, PV and PMF, according to the 2008 WHO diagnostic 

criteria for MPN (8)  and on normal controls. Informed consents were obtained from the patients 

and normal controls for the study. The research was approved by the Ethics Committee from the 

3 different hospitals (Ethics Committee/IRB Ref no: UKM 

1.5.3.5/244/ERGS/1/2011/SKK/UKM/02/58 from UKMMC, Ethics Committee/IRB Ref no: 

871.1 from UMMC, MREC Ref no: (2)dlm.KKM/NNIHSEC/08/0804/P11-339 from AH). 

 

Inclusion criteria 

Patients who were newly diagnosed with ET, PV and PMF according to the 2008 WHO diagnostic 

criteria for MPN (8). Patients who have received treatment for up to 2 months or less were included 

in the study. 

 

Exclusion criteria 

1) Patients with secondary polycythemia and reactive thrombocytosis and who did not fulfill 

the 2008 WHO diagnostic criteria for MPN.  

2) Patients who were unable or unwilling to consent to the study. 
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Figure 2-1.  Flow chart showing the workflow for the research project. Four different areas are 

studied: Clinical phenotype, MPN panel, Gene expression and DNA methylation.  

Laboratory blood tests 

 Full blood count 

 Renal profile 

 Liver function 

 Serum erythropoietin 

 Serum LDH 

 Serum ferritin 

 Fasting cholesterol 

 Fasting glucose 

 JAK2 V617F mutation 

 BCR-ABL1 mutation 

Separation of 

PMN, MNC and 

T cells 

Cell count and 

assessment of cell 

viability 

Assessment of purity of 

PMN and MNC using 

flow cytometry 

RNA + DNA extraction 

(Figure 2-4) 

RNA 
DNA 

DNA Methylation profiling using 

HumanMethylation450 Beadchip  

Data analysis of gene expression 

microarray data 

Data analysis of DNA methylation 

microarray data 

Patient cohort  

         

     ET                 PV                PMF                NC 

  (n=11)           (n=11)             (n=7)            (n=11) 

 Clinical history and physical examination 

 Measure oxygen saturation and blood pressure 

 Arrange chest X-ray and abdominal ultrasound 

         Demographic data                 

                      + 

         Clinical phenotype 

MPN Panel 

(26 genes) 

Collect 30mls peripheral blood in EDTA-tube 

    Validation using RNA-seq  

Gene expression profiling using 

HumanHT-12 Beadchip  

        Identify 48 CpG sites of interest  

       Validation using Fluidigm/NGS  

DNA 

Validation cohort  

         

    ET               PV                   PMF               NC 

  (n=4)           (n=4)                 (n=4)             (n=4) 



102 

 

2.2 CLINICAL DETAILS AND INVESTIGATIONS 

A full clinical history was taken and physical examination performed on the patients. Clinical data 

were collected in a standardized data sheet. Oxygen saturation and blood pressure were measured. 

Bone marrow examination, chest X-ray and abdominal ultrasound were performed. 

 

2.3  PERIPHERAL BLOOD SAMPLING AND PROCESSING 

Between 25 to 30mls of peripheral blood were collected from patients with ET, PV and PMF at 

diagnosis and from normal controls. 

 

2.3.1 Laboratory tests 

Peripheral blood samples were tested for full blood count, renal profile, liver function, fasting 

cholesterol, fasting glucose, serum ferritin, serum lactate dehydrogenase (LDH), serum EPO, 

BCR-ABL1 and JAK2 V617F mutations.  

 

2.3.2 Separation of cells from peripheral blood 

From the peripheral blood, polymorphonuclear cells (PMN), mononuclear cells (MNC) and T cells 

were separated using Lymphoprep™ (Axis-Shield, Oslo, Norway) and Easysep™ Human CD3 

positive selection kit  (Stemcell Technologies, Vancouver,  Canada). Depending on the total cell 

number, PMN and MNC fractions were divided into aliquots for separate purposes as described in 

subsequent sections. 
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2.3.2.1 Separation of MNC 

The peripheral blood sample was diluted 1:1 with physiological saline and carefully layered on 

top of the density gradient centrifugation medium Lymphoprep™ prior to centrifugation for 20 

minutes at 600 x g at room temperature in an Eppendorf 5804R bench-top centrifuge without 

braking as per standard procedures stated in the manufacturer’s instructions. During centrifugation, 

the erythrocytes and PMN pelleted through the filter disc and displaced the Lymphoprep™ upwards 

so that the MNC form the customary band at the interface with the plasma above the filter disc. 

MNC were removed from the interface using a sterile Pasteur pipette and transferred to a clean 

tube.  

 

2.3.2.2 Separation of PMN 

Peripheral blood PMN were sedimented to the bottom of the tube during Lymphoprep™ 

centrifugation along with the red cells. After removing the MNC and discarding the supernatant, 

1X Red Blood Cell Lysis Buffer (eBioscience, San Diego, USA) was added to the cell pellet. Red 

blood cells were removed twice by selective osmotic lysis after incubation on ice for 10 minutes. 

After centrifugation for 10 minutes at 600 x g at 4°C, the recovered cells were washed twice with 

1X Phosphate Buffered Saline (PBS) (Sigma-Aldrich, St. Louis, USA).  

 

2.3.2.3 Separation of T cells  

A fraction of MNC was used for isolation of CD3-positive T cells. CD3-positive T cells were 

positively selected from the separated MNC using magnetic beads in the EasySep™ Human CD3 

Positive Selection Kit  and following the standard procedures as stated in the manufacturer’s 

instructions.  
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2.3.3 Cell counting and assessment of the viability of PMN and MNC 

Cell viability was assessed using trypan blue which stained dead cells blue but was excluded from 

live cells. PMN and MNC were mixed 1:1 with trypan blue and then counted using a Neubauer 

haemocytometer (BDH, Poole, UK). 

 

2.3.4 Assessment of purity of separated PMN and MNC 

The purities of the PMN and MNC were assessed by flow cytometry using the FACS Calibur Flow 

Cytometer (BD Biosciences, San Jose, USA). 0.5 x 106 cells were added to a panel of monoclonal 

antibodies consisting of anti-CD45 FITC for detection of PMN and MNC, anti-CD3 PE for 

detection of T cells and 7-AAD for detection of cell viability (BD Biosciences, San Jose, USA). 

Only cell samples which contain ≥80% PMN and MNC, as identified by the monoclonal 

antibodies, were used for the study (see Figure 2.2 and 2.3). 
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Figure 2-2.   Flow cytometry showing the purity of PMN separated from peripheral blood 

(PMN=polymorphonuclear cells; MNC=mononuclear cells; T=T cells; WBC=white blood cells). 
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Figure 2-3.   Flow cytometry showing the purity of MNC separated from peripheral blood 

(PMN=polymorphonuclear cells; MNC=mononuclear cells; T=T cells; WBC=white blood cells). 
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2.4 EXTRACTION OF RNA AND DNA FROM PMN, MNC & T CELLS 

2.4.1 RNA and DNA extraction  

A) Sample disruption and homogenization 

RNA and DNA were extracted from PMN, MNC and T cells using the QIAshredder (Qiagen, 

Hilden, Germany) and AllPrep DNA/RNA Mini Kit (Qiagen, Hilden, Germany). The cells were 

first lysed and homogenized in a highly denaturing guanidine-isothiocyanate-containing buffer 

(Buffer RLT Plus mixed with -mercaptoethanol) which immediately inactivated DNases and 

RNases to ensure isolation of intact DNA and RNA. Depending on the number of cells, up to 600 

µl of Buffer RLT Plus was added to the tubes containing the cells. The lysate was pipetted into a 

QIAshredder spin column placed in a 2ml collection tube and centrifuged at full-speed for 2 

minutes (Figure 2.4). The lysate was homogenized as it passed through the spin column. The 

homogenized lysate was passed through an AllPrep DNA spin column placed in a 2ml collection 

tube and centrifuged at ≥8000 x g (≥10,000 rpm). The AllPrep DNA spin column was subsequently 

placed in a new 2ml collection tube and stored at room temperature (15-25ºC) or at 4ºC for later 

DNA purification. The flow-through was used for RNA purification. DNA and RNA were 

extracted using the following protocols. 

 

B) Protocol for Total RNA purification 

1. Add 1 volume (up to 600 µl) of 100% ethanol to the flow-through from Step A and  

mix well by pipetting to provide appropriate binding conditions for RNA. 

2. Transfer up to 700 µl of the sample, including any precipitate that may have formed, 

to an RNeasy spin column (where total RNA bound to the membrane and contaminants 

were efficiently washed away) placed in a 2 ml collection tube and  
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Figure 2-4.  Diagrammatic flowchart of total RNA and DNA extraction using AllPrep DNA/RNA 

mini kit - adapted from AllPrep DNA/RNA mini handbook by Qiagen, Germany.  
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centrifuge for 15 sec at ≥8000 x g (≥10,000 rpm). If the sample volume exceeds 700 

µl, centrifuge successive aliquots in the same RNeasy spin column. Discard the flow-

through after each centrifugation. 

3. Add 350 µl Buffer RW1 to the RNeasy spin column, and centrifuge for 15 sec at ≥8000 

x g (≥10,000 rpm) to wash the spin column membrane. Discard the flow-through. 

 

4. Add 10 µl DNase I stock solution (Qiagen, Hilden, Germany) to 70 µl Buffer RDD. 

Mix by gently inverting the tube, and centrifuge briefly to collect residual liquid from 

the sides of tube. Add the DNase I incubation mix (80 µl) directly to the RNeasy spin 

column membrane, and incubate at room temperature (20-30ºC) for 15 min.  

5. Add 350 µl Buffer RW1 to the RNeasy spin column, and centrifuge for 15 sec at ≥8000 

x g (≥10,000 rpm) to wash the spin column membrane. Discard the flow-through. 

6. Add 500 µl Buffer RPE to the RNeasy spin column. Close the lid gently, and centrifuge 

for 15 sec at ≥8000 x g (≥10,000 rpm) to wash the spin column membrane. Discard the 

flow-through.  

7. Add 500 µl Buffer RPE to the RNeasy spin column. Close the lid gently, and centrifuge 

for 2 min at ≥8000 x g (≥10,000 rpm) to wash the spin column membrane.  

8. Place the RNeasy spin column in a new 2 ml collection tube and discard the old 

collection tube with the flow-through. Centrifuge at full speed for 1 min to eliminate 

any possible carryover of Buffer RPE or residual flow-through which remained on the 

outside of the RNeasy spin column after step 7 above. 

9. Place the RNeasy spin column in a new 1.5ml collection tube. Add 30 µl RNase-free 

water directly to the spin column membrane. Close the lid gently, and centrifuge for  1 

min at ≥8000 x g (≥10,000 rpm) to elute the RNA.  
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10. The pure and ready-to-use RNA was stored at -80°C for future experiment. 

 

C) Protocol for Genomic DNA purification 

1. Add 500 µl Buffer AW1 to the AllPrep DNA spin column from Step A. Close the lid 

gently, and centrifuge for 15 sec at ≥8000 x g (10,000 rpm) to wash the spin column 

membrane. This column, in combination with the high-salt AW1 buffer, allowed selective 

and efficient binding of genomic DNA. Discard the flow-through. 

2. Add 500 µl Buffer AW2 to the AllPrep DNA spin column. Close the lid gently, and 

centrifuge for 2 min at full speed to wash the spin column membrane. 

3. After centrifugation, carefully remove the AllPrep DNA spin column from the collection 

tube and place it in a new 1.5ml collection tube. Add 100 µl Buffer EB directly to the spin 

column membrane and close the lid. Incubate at room temperature (15-25ºC) for 1 min, 

and then centrifuge for 1 min at at ≥8000 x g ( ≥10,000 rpm) to elute the DNA. 

4. The pure and ready-to-use DNA was stored at -20°C for future experiment.  
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2.4.2 Quantification and determination of RNA quality 

A) Quantification of RNA 

For the microarray experiments, the concentration of RNA was determined by measuring the 

absorbance of light at 260 nm (A260) using the NanoDrop 2000 UV spectrophotometer (Thermo 

Scientific, Wilmington, USA). For the RNA-seq experiments, the concentration of RNA was 

determined by using the Qubit® 2.0 Fluorometer (Life Technologies, Carlsbad, USA) which used 

fluorescent dyes to determine the concentration of RNA. These dyes have extremely low 

fluorescence until they are bound to nucleic acids or proteins. Upon binding, they become intensely 

fluorescent, making them more specific than the UV spectrophotometer in which many molecules 

(apart from RNA and DNA) can absorb light at 260nm.  

 

B) Purity of RNA 

The ratio of the readings at 260nm and 280 nm (A260/ A280) measured using the NanoDrop 2000 

UV spectrophotometer provided an estimate of the purity of RNA with respect to contaminants 

that absorb in the UV spectrum, such as protein. All RNA samples in this study had satisfactory 

A260/ A280 ratios between 1.7 to 2.0.  

 

C) Integrity of RNA 

The integrity and size distribution of total RNA extracted and purified were checked by measuring 

the RNA integrity number (RIN) using the Agilent 2100 Bioanalyzer (Agilent Technologies, Santa 

Clara, USA). The respective ribosomal RNAs appeared as sharp bands or peaks. The apparent 

ratios of 28S rRNA to 18S rRNA were approximately 2:1. If the ribosomal bands or peaks of a 

specific sample were not sharp, but appeared to smear towards smaller sized RNAs, it was likely 
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that the sample suffered major degradation either before or during RNA purification. All RNA 

samples in this study had satisfactory RINs of ≥ 7 (Figure 2.5). 

 

2.4.3 Quantification and determination of DNA quality 

A) Quantification of DNA 

For the MPN panel, microarray and Fluidigm/NGS experiments, the concentration of DNA was 

determined by using the Qubit® 2.0 Fluorometer which used fluorescent dyes to determine the 

concentration of DNA.  

 

B) Purity of DNA 

The ratio of the readings at 260nm and 280 nm (A260/ A280) measured using the NanoDrop 2000 

UV spectrophotometer provided an estimate of the purity of DNA with respect to contaminants 

that absorb in the UV spectrum, such as protein. All DNA samples in this study had satisfactory 

A260/ A280 ratios between 1.7 to 2.0.  

 

C) Integrity of DNA 

DNA integrity was assessed using agarose gel electrophoresis. One predominant band indicated 

intact genomic DNA. All DNA samples used in this study were satisfactory with no signs of 

degradation (smearing DNA bands) (Figure 2.6). 

 

 



113 

 

 
 

 

  Figure 2-5.  Example bioanalyzer tracings to assess integrity of RNA (MNC=mononuclear cells;    

  T=T cells). 
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Figure 2-6.  Example agarose gel electrophoresis to assess integrity of DNA 

(PMN=polymorphonuclear cells; MNC=mononuclear cells). 

. 
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2.5 CLINICAL PHENOTYPE 

2.5.1 Patient cohorts 

Two cohorts of patients were recruited into the study: Patient & Validation cohorts. The aim was 

to study the Patient cohort first. Subsequently the Validation cohort was to be studied and the 

results compared with the results of the Patient cohort to see if the former could be validated.  

 

Basic demographic data (age, sex, race) were collected from the two cohorts of patient. In view 

of the different races (i.e. Malay, Chinese and Indian) of patients in Malaysia, the normal controls 

were as closely matched as possible to the patients with regards to their age, sex and race. 

 

2.5.2 Clinical parameters 

The following clinical parameters were studied and included in the data analyses: blood results at 

diagnosis, clinical features, treatment, and risk factors at presentation. 

 

A) Blood results at diagnosis 

The results from peripheral blood samples as listed in section 2.3.1 were collected.  

 

B) Clinical features 

Splenomegaly & Hepatomegaly 

The presence and extent of splenomegaly and hepatomegaly were objectively determined as 

defined by an ultrasound or CT scan demonstrating an enlarged spleen and liver with a longitudinal 

diameter of at least 12cm and 16cm respectively. For splenomegaly, patients were further divided 

into 3 groups according to the size of the spleen: <12cm, 12-15cm and >15cm. 
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Constitutional & vasomotor symptoms 

Constitutional symptoms including fatigue, pruritus, fever, night sweats, weight loss and bone pain 

were recorded. In addition, vasomotor symptoms including headache, transient neurologic or 

ocular symptoms, distal paraesthesia and erythromelalgia were also recorded.  

 

Thrombosis 

Both arterial and venous thrombotic events were recorded. These include acute coronary 

syndrome, ischemic stroke/transient ischaemic attack, digital gangrene, retinal artery occlusion, 

mesenteric artery thrombosis, deep vein thrombosis, pulmonary embolism, hepatic or portal vein 

thrombosis (Budd-Chiari syndrome) and retinal vein thrombosis. Thrombotic events were 

recorded only if they were objectively documented or there were unequivocal medical records 

available in case of angina or transient ischaemia. 

 

Haemorrhage 

Major bleeding events were recorded and include fatal haemorrhages, non-fatal intracranial 

bleeding, or any other haemorrhages requiring surgery or causing hemoglobin level reduction of 

2g/dL or greater and/or needing red blood cell transfusion of at least 2 packed units. Other bleeding 

events recorded include upper and lower gastrointestinal bleeds, mucocutaneous and post-surgical 

bleeds. 
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C) Treatment instituted at diagnosis 

For patients who were treated, the treatment instituted at diagnosis was recorded. These include: 

phlebotomy, chemotherapy (hydroxyurea and busulphan), anagrelide, interferon, danazol, 

thalidomide and prednisolone. 

 

D) IPSS and DIPSS-plus scores  

The IPSS and DIPSS-plus scores of only the PMF patients were documented.  

 

E) Risk factors at presentation 

Risk factors at presentation were documented and included age >60 years, hypertension, 

hyperlipidaemia, diabetes mellitus, smoking, obesity, family history of cardiovascular disease and 

previous thrombosis. 

 

F) Data analysis  

Data analyses were performed on the 4 clinical areas (blood results at diagnosis, clinical features, 

treatment and cardiovascular risk factors) using the IBM® Statistical Package for the Social 

Sciences (SPSS) Statistics®, version 22. Comparisons were made between the disease subgroups 

(ET, PV and PMF) and normal controls for both Patient and Validation cohorts. 
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2.6 MPN PANEL 

High-throughput targeted sequencing of a panel of 26 MPN-related genes (Table 2.1) was 

performed on the DNA samples of the Patient cohort and normal controls using the Ion Torrent 

Personal Genome Machine (PGM™) System and the Ion Ampliseq™ (Life Technologies, Grand 

Island, USA) targeting platform (Figure 2.7). 

 

MPN PANEL 

 Gene  Exon    Gene   Exon 

 ASXL1  4, 12     KRAS   2-4 

 ATRX  9    MPL   10 

 BRAF  15    NRAS   2, 3 

 CALR  9    PDGFRA   18 

 CBL  8, 9    PHF6   9 

 CHEK2  5, 7, 10    RUNX1   4-6 

 CSF3R  14    SETBP1   4 

 DNMT3A  14, 16-19, 23    SF3B1   13-15 

 EZH2  9, 16, 18, 19, 20    SH2B3   2 

 IDH1  4    SRSF2   1 

 IDH2  4    TET2   3, 6, 7, 11 

 JAK2  12-15    TP53   4-8 

 KIT  2, 17    U2AF1   2, 6 
 

Table 2.1.   List of the 26 MPN-related genes and the exons. 
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Figure 2-7. Workflow of Ion Ampliseq™ DNA Library Preparation - adapted from Ion Ampliseq™ 

DNA and RNA Library Preparation by Life Technologies®. 
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A) Primer design & validation 

A 26 gene MPN targeted hotspot panel for use on the Ion Torrent PGM™ high throughput 

sequencing platform was designed using the AmpliSeq Designer online portal (version 3.4) 

(https://www.ampliseq.com). The gene targets were chosen from existing diagnostic tests (JAK2, 

MPL and CALR) and other MPN-related genes from extensive literature search and from the 

Cancer Browser function on the COSMIC web portal (http://cancer.sanger.ac.uk/cosmic).   

 

The genomic locations (genome build hg19) of each MPN-related gene variant (if single base 

variant, such as JAK2 V617F) or exon locations if no single hotspots identified (such as CALR 

exon 9) were identified. The AmpliSeq design algorithms selected appropriate primer pairs to 

cover the target regions. This resulted in a two-pool primer design being produced, because exon 

tiling over large capture areas (such as TET2 exon 3) necessitated overlapping amplicons, which 

in order to avoid undesirable cross reactions must be processed in separate PCR amplification 

reactions. 

 

A total of 91 amplicons were designed (48 in pool 1 and 43 in pool 2), with a mean coverage of 

96.84% (Appendix I). Although there was good coverage over the CALR exon 9 region mapping 

the MPN-related deletions and insertion variants, the coverage was achieved through a pair of 

overlapping amplicons. The region of overlap coincided with the 52bp c.1092_1143del 

p.L367fs*46 variant most commonly associated with MPN, making reliable calling of this event 

problematic. Future builds of this panel will attempt to overcome this through applying a single-

amplicon design. 
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B) Input DNA requirements 

Ion Ampliseq™ Library Kit 2.0 contained reagents for the preparation of libraries containing 12-

24,576 amplicons per reaction. The kit used a 96-well plate-based protocol for sample handling 

and tracking, and for compatibility with automation. For each target amplification reaction, 3000 

copies (10 ng of genomic DNA) were used. Using a 2X Ion Ampliseq™ primer pool solution, the 

maximum volume (concentration) of genomic DNA per target amplification reaction, was ≤6 µl 

(1.67ng/µl).  

 

Some Ion AmpliSeq™ Panels for DNA were provided as multiple primer pools to create 

overlapping amplicons to cover large target regions. Each primer pool is used to generate a separate 

library with the same barcode, and following dilution the libraries are combined to provide 

coverage of the complete target region. For these panels, 3000 copies (10ng of genomic DNA) for 

each primer pool were required. The MPN v4.3 panel used in this study was a two primer pool 

solution, so 20ng of genomic DNA was used in total (10ng per 10 µl PCR reaction).  
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C) Library preparation of DNA 

i)  Protocol for Amplification of DNA targets 

1. For each DNA/primer pool combination, add the following components to a single well of 

a 96-well PCR plate. Prepare a master mix for multiple reactions. The MPN v4.3 panel was 

a 2 primer pool, 2X primer pool solution containing a total of 91 amplicons (48 primer 

pairs in pool 1 and 43 primer pairs in pool 2). Up to 32 samples can be processed in each 

panel. 

 

 
Component 

 
Volume for each pool  

 

5X Ion AmpliseqTM HiFi Mix (red cap) 2 µl 

2X Ion AmpliseqTM Primer Pool 5 µl 

DNA, 3000 copies (10ng of genomic DNA) 3 µl 

 

2. Mix by pipetting at least half the total volume up and down at least 5 times prior to 

sealing the plate with MicroAmp® adhesive film. 

3. Load the plate in the thermal cycler (G-Storm 4 Block), and run the following program 

for 19 cycles to amplify target DNA regions. 

 

 

 

 

 

 

Stage Step Temperature Time

Hold Activate the enzyme 99C 2 min

Denature 99°C 15 sec

Anneal and extend 60°C 4 min 

Hold - 10°C Hold

19 cycles
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ii)  Protocol for Partial digestion of primer sequences 

1. Carefully remove the plate seal and combine Pool 1 and Pool 2 PCR products by 

pipetting the 10 µl from Pool 2 into the Pool 1 well (final 20 µl) using a multichannel 

pipette.  

2. Add 2 µl of FuPa Reagent (brown cap) to each amplified sample to partially digest 

the primers. The total volume is 22 µl. 

3. Seal the plate with MicroAmp® adhesive film, vortex thoroughly, and spin down to  

collect droplets.  

4. Load in the thermal cycler, and run the following program. 

 

 

 

iii)  Protocol for Ligation of adapters to the amplicon 

For multiple libraries which are run on a single chip, a unique barcode must be assigned to each 

library. Additionally, barcodes are recommended to verify sample identity and to track potential 

sources of contamination. 

1. For each barcode X chosen, prepare a mix of Ion P1 Adapter and Ion Xpress™ 

Barcode X at a final dilution of 1:4 for each adapter as shown in the table below.  

 

Temperature Time

50C 10 min

55°C 10 min

60°C 20 min 

10°C Hold (for up to 1 hour)
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2. Carefully remove the plate seal and add the following components to each well 

containing digested sample. Add 2 µl of the barcode adapter mix from step 1 

above. Switch Solution and Adapters can be combined before addition. 

    
Component 

 
Volume 

Switch Solution (yellow cap) 4 µl 

Diluted barcode adapter mix 2 µl 

Total volume  
(includes 22 µl of digested amplicon) 

28 µl 

  

3. Add 2 µl of DNA Ligase (blue cap) to each well (30 µL total volume). 

4. Seal the plate with MicroAmp® adhesive film, vortex thoroughly, and spin down 

to collect droplets. Alternatively, mix by pipetting at least half the total volume up 

and down at least 5 times prior to sealing the plate. 

5. Load in the thermal cycler, and run the following program. 

 

 

 

 

Component Volume

Ion P1 Adapter 2 ml

Ion XpressTM Barcode X 2 ml

Nuclease-free Water 4 ml

Total 8 ml

Example barcode adapter mix for up to 4 reactions

Temperature Time

22C 30 min

72°C 10 min

10°C Hold (for up to 1 hour)
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D) Protocol for Purification of DNA Library  

1. Carefully remove the plate seal and add 45 µL (1.5X sample volume) of Agencourt® 

AMPure® XP Reagent (Beckman Coulter, Brea, USA) to each library and pipette up 

and down 5 times to thoroughly mix the bead suspension with the DNA (Figure 2.8).  

2. Incubate the mixture for 5 minutes at room temperature. 

3. Place the plate in a magnetic rack such as the DynaMag™ -96 Side Magnet (Life 

Technologies, Grand Island, USA) and incubate for 2 minutes or until solution clears. 

Carefully remove and discard the supernatant without disturbing the pellet.  

 

4. Add 150 µl of freshly prepared 70% ethanol and move the plate side-to-side in the two 

positions of the magnet to wash the beads, then remove and discard the supernatant 

without disturbing the pellet. 

5. Repeat step 4 for a second wash. 

6. Ensure that all ethanol droplets are removed from the wells. Keeping the plate in the 

magnet, air-dry the beads at room temperature for 5 minutes. Do not overdry. 

7. Remove the plate from the magnet and add 50 µl of elution buffer (e.g. Low TE to the 

pellet to disperse the beads. Seal the plate with MicroAmp® adhesive film, vortex 

thoroughly and spin down to collect droplets. 

8. Place the plate in the magnet for at least 2 minutes to separate the beads from the 

solution.  

9. Transfer the eluant to a new plate. 
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1. Add an appropriate volume of Agencourt® AMPure® XP to the PCR product and mix well 

2. Bind PCR products to paramagnetic beads 

3. Separation of beads + PCR product from contaminants 

4. Wash beads + PCR product twice with 70% ethanol to remove contaminants 

5. Elute purified PCR product from beads 

6. Transfer to new plate (if indicated in the protocol) 

 

 

 

 

 

Figure 2-8.  Purification of cDNA PCR product using Agencourt® AMPure® XP PCR 

Purification system. 
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E) Quality control & Quantify amplified DNA Library 

A 198 µl aliquot of Low TE was prepared for each library in 8-strip 0.2 µl tubes. Using a 

multichannel pipette, 2 µl of library was transferred into each aliquot (final volume 200 µl) to 

make a X100 dilution of each library. 2 µl of each library dilution was then used in a quantitative 

PCR reaction with master mix, pre-diluted standards and adaptor-specific primers from the KAPA 

Library Quantification kit for Ion TorrentTM platform (KAPA Biosystems, Boston, USA) with a 

final reaction volume of 10 µl. Once analyzed, the PCR data was tabulated in an Excel template 

file which was pre-configured to report a library dilution factor. 

 

F) Library pooling & Templating 

Using the library dilution factor, a volume from each of the undiluted libraries was diluted in Low 

TE and then pooled to a final volume of 20 µl: the dilution factor ensuring that each of the libraries 

was represented in equimolar quantity, 5 µl of Low TE was added to make a final volume of 25 

µl. This was then taken forward to the templating reaction.  

 

The templating of the library DNA pool to Ion Sphere Particles took place on the automated Ion 

OneTouch2 platform, according to the manufacturer’s instructions. A target templating efficiency 

of 10-30% was assessed using the Ion Sphere Quality QC kit and then the templated library pool 

was enriched to 100% using the OneTouch ES automated platform. The resulting enriched library 

pool was kept at 4C until ready to sequence. 
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G) Sequencing on Ion PGM™ System 

The pooled, templated and enriched library was prepared for sequencing using the Ion PGM™ 

Sequencing 200 Kit v2 and the Ion PGM™ System cleaned and initialized as per manufacturer’s 

recommendations. The library was loaded onto an Ion 316™ Chip (Figure 2.9) and sequenced using 

a standard 200bp workflow.  

 

H) Data analysis  

TorrentSuite v4.2 software was used for sequence analysis of libraries prepared with Ion 

AmpliSeq™ Primer Pools. The software includes the Torrent Variant Caller Plugin, which can be 

used to call SNP and insertion/deletion (InDel) variants within the genomic regions covered by the 

Ion AmpliSeq™ Primer Pools. All the basic informatics were handled by the TorrentSuite v4.2 

software, including base calling, alignment and QC. The variant calling was performed using the 

Torrent Variant Caller Plugin. Variant annotation was performed via the cloud-based Ion Reporter 

platform with further in silico variant functional severity modeling using Mutation Tester 2.  
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Figure 2-9. Workflow and steps for using the Ion PGM™ Sequencing 200 Kit v2 with the Ion 

Personal genome Machine (PGM™) System and Ion 314™, Ion 316™, and Ion 318™ Chips - adapted 

from Ion PGM™ Sequencing 200 Kit v2 Quick Reference by Life Technologies®. 
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2.7 GENE EXPRESSION PROFILING 

Gene expression profiling was performed on both the Patient & Validation cohorts. On the Patient 

cohort, microarray was performed using the Epicentre® TargetAmp – Nano Labeling Kit 

(Epicentre, Madison, USA) and Illumina® HumanHT-12 v4.0 Expression BeadChip® (Illumina, 

San Diego, USA). On the Validation cohort, RNA sequencing (RNA-seq) was performed using 

Clontech®  SMARTer™ PCR cDNA Synthesis Kit (Clontech, Mountain View, USA) and 

Illumina® Nextera® XT DNA Sample Preparation Kit (Illumina, San Diego, USA). 

 

The main issue with the RNA samples in this study was the very low total RNA yield of < 2ng 

extracted from most of the PMN. In order to accommodate for this, the reagents above were chosen 

because they required very little starting material and were capable of amplifying RNA at very 

low concentrations.  

 

2.7.1 Microarray 

The Epicentre® TargetAmp – Nano Labeling Kit produced biotin-aRNA (also called biotin-

cRNA) has been optimized for high signal intensity on Illumina® Expression Beadchip® arrays, 

enabling sensitive gene detection. 

 

The Illumina® HumanHT-12 v4.0 Expression BeadChip® consisted of oligonucleotides 

immobilized to beads held in microwells on the surface of an array substrate. Data quality and 

reproducibility were supported in part by the high level of bead-type redundancy (up to an average 

of 30 beads per probe) on every array. After randomly distributing the beads across the substrate 

surface, 29-mer address sequences present on each bead were used for a hybridization-based 
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procedure to map the array, identifying the location of each bead. This process also validated the 

hybridization performance of every bead on every BeadChip, ensuring 100% array quality control. 

Each array on this BeadChip targeted more than 31,000 annotated genes with more than 47,000 

probes which were designed to cover content from NCBI RefSeq Release 38 (November 7, 2009), 

as well as legacy UniGene content. The 12-sample format facilitated large-scale gene expression 

applications.  

 

Using microarray, gene expression profiling involved the following steps: 

A) Conversion of RNA to cRNA 

Using the Epicentre® TargetAmp – Nano Labeling Kit for Illumina Expression Beadchip, the 

Poly(A) RNA contained in a total RNA sample was reverse transcribed into first-strand cDNA. 

The reaction was primed from an oligo(dT)-primer containing a phage T7 RNA Polymerase 

promoter sequence at its 5’ end (Figure 2.10). First strand cDNA synthesis was catalyzed by 

SuperScript III Reverse Transcriptase (Life Technologies, Grand Island, USA) and performed at 

an elevated temperature to reduce RNA secondary structure. The cDNA was converted to double-

stranded cDNA containing a T7 transcription promoter in  an orientation that will generate anti-

sense RNA (aRNA or cRNA) during the subsequent in vitro transcription reaction. The cDNA 

produced can be used in the in vitro transcription reaction without the need for purification. High 

yields of fluorescently labelled biotin-aRNA (biotin-cRNA) were produced in a rapid in vitro 

transcription reaction that utilized the double-stranded cDNA.  
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Figure 2-10.  An overview of the Epicentre® TargetAmp™-Nano Labeling Kit for Illumina 

Human HT-12 v4.0 Expression BeadChip® - adapted from TargetAmp™-Nano Labeling Kit for 

Illumina Expression BeadChip®  by Epicentre.
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i) Protocol for First-strand cDNA synthesis 

1. Anneal the T7-Oligo(dT) Primer to the RNA sample. If a “no template” control reaction 

is performed, substitute 2 μl of RNase-Free Water for the Total RNA sample.  

x  µl RNase-Free Water 

x  µl Total RNA sample (25ng) 

1 µl T7-Oligo(dT) Primer               
   ______________________________ 
   3 µl Total reaction volume 
 

2. Incubate at 65°C for 5 minutes in a water bath or thermocycler. 

3. Chill on ice for 1 minute. Centrifuge briefly in a microcentrifuge.  

4. Prepare the 1st-Strand cDNA Synthesis Master Mix.  

For each 1st-strand cDNA synthesis reaction, combine on ice:  

  1.5  µl 1st-Strand cDNA PreMix 

0.25  µl DTT 

0.25  µl SuperScript III Reverse Transcriptase (200 U/µl)               
   ______________________________ 

       2  µl Total reaction volume 
 

5. Gently mix the 1st-Strand cDNA Synthesis Master Mix and then add 2 μl of it to each 

reaction.  

6. Gently mix the reactions and then incubate each at 50°C for 30 minutes in a water 

bath or thermocycler. If the thermocycler has a heated lid function, heat the lid only if 

the temperature of the lid can be maintained at about 50°C.  
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ii) Protocol for Second-strand cDNA synthesis 

1. Prepare the 2nd-Strand cDNA Synthesis Master Mix.  

2. For each 2nd-strand cDNA synthesis reaction, combine on ice:  

4.5 μl 2nd-Strand cDNA PreMix  

0.5 μl 2nd-Strand DNA Polymerase  
_____________________________ 
5 μl Total reaction volume 
 
 

3. Gently mix the 2nd-Strand cDNA Synthesis Master Mix and then add 5 μl of it to 

each reaction.  

4. Gently mix the reactions and then incubate at 65°C for 10 minutes in a water bath 

or thermocycler. Centrifuge briefly in a microcentrifuge. 

5. Incubate the reactions at 80°C for 3 minutes.  

Centrifuge briefly in a microcentrifuge then chill on ice. 

  

iii) Protocol for In Vitro Transcription of Biotin-aRNA 

1. Warm the T7 RNA Polymerase to room temperature. Thaw the remaining in vitro 

transcription reagents at room temperature. If a precipitate is visible in the thawed 

T7 Transcription Buffer, heat the buffer to 37°C until it dissolves. Keep the T7 

Transcription Buffer at room temperature. 

2. Thoroughly mix the thawed T7 Transcription Buffer and the NTP PreMix solutions. 

If a precipitate is visible in the thawed T7 Transcription Buffer, heat the Buffer to 

37°C until it dissolves. Mix the Buffer thoroughly. Keep the Buffer at room 

temperature. 

3. Prepare the In Vitro Transcription Master Mix.  
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For each in vitro transcription reaction, combine, in order, at room temperature:  

2 μl T7 Transcription Buffer  

3 μl UTP / Biotin-UTP  

10 μl NTP PreMix  

3 μl DTT  

2 μl T7 RNA Polymerase  
______________________ 
20 l Total reaction volume 
 
 
 

4. Gently but thoroughly mix the In Vitro Transcription Master Mix and then add 20 

μl of it to each reaction. 

5. Gently but thoroughly mix the reactions and then incubate at 42°C for 4 hours in a 

thermocycler. If the thermocycler has a heated lid function, heat the lid only if the 

temperature of the lid can be maintained at about 50°C. If the lid temperature cannot 

be maintained at about 50°C, then perform the incubations without heating the lid. 

6. Add 2 μl of RNase-Free DNase I to each reaction. Mix gently and then incubate 

each at 37°C for 15 minutes. 

 

iv) Protocol for Biotin-aRNA Purification 

Purify the Biotin-aRNA using the Qiagen RNeasy MinElute Cleanup Kit (Qiagen, Hilden, 

Germany) as follows:  

1. Prepare 350 μl of RLT/β-ME Solution for each sample. Combine the RLT/β-ME in 

the ratio of 1 ml of Buffer RLT with 10 μl of β-ME (β-mercaptoethanol) as 

described in the RNeasy MinElute Cleanup Kit’s handbook.  
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2. To each sample add:  

  48 μl RNase-Free Water  

350 μl RLT/β-ME Solution  

250 100% Ethanol  

3. Apply each sample to the purification kit’s spin column in a 2 ml collection tube. 

Centrifuge at >8,000 x g for 15 seconds. Discard the flow-through.  

4. Apply 650 μl RPE Solution onto the column. Buffer RPE is supplied as a 

concentrate. Before using for the first time, add 4 volumes of ethanol (96-100%) as 

indicated on the bottle to obtain a working solution.  

5. Centrifuge at >8,000 x g for 15 seconds. Discard the flow-through.  

6. Apply 650 μl 80% ethanol onto the column. Centrifuge at >8,000 x g for 15 

seconds. Discard the flow-through.  

7. Transfer the spin column into a new collection tube. Centrifuge at full speed for 5 

minutes.  

8. Transfer the spin column to a 1.5 ml collection tube. Elute the cRNA:  

Apply 20 μl of RNase-Free Water directly onto the center of the silica-gel 

membrane. Wait for 1 minute. Centrifuge at full speed for 1 minute.  

9. Apply an additional 20 μl of RNase-Free Water directly onto the center of the silica-

gel membrane. Wait for 1 min. Centrifuge at full speed for 1 minute.  

 

 

 

 



137 

 

v) Evaluation of the Biotin-aRNA 

Biotin-aRNA yield: Biotin-aRNA was quantified using the NanoDrop2000 spectrophotometer. 

Assessing the size of the Biotin-aRNA: The size distribution of the Biotin-aRNA was determined 

by Bioanalyzer 2100 (Agilent) using the RNA Nanochip.  

 

 

B) Protocol for Hybridisation of cRNA to microarray beadchip 

Labeled sample cRNA were detected by hybridization to 50-mer probes on the Illumina Human 

HT-12 v4.0 Expression Beadchip representing ~31,000 genes. After washing and staining steps, 

the Beadchips were scanned for signal intensities on Illumina iScan System (Illumina, San Diego, 

USA) (Figure 2.11). The additional steps that led to the production of cRNA have two advantages. 

First, the initially isolated mRNA will be multiplied during the conversion from RNA to cRNA 

which enables the detection of signals that are based on very low numbers of expressed mRNA. 

Secondly, hybridisation of RNA to DNA has a higher sensitivity compared to hybridisation from 

DNA to DNA.  
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Figure 2-11.  Illumina Human HT-12 v4.0 Expression Beadchip® Workflow Process - adapted 

from Whole-Genome Gene Expression Direct Hybridization Assay Guide by Illumina. 
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1. Calibrate the Illumina Hybridization Oven. 

2. Preheat the Illumina Hybridization Oven to 58C. 

3. Place the HYB and HCB tubes in the 58C oven for 10 minutes to dissolve any 

salts that may precipitated in storage. Cool to room temperature and mix thoroughly 

before using. 

4. Remove the BeadChips from cold storage. Leave them on the benchtop in their 

packages for at least 10 minutes at room temperature. 

5. In the Sentrix_ID column of the Sample Sheet, enter the BeadChip ID for each 

BeadChip section. 

6. Prepare RNA for Hybridization: Preheat the cRNA sample tube at 65C for 5 

minutes. Vortex the cRNA sample tube, then pulse centrifuge the tube at 250 x g. 

Allow the cRNA sample tube to cool to room temperature, then proceed as soon as 

the tube has cooled. Using a pipette, add 5 µl of 750 ng cRNA and 10 µl of HYB 

into the cRNA sample tube. 

7. Assemble the Hyb Chambers: Place the Hyb Chamber Gasket into the Hyb 

Chamber. Add 200 µl HCB into the 8 humidifying buffer reservoirs in the Hyb 

Chamber. Close and lock the BeadChip Hyb Chamber lid. Leave the closed Hyb 

Chamber on the bench at room temperature until the BeadChips are loaded with the 

cRNA sample. 

8. Prepare BeadChips for Hybridization: Remove all the BeadChips from their 

packages. Place each BeadChip in a Hyb Chamber insert. 
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9. Load Sample: Using a pipette, add 15 µl of cRNA sample onto the centre of each 

inlet port. Load up to 4 Hyb Chamber Inserts containing sample-laden BeadChips 

into each Hyb Chamber.  

10. Hybridize Beadchips: Close and lock the BeadChip Hyb Chamber lid. Place the 

Hyb Chamber into the 58C Illumina Hybridization Oven. Start the rocker at speed 

5. Close the Illumina Hybridization Oven door. Incubate the BeadChips for at least 

14 hours but no more than 20 hours at 58C. 

11. Prepare High-Temp Wash Buffer: In preparation for the next day’s washes, prepare 

1X High-Temp Wash buffer from the 10X stock by adding 50ml 10X High-Temp 

Wash buffer to 450 ml RNAse-free water. Place the Hybex Waterbath insert into 

the Hybex Heating Base. Add 500 ml prepared 1X High-Temp Wash buffer to the 

Hybex Waterbath insert. Set the Hybex Heating Base temperature to 55C. Close 

the Hybex Heating Base lid and leave the High Temp Wash buffer to warm 

overnight. 

 

C) Protocol for Washing of BeadChip 

1. Add 6 ml E1BC buffer to 2 L RNase-free water to make the Wash E1BC solution. 

2. Place 1 L diluted Wash E1BC buffer in a beaker. 

3. Pour 250 ml of Wash E1BC buffer into a glass wash tray. 

4. Pour 250 ml of 100% Ethanol into a separate glass wash tray. 

5. Remove the Hyb Chamber from the oven and place it on the lab bench. Disassemble 

the chamber.  
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6. Using powder-free gloved hands, remove the cover seal from the first BeadChip 

under the buffer. Ensure that the entire BeadChip remains submerged during 

removal.  

7. Using tweezers or powder-free gloved hands, transfer the BeadChip to the slide 

rack submerged in the staining dish containing 250 ml Wash E1BC solution.  

8. Repeat steps 6 and 7 for all BeadChips from the same Hyb Chamber. 

9. High Temp Wash: Using the slide rack handle, transfer the rack into the Hybex 

WaterBath insert containing High-Temp Wash buffer that was prepared the 

previous day. Close the Hybex lid. Incubate static for 10 minutes. 

10. First Room-Temp Wash: Immediately transfer the slide rack back into a staining 

dish containing 250 ml fresh Wash E1BC buffer. Using the slide handle, plunge the 

rack in and out of the solution 5-10 times. Set the orbital shaker to medium-low. 

Place the staining dish on the orbital shaker and shake at room temperature for 5 

minutes. Shake at as high a speed as possible without allowing the solution to splash 

out of the staining dish. 

11. Ethanol Wash: Transfer the rack to a new staining dish containing 250 ml fresh 

100% Ethanol. Using the slide rack handle, plunge the rack in and out of the 

solution 5-10 times. Place the staining dish on the orbital shaker and shake at room 

temperature for 10 minutes.  

12. Second Room-Temp Wash: Transfer the rack to the same staining dish containing 

250 ml Wash E1BC buffer. Using the slide rack handle, plunge the rack in and out 

of the solution 5-10 times. Place the staining dish on the orbital shaker and shake 

at room temperature for 2 minutes.  
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13. Block: Place the Beadchip wash tray on the rocker mixer. Add 4 ml Block E1 buffer 

to the Wash Tray. Using tweezers, transfer the BeadChip face up into the BeadChip 

wash tray. Pick the wash tray up and gently tilt it manually to ensure the BeadChip 

is completely covered with buffer. Place the wash tray back onto the rocker 

platform and rock at medium speed for 10 minutes. Clean the Hyb Chambers. 

Discard unused reagents in accordance with facility standards.  

 

D) Protocol for Detecting Signal 

1. Remove the Cy3-Streptavidin from cold storage. Leave it on the benchtop for at 

least 10 minutes at room temperature. 

2. Prepare 2 ml Block E1 buffer with a 1:1000 dilution of Cy3-Streptavidin (stock of 

1 mg/ml) for each BeadChip in a glass wash tray. 

3. Add 2 ml Block E1 buffer + Cy3-Streptavidin into a new BeadChip wash tray. 

4. Prepare BeadChip: Using tweezers, grasp the BeadChip at the barcode end via the 

well in the blocker wash tray. Transfer the BeadChip to the wash tray containing 

Cy3-Streptavidin. Pick the wash tray up and gently tilt it manually to ensure the 

BeadChip is completely covered with buffer. Cover the wash tray with the flat lid 

provided. Place the tray on the rocker mixer. Rock the BeadChip on medium for 10 

minutes. 

5. Third Room-Temp Wash: Add 250 ml Wash E1BC into a clean staining dish with 

a slide rack. Using tweezers, grasp the BeadChip at the barcode end and remove it 

from the wash tray. Transfer the BeadChip into the slide rack submerged in the 

staining dish. Immediately submerge the BeadChip into the Wash E1BC. Using the 
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slide rack handle, plunge the rack in and out of the solution 5 times. Set the orbital 

shaker to medium-low. Ensure the BeadChip is completely submerged in the Wash 

E1BC. Place the staining dish on the orbital shaker and shake at room temperature 

for 5 minutes.  

6. Dry BeadChips: Set the centrifuge to 275 rcf for 4 minutes at 25C. Place clean 

paper towels on the centrifuge microtiter plate holders to absorb excess solution. 

Fill the staining dish balance slide rack with an equivalent number of standard glass 

microscope slides. Using power-free gloved hands, quickly pull the slide holder out 

of the Wash E1BC. Transfer the rack of BeadChips from the staining dish to the 

centrifuge, close the door, and press Start. Transfer the rack of BeadChips from the 

staining dish to the centrifuge. Centrifuge at 1400 rpm at room temperature for 4 

minutes. Once the BeadChips are dry, store them in a dark, ozone-free environment 

until ready to scan.  

 

E) Protocol for Imaging BeadChip on iScan System 

1. On the lab tracking form, record the following for each BeadChip: Scanner ID and 

Scan date. 

2. Turn on the iScan Reader, iScan PC, and the iScan Control Software. 

3. Let the iScan Reader warm up for at least 5 minutes. 

4. Starting Up the iScan System: For each BeadChip, download the decode content 

from iCom or copy the contents of the DVD provided with the BeadChip into the 

Decode folder. The folder name should be the BeadChip barcode. Double-click the 
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iScan Control Software icon on the desktop. Set the LIMS dropdown list to None 

and enter your Windows user name. Click Start. 

5. Loading Beadchips and Starting the Scan: Load the BeadChips into their carrier 

and place the carrier into the iScan Reader tray. Click Next. The Type column 

should say “BeadChip 8x1” and the Scan Setting should say “Direct Hyb”, click 

Settings. The Scan Settings File window appears. Select Direct Hyb and click 

Open. Click the Scan Settings tab. Select Direct Hyb in the left pane. Click the 

down arrow beside Image Format, and select Tiff. Click OK. Make sure the input 

and output paths are correct. To begin scanning the BeadChips, click Scan. At the 

end of the scan, a Review window appears. Click Rescan to automatically rescan 

all failed areas. Click Done to return to the Start window. 

 

 

F) Data analysis  

After scanning the Human HT-12 v4.0 Expression Beadchip using the Illumina iScan system, 

data QC was performed using Illumina’s GenomeStudio Gene Expression Module which enabled 

data management for hierarchical organization of samples, groups, group sets, and all associated 

project analysis. It also provided probe-level and gene-level statistical analysis tools for differential 

analysis, heat map visualization, and clustering. The QC passed data was subsequently analysed 

statistically using different methods as described in Section 5.2.2.2.  
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2.7.2 RNA-seq  

SMART (Switching Mechanism at 5’ End of RNA Template) is a technology that allows the 

incorporation of known sequences at both ends of cDNA during first strand synthesis, without 

adaptor ligation. The presence of these known sequences is crucial for a number of downstream 

applications including amplification and library construction. The single-step SMART process 

provides high sensitivity and ensures that full-length cDNA is generated and amplified. The entire 

Clontech® SMARTer™ PCR cDNA Synthesis Kit protocol is performed by one enzymatic 

reaction, in a single tube. The protocol has no adaptor ligation, no tailing, and no intervening 

purification steps. One of the advantages of SMART technology is its increased efficiency 

compared to traditional technologies such as adaptor ligation. The high efficiency and sensitivity 

enabled the use of the limited quantity of starting material. As little as 1-2 ng of total RNA is 

sufficient for generating a highly representative cDNA pool for different downstream applications.  

 

The Illumina® Nextera® XT DNA Sample Preparation Kit allows the preparation of sequencing-

ready libraries for PCR amplicons in less than 90 minutes. DNA is simultaneously fragmented and 

tagged with sequencing adapters in a single tube enzymatic reaction. Nextera® XT supports DNA 

input of only 1 ng. Nextera® XT can also multiplex up to 384 samples per library and includes a 

bead-based sample normalization that eliminates the need for library quantification prior to 

pooling and sequencing.  
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Using RNA-seq, gene expression profiling involved the following steps: 

 

A) Conversion of RNA to cDNA 

Clontech® SMARTer™ PCR cDNA synthesis starts with nanogram amounts of total RNA. A 

modified oligo(dT) primer (the 3’ SMART CDS Primer II A) primes the first-strand synthesis 

reaction (Figure 2.12). When SMARTScribe RT reaches the 5’ end of the mRNA, the enzyme’s 

terminal transferase activity adds a few additional nucleotides to the 3’ end of the cDNA. The 

SMARTer Oligonucleotide base-pairs with the non-template nucleotide stretch, creating an 

extended template. SMARTScribe RT then switches templates and continues replicating to the end 

of the oligonucleotide (Chenchik et al., 1998). The resulting full-length, single-stranded (ss) cDNA 

contains the complete 5’ end of the mRNA, as well as sequences that are complementary to the 

SMARTer Oligonucleotide. In cases where the RT pauses before the end of the template, the 

addition of nucleotides is much less efficient than with full-length cDNA-RNA hybrids, thus the 

overhang needed for base-pairing with the SMARTer Oligonucleotide is absent. The SMARTer 

anchor sequence and the poly A sequence serve as universal priming sites for end-to-end cDNA 

amplification. In contrast, cDNA without these sequences, such as prematurely terminated cDNAs, 

contaminating genomic DNA, or cDNA transcribed from poly A– RNA, will not be exponentially 

amplified. However, truncated RNAs that are present in poor quality RNA starting material will 

be amplified, and will contaminate the final cDNA library. 
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Figure 2-12.  Flowchart of SMARTer™ PCR cDNA Synthesis Kit. The SMARTer II A 

Oligonucleotide, 3’ SMART CDS Primer II A, and 5’ PCR Primer II A all contain a stretch of 

identical sequence - adapted from SMARTer™ PCR cDNA Synthesis Kit User Manual by 

Clontech. 
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i) Protocol for First-strand cDNA synthesis 

1. For each sample, combine the following reagents in separate 0.5 ml reaction tubes:  

    3.5  µl    RNA (3 ng total RNA) 

       1  µl   3’ SMART CDS Primer II A (12 µM) 

       x  µl   Deionized H2O 

_______________________ 

    4.5  µl   Total Volume 

_______________________ 

 

2. Mix contents and spin the tubes briefly in a microcentrifuge. 

3. Incubate the tubes at 72°C in a hot-lid thermal cycler for 3 min, then reduce the temperature 

to 42°C for 2 min. 

4. Prepare a Master Mix for all reaction tubes at room temperature by combining the 

following reagents in the order shown: 

     2 μl 5X First-Strand Buffer 

0.25 μl DTT (100 mM) 

     1 μl dNTP Mix (10 mM ) 

     1 μl SMARTer II A Oligonucleotide (12 μM) 

0.25 μl RNase Inhibitor 

     1 μl SMARTScribe Reverse Transcriptase (100 U)* 

__________________________________ 

5.5 μl Total Volume added per reaction 

__________________________________ 

 

* Add the reverse transcriptase to the master mix just prior to use. Mix well by pipetting    

   and spin the tube briefly in a microcentrifuge. 
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5. Aliquot 5.5 μl of the Master Mix into each reaction tube. Mix the contents of the tubes by 

gently pipetting, and spin the tubes briefly to collect the contents at the bottom. 

6. Incubate the tubes at 42°C for 1 hour. 

7. Terminate the reaction by heating the tubes at 70°C for 10 min. 

8. Dilute the first-strand reaction product by adding 40 µl of TE buffer (10 mM Tris [pH 8.0], 

0.1 mM EDTA): 

 

ii) Protocol for cDNA Amplification by LD PCR  

1. Preheat the PCR thermal cycler to 95°C. 

2. For each reaction, aliquot 10 µl of each diluted first-strand cDNA into a labeled 0.5 ml 

reaction tube.  

3. Prepare a PCR Master Mix for all reactions, plus one additional reaction. Combine the 

following reagents in the order shown: 

74 μl Deionized H2O 

10 μl 10X Advantage 2 PCR Buffer 

  2 μl 50X dNTP Mix (10 mM) 

  2 μl 5’ PCR Primer II A (12 μM) 

  2 μl 50X Advantage 2 Polymerase Mix 

__________________________ 

90 μl Total Volume per reaction 

__________________________ 

 

4. Mix well by vortexing and spin the tube briefly in a microcentrifuge. 

5. Aliquot 90 μl of the PCR Master Mix into each tube from Step 2. 
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6. Cap the tube, and place it in the preheated thermal cycler. If not using a hot-lid thermal 

cycler, overlay the reaction mixture with two drops of mineral oil. 

7. Commence thermal cycling using the following program: 

• 95°C   1 min 

• 24 cycles: 

  95°C   15 sec 

  65°C   30 sec 

  68°C   3 min 

 

8. Add 2 μl of 0.5 M EDTA to each tube to terminate the reaction. 

 

B) Protocol for Purification of cDNA PCR product 

The Agencourt® AMPure® XP PCR Purification system uses solid-phase paramagnetic beads for 

high-throughput purification of PCR amplicons (Figure 2.8). Agencourt® AMPure® XP utilizes an 

optimized buffer to selectively bind PCR amplicons 100bp and larger to paramagnetic beads. 

Excess primers, nucleotides, salts, and enzymes can be removed by washing. The resulting purified 

PCR product is essentially free of contaminants. 

Protocol 

1. Gently shake the Agencourt® AMPure® XP bottle to resuspend any magnetic particles that 

may have settled. Add 180 µl Agencourt AMPure XP to the tube containing the cDNA 

PCR product.  

2. Mix reagent and PCR reaction thoroughly by pipette mixing 10 times. Let the mixed 

samples incubate for 5 minutes at room temperature for maximum recovery.  
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This step binds PCR products 100bp and larger to the magnetic beads. Pipette 

mixing is preferable as it tends to be more reproducible. The color of the mixture 

should appear homogenous after mixing. 

 

 

3. Place the tube onto an Agencourt SPRIPlate 96 Super Magnet Plate for 2 minutes to 

separate beads from the solution.  

Wait for the solution to clear before proceeding to the next step. 

 

4. Aspirate the cleared solution from the reaction plate and discard. 

This step must be performed while the tube is situated on the Agencourt 

SPRIPlate 96 Super Magnet Plate. Do not disturb the ring of separated magnetic 

beads. If beads are drawn out, leave a few microliters of supernatant behind. 

 

 

5. Dispense 200 μL of 70% ethanol to each tube and incubate for 30 seconds at room 

temperature. Aspirate out the ethanol and discard. Repeat for a total of two washes. 

It is important to perform these steps with the tube situated on an Agencourt 

SPRIPlate 96 Super Magnet Plate. Do not disturb the separated magnetic beads. Be 

sure to remove all of the ethanol from the bottom of the tube as it is a known PCR 

inhibitor. 

 

NOTE: A dry time of  ≤5 min at Room Temperature is optional to ensure all traces 

of Ethanol are removed but take care not to over dry the bead ring (bead ring 

appears cracked) as this will significantly decrease elution efficiency. 

 

 

6. Off the magnet plate, add 40 μL of elution buffer (Reagent grade water, TRISAcetate pH 

8.0, or TE) to each tube of the reaction plate and pipette mix 10 times. 

The liquid level will be high enough to contact the magnetic beads at a 40 μL elution 

volume. A greater volume of elution buffer can be used, but using less than 40 μL 

will require extra mixing (to ensure the liquid comes into contact with the beads) 

and may not be sufficient to elute the entire PCR product. Elution is quite rapid and 

it is not necessary for the beads to go back into solution for it to occur. 
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7. Place the reaction plate onto an Agencourt SPRIPlate 96 Super Magnet Plate for 1 minute 

to separate beads from the solution. 

8. Transfer the eluant to a new tube. 

For long term freezer storage, Agencourt recommends transferring Agencourt 

AMPure XP purified samples into a new plate to prevent beads from shattering. 

 

 

C) Quality control of cDNA PCR product 

Total cDNA was quantified with the Qubit® 2.0 Fluorometer and the Qubit® dsDNA HS Assay 

Kit which binds directly to the double-stranded cDNA and therefore provides an accurate 

measurement of the concentration of cDNA.  The integrity of the cDNA was assessed using the 

Agilent® DNA 12000 Kit processed in the Agilent® 2100 Bioanalyzer®. 

 

D) Library Preparation of cDNA (including Amplification of cDNA library) 

The Illumina® Nextera® XT DNA Sample Preparation Kit uses an engineered transposome to 

simultaneously fragment and tag ("tagment") input DNA, adding unique adapter sequences in the 

process. A limited-cycle PCR reaction uses these adapter sequences to amplify the insert DNA. 

The PCR reaction also adds index sequences on both ends of the DNA, thus enabling dual-indexed 

sequencing of pooled libraries on any Illumina Sequencing System (Figure 2.13). Figure 2.14 

illustrates the workflow process of the Nextera® XT DNA Sample Preparation Kit. 

 

E) Protocol for Purification of cDNA Library 

See Section B above. 
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A Nextera XT transposome with adapters is combined with template DNA 

B Tagmentation to fragment and add adapters 

C Limited cycle PCR to add sequencing primer sequences and indicies 

 

 

 

 

Figure 2-13.  Library preparation of cDNA using the Illumina Nextera® XT DNA Sample 

Preparation Kit - adapted from Nextera® XT DNA Sample Preparation Guide by Illumina. 
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Figure 2-14. Illumina Nextera® XT DNA Sample Preparation Kit Workflow Process. “Genomic 

DNA” in this workflow is substituted with cDNA - adapted from Nextera® XT DNA Sample 

Preparation Guide by Illumina.  
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F) Quality control of cDNA Library 

Total Library Prep cDNA was quantified with the Qubit® 2.0 Fluorometer and the Qubit® dsDNA 

HS Assay Kit which binds directly to the double-stranded cDNA and therefore provides an 

accurate measurement of the concentration of cDNA.  The integrity of the cDNA was assessed 

using the Agilent® High Sensitivity DNA Kit processed in the Agilent® 2100 Bioanalyzer®. 

 

G) Sequencing on Illumina®  HiSeq® 2500 Rapid Run 

The Illumina® HiSeq® 2500 System User Guide provides a summary of the workflow and steps 

for using the Rapid Run mode on the HiSeq® 2500 System (Figure 2.15). After reagent preparation, 

run setup steps included entering run parameters, loading the flow cell, and performing a fluidics 

check. As clustering was performed on the HiSeq® 2500 System, the step to prime reagents was 

omitted in the run setup steps.  
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Figure 2-15. Workflow and steps for using the Rapid Run mode of the Illumina® HiSeq® 2500 

system - adapted from HiSeq® 2500 System User Guide by Illumina®. 
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H) Data analysis  

RNA sequencing sample reads quality assessment was done using FASTQC (version 0.11.2). 

The reads were trimmed using fastq-mcf (version 1.04.636) from ea-utils package. The reads 

trimming include Illumina adapter trimming and quality score (Q20) trimming with a minimum 

length of 70bp. For reads which did not achieve the minimum length, the read and its pair were 

discarded. The paired-end reads were then aligned against Human Genome version 37 (Hg19) 

reference genome (ftp://ftp.ensembl.org/pub/release-79/embl/homo_sapiens/) 

using TopHat (v2.0.11). Alignment files were then generated into bam format (binary format) and 

imported into Partek® Genomics Suite® software, version 6.6 Copyright ©; Partek Inc., St. Louis, 

MO, USA, for differential expression analysis as described in Section 5.2.3.2. 
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2.8 DNA METHYLATION PROFILING  

DNA methylation profiling was performed on both the Patient & Validation cohorts. On the Patient 

cohort, microarray was performed using the EZ DNA Methylation-Gold Kit (Zymo Research, 

Irvine, USA) and Illumina® HumanMethylation450 Beadchip (Illumina, San Diego, USA). On 

the Validation cohort, targeted NGS was performed using the MethylCode Bisulfite Conversion 

kit (Life Technologies, Grand Island, USA) and the Fluidigm® system/Access Array® targeting 

platform (Fluidigm/NGS) (Fluidigm, San Francisco, USA). 

 

2.8.1 Microarray 

The HumanMethylation450 Beadchip utilizes the Illumina Infinium assay to provide a 

combination of comprehensive, expert-selected coverage and high-throughput compatible with 

large sample size, epigenome-wide association studies. The HumanMethylation450 BeadChip 

allows interrogation of >485,000 methylation sites per sample at single-nucleotide resolution. By 

combining Infinium I and Infinium II assay chemistry technologies, the BeadChip provides 

coverage of 99% of RefSeq genes, 96% of CpG islands, and all of the content categories requested 

by an expert consortium.  

 

The Infinium methylation assay uses beads displaying long, target-specific probes designed to 

interrogate individual CpG sites within a given DNA sample. DNA methylation is measured using 

quantitative “genotyping” of bisulfite-converted genomic DNA. Infinium I and II assays offer 

complementary strengths that benefit the array’s breadth of coverage. 
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Probe designs for Infinium I assays are based on the assumption that methylation is regionally 

correlated within a 50 bp span and thus, underlying CpG sites are treated as in phase with the 

“methylated” (C) or “unmethylated” (T) query sites. The Infinium II assay design requires only 

one probe per locus. The 3’ terminus of the probe complements the base directly upstream of the 

query site while a single base extension results in the addition of a labeled G or A base, 

complementary to either the “methylated” C or “unmethylated” T. A single, 50-mer probe is used 

to determine methylation state, making an “all-or-none” approach inapplicable. However, 

underlying CpG sites may be represented by “degenerate” R-bases. Illumina determined that 

Infinium II probes can have up to three underlying CpG sites within the 50-mer probe sequence 

(i.e. 27 possible combinations overall) without compromising data quality. This enables the 

methylation status at a query site to be assessed independently of assumptions on the status of 

neighbouring CpG sites. Further, the requirement for only a single bead type enables increased 

capacity for the number of CpG sites that can be queried. Infinium II designs are therefore applied 

whenever possible. 

 

Using microarray, DNA methylation profiling was performed on the patient cohort and involved 

the following steps: 

 

A) Protocol for Bisulfite conversion of DNA 

The most common technique used today to detect and quantify DNA methylation efficiently and 

accurately is the bisulfite conversion method. This method involves treating methylated DNA with 

bisulfite, which converts unmethylated cytosines into uracil. Methylated cytosines remain 

unchanged during the treatment. EZ DNA Methylation-Gold Kit integrates DNA denaturation 

and bisulfite conversion processes into one-step (Figure 2.16). This is accomplished using  
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Figure 2-16. Outline of Zymo Research bisulfite conversion products including the EZ DNA 

Methylation-Gold Kit used in this study - adapted from The EZ DNA Methylation-Gold Kit by 

Zymo Research. 
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temperature denaturation. The bisulfite conversion is based on a three-step reaction process 

between cytosine and sodium bisulfite resulting in unmethylated cytosine being converted into 

uracil. The kit uses innovative in-column desulphonation technology that eliminates cumbersome 

DNA precipitation steps and minimizes template degradation, loss of DNA during treatment and 

clean-up, and provide complete conversion of unmethylated cytosines. The steps involved in 

bisulfite conversion are as follows: 

1. Preparation of CT Conversion Reagent:  

Add 900 μl water, 50 μl of M-Dissolving Buffer and 300 μl of M-Dilution Buffer to one 

tube of CT Conversion Reagent. Mix for 10 minutes. 

2. Add 130 μl of the prepared CT Conversion Reagent to 20 μl of DNA sample. Mix. 

3. Perform the following temperature steps: 98°C for 10 minutes, 64°C for 2.5 hours, then 

hold at 4°C. 

4. Add 600 μl of M-Binding Buffer to a Zymo-Spin IC Column, then add the sample. Close 

the cap and mix by inverting several times. 

5. Centrifuge at full speed (>10,000 x g) for 30 seconds. Discard the flow-through! 

6. Add 100 μl of M-Wash Buffer to the column, spin 30 seconds. 

7. Add 200 μl of M-Desulphonation Buffer to the column and wait for 15-20 minutes. 

8. Spin at full speed for 30 seconds. 

9. Add 200 μl of M-Wash Buffer to the column, spin 30 seconds. Repeat this wash step one 

more time. 

10. Add 10 μl of M-Elution Buffer directly to the column matrix. 
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B) Preparation of the MSA4 plate 

Once converted, the methylation profile of the DNA can be determined by PCR amplification 

followed by a multi-step processing on the Illumina® HumanMethylation450 BeadChip (Figure 

2.17). After washing and staining steps, Beadchips are scanned for signal intensities on the 

Illumina® iScan system. 

 

i) Protocol for Making the MSA4 Plate (Pre-AMP) 

1. Preheat the Illumina Hybridization Oven in the post-amp area to 37C and allow the 

temperature to equilibrate. 

2. Apply an MSA4 barcode label to a new 0.8 ml microtiter plate (MIDI). 

3. Thaw MA1, RPM, and MSM tubes to room temperature. Gently invert at least 10 times to 

mix contents.  

4. Thaw BCR samples to room temperature. 

5. Dispense 20 µl MA1 into the MSA4 plate wells. 

6.  Add 500 ng of the bisulfite-converted DNA samples to the corresponding wells in the 

MSA4 plate. On the lab tracking form, record the original DNA sample ID for each well 

in the MSA4 plate.  

7. Dispense 4 µl 0.1N NaOH into each well of the MSA4 plate that contains MA1 and sample. 

Seal the MSA4 plate with the 96-well cap mat. 

8. Vortex the plate at 1600 rpm for 1 minute. Pulse centrifuge to 280 x g. Incubate for 10 

minutes at room temperature.  

9. Carefully remove the cap mat.  
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Figure 2-17. Illumina HumanMethylation450 Beadchip Workflow Process - adapted from 

Infinium HD Assay Methylation Protocol Guide by Illumina. 
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10. Dispense 68 µl RPM and 75 µl MSM into each well of the MSA4 plate containing sample. 

Seal MSA4 plate with cap mat. 

11. Vortex the sealed MSA4 plate at 1600 rpm for 1 minute. Pulse centrifuge to 280 x g. 

12. Incubate in the Illumina Hybridization Oven for 20-24 hours at 37C. 

 

ii) Protocol for Fragmentation of the MSA4 Plate (Post-AMP) 

1. Preheat the heat block with the MIDI plate insert to 37C. 

2. Thaw FMS tubes to room temperature. Gently invert at least 10 times to mix contents. 

3. Remove the MSA4 plate from the Illumina Hybridization Oven. 

4. Pulse centrifuge the plate to 280 x g. 

5. Add 50 µl FMS to each well containing sample. Seal the MSA4 plate with the 96-well cap 

mat. 

6. Vortex the plate at 1600 rpm for 1 minute. Pulse centrifuge the plate to 280 x g. 

7. Place the sealed plate on the 37C heat block for 1 hour. 

 

iii) Protocol for Precipitation of the MSA4 Plate (Post-AMP) 

1. If frozen, thaw MSA4 plate to room temperature, then pulse centrifuge the plate to 280 x 

g. 

2. Preheat heat block to 37C. 

3. Thaw PM1 to room temperature. Gently invert at least 10 times to mix contents.  

4. Remove the 96-well cap mat. 

5. Add 100 µl PM1 to each MSA4 plate well containing sample. Seal the plate with the cap 

mat. 
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6. Vortex the plate at 1600 rpm for 1 minute. Incubate at 37C for 5 minutes. Pulse centrifuge 

to 280 x g. 

7. Add 300 µl 100% 2-propanol to each well containing sample. 

8. Carefully seal the MSA4 plate with a new, dry cap mat, taking care not to shake the plate 

in any way until the cap mat is fully sealed. 

9. Invert the plate at least 10 times to mix contents thoroughly. Incubate at 4C for 30 minutes. 

Centrifuge to 3000 x g at 4C for 20 minutes.  

10. Immediately remove the MSA4 plate from centrifuge. 

11. Remove the cap mat and discard it. 

12. Over an absorbent pad, decant the supernatant by quickly inverting the MSA4 plate. Drain 

liquid onto the absorbent pad and then smack the plate down, avoiding the liquid that was 

just drained onto the pad. 

13. Tap firmly several times for 1 minute or until all wells are devoid of liquid. 

14. Leave the uncovered, inverted plate on the tube rack for 1 hour at room temperature to air 

dry the pellet. At this point, blue pellets should be present at the bottoms of the wells. 

 

iv) Protocol for Resuspension of the MSA4 Plate (Post-AMP) 

1. Preheat the Illumina Hybridization Oven to 48C. 

2. Turn on the heat sealer to preheat. Allow 20 minutes.  

3. Thaw RA1 to room temperature. Invert several times to re-dissolve the solution. 

4. Add 46 µl RA1 to each well of the MSA4 plate containing a DNA pellet.  

5. Applly a foil heat seal to the MSA4 plate by firmly and evenly holding the heat sealer 

sealing block down for 3 seconds. 
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6. Immediately remove the MSA4 plate from the heat sealer and forcefully roll the rubber 

plate sealer over the plate until all 96 well indentations can be seen through the foil. Repeat 

application of the heat sealer if all 96 wells are not defined. 

7. Place the sealed plate in the Illumina Hybridization Oven and incubate for 1 hour at 48C. 

8. Vortex the plate at 1800 rpm for 1 minute. Pulse centrifuge to 280 x g.  

 

C) Protocol for Hybridisation of DNA to microarray beadchip 

1. Preheat the heat block to 95C. 

2. Place the resuspended MSA4 plate on the heat block to denature the samples at 95C for 

20 minutes. 

3. Remove the BeadChips from 2C to 8C storage, leaving the BeadChips in their ziplock 

bags and mylar packages until ready to begin hybridization. 

4. During the 20-minute incubation, prepare the Hyb Chamber. 

a Place the BeadChip Hyb Chamber gaskets into the BeadChip Hyb Chambers. 

b Dispense 400 µl PB2 into the humidifying buffer reservoirs in the Hyb Chambers. 

c Place the lid on the Hyb Chamber right away to prevent evaporation. The lid does 

not need to be locked down. 

d Leave the closed Hyb Chambers on the bench at room temperature until the 

BeadChips are loaded with DNA sample. Load Beadchips into the Hyb Chamber 

within one hour  

5. After the 20-minute incubation, remove the MSA4 plate from the heat block and place it 

on the benchtop at room temperature for 30 minutes. 
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6. After the 30-minute cool down, pulse centrifuge the MSA4 plate to 280 x g. Remove the 

foil seal. 

7. Just before loading DNA samples, remove all BeadChips from their ziplock bags and mylar 

packages.  

8. Place each BeadChip in a Hyb Chamber insert, orientating the barcode end so that it 

matches the barcode symbol on the Hyb Chamber insert. 

9. Using a pipette, dispense 15 µl of each DNA sample onto the appropriate BeadChip 

section. Make sure that the pipette tip is in the sample inlet prior to dispensing. 

10. On the lab tracking form, record the Beadchip barcode for each group of samples. 

11. Visually inspect all sections of the BeadChip to ensre the DNA sample covers all areas of 

each bead stripe. 

12. Record any sections that are not completely covered on the lab tracking form. 

13. Load the Hyb Chamber inserts containing Beadchips into the Illumina Hyb Chamber. 

Postition the barcode end over the ridges indicated on the Hyb Chamber. 

14. Place the back side of lid onto the Hyb Chamber and then slowly bring down the front end 

to avoid dislodging the Hyb Chamber inserts. Close the clamps on both sides of the Hyb 

Chamber so that the lid is secure and even on the base (no gaps). 

15. Place the Hyb Chamber in the 48C Illumina Hybridizarion Oven so that the clamps of the 

HybChamber face the left and right side of the oven and the Illumina logo on top of the 

Hyb Chamber is facing  you. 

16. Incubate at 48C for at least 16 hours but no more than 24 hours. Cover the residual sample 

in the MSA4 plate with a foil seal. 
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D) Protocol for Washing the BeadChip (Post-AMP) 

1. Remove each Hyb Chamber from the Illumina Hybridization Oven. Let cool on the 

benchtop for 25 minutes prior to opening. 

2. While the Hyb Chamber is cooling: 

a Fill 2 wash dishes with PB1 (200 ml per wash dish). Label each dish “PB1”. 

b Fill the Multi-Sample BeadChip Aligment Fixture with 150 ml PB1. 

c Separate the clear plastic spacers from the white backs. 

d Clean the glass back plates if necessary. 

3. Attach the wire handle to the rack and submerge the wash rack in the wash dish containing 

200 ml PB1. 

4. Remove the Hyb Chamber inserts from the Hyb Chambers. Remove Beadchips from the 

Hyb Chamber inserts one at a time.  

5. Remove the cover seal form each BeadChip.  

a Using powder-free gloved hands, hold the BeadChip securely and by the edges in 

one hand. Avoid contact with the sample inlets. The barcode should be facing up 

and be closest to you, and the top side of the BeadChip should be angled slightly 

away from you.  

b Remove the entire seal in a single, continuous motion. Start with a corner on the 

barcode end and pull with a continuous upward motion away from you and towards 

the opposite corner on the top side of the BeadChip. Do not touch the exposed 

arrays. 

6. Immediately and carefully slide each BeadChip into the wash rack, one at a time, making 

sure that the BeadChip is completely submerged in the PB1. 
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7. Repeat steps 5 and 6 until all BeadChips are transferred to the submerged wash rack. Once 

all Beadchips are in the wash rack, move the wash rack up and down for 1 minute, breaking 

the surface of the PB1 with gentle, slow agitation.When removing the BeadChips from the 

wash rack, inspect them for remaining residue. 

8. Fill the Multi-sample BeadChip Alignment Fixture with 150 ml PB1. For each BeadChip 

to be processed, place a black frame into the Multi-Sample BeadChip Alignment Fixture 

pre-filled with PB1. Place each BeadChip to be processed into a black frame, aligning its 

barcode with the ridges stamped onto the Alignment Fixture.  

9. Place a clear spacer onto the top of each BeadChip. Use the Alignment Fixture grooves to 

guide the spacers into proper position. Place the Alignment Bar onto the Alignment Fixture. 

The groove in the Alignment Bar should fit over the tab on the Alignment Fixture. 

10. Place a clean glass back plate on top of the clear spacer covering each BeadChip. The plate 

reservoir should be at the barcode end of the BeadChip, facing inward to create a reservoir 

against the BeadChip surface. 

11. Attach the metal clamps to the Flow-Through Chambers as follows: 

a Gently push the glass back plate up against the Alignment Bar with one finger. 

b Place the first metal clamp around the Flow-Through Chamber so that the clamp is 

approximately 5 mm from the top edge. 

c Place the second metal clamp around the Flow-Through Chamber at the barcode 

end, approximately 5 mm form the reagent reservoir. 

12. Using scissors, trim the ends of the clear plastic spacers from the Flow-Through Chamber 

assembly. Slip scissors up over the barcode to trim the other end. 
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13. Immediately wash the Hyb Chamber reservoirs with DiHsO and scrub them with a small 

cleaning brush, ensuring that no PB2 remains in the Hyb Chamber reservoir.   

 

E) Protocol for Single-Base Extension & Staining of HD BeadChip (Post-AMP) 

1. Place all reagent tubes in a rack in the order in which they will be used. If frozen, allow 

them to thaw to room temperature, and then gently invert the reagent tubes at least 10 times 

to mix contents. 

2. Ensure the water circulator is filled to the appropriate level.  

3. Turn on the water circulator. Set it to a temperature that brings the Chamber Rack to 44C 

at equilibrium. 

4. Remove bubbles trapped in the Chamber Rack. 

5. Test several locations on the Chamber Rack, using the Illumina Temperature Probe. All 

locations should be at 44C ± 0.5C. 

6. When the Chamber Rack reaches 44C, quickly place each Flow-Through Chamber 

assembly into the Chamber Rack. Pipette reagents into the reservoir of the glass back plate. 

7. Into the reservoir of each Flow-Through Chamber, dispense: 

a 150 µl RA1. Incubate for 30 seconds. Repeat 5 times. 

b 450 µl XC1. Incubate for 10 minutes. 

c 450 µl XC2. Incubate for 10 minutes. 

d 200 µl TEM. Incubate for 15 minutes. 

e 450 µl 95% formamide/1mM EDTA. Incubate for 1 minute. Repeat once. 

8. Wait until the Chamber Rack reaches the correct temperature. 

9. Turn on the scanner to allow the lasers to stabilize. 
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10. Into the reservoir of each Flow-Through Chamber, dispense: 

a 250 µl STM. Incubate for 10 minutes. 

b 450 µl XC3. Incubate for 1 minute. Repeat once. 

c Wait 5 minutes. 

d 250 µl ATM. Incubate for 10 minutes. 

e 450 µl XC3. Incubate for 1 minute. Repeat once. 

f Wait 5 minutes. 

g 250 µl STM. Incubate for 10 minutes. 

h 450 µl XC3. Incubate for 1 minute. Repeat once. 

i Wait for 5 minutes. 

j 250 µl ATM. Incubate for 10 minutes. 

k 450 µl XC3. Incubate for 1 minute. Repeat once. 

l Wait for 5 minutes. 

m 250 µl STM. Incubate for 10 minutes. 

n 450 µl XC3. Incubate for 1 minute. Repeat once. 

o Wait 5 minutes. 

11. Immediately remove the Flow-Through Chambers from the Chamber Rack and place 

horizontally on a lab bench at room tempearature. 

12. Pour 310 ml PB1 per 8 BeadChips into a wash dish, and then cover the dish. 

13. Place the staining rack inside the wash dish. 

14. For each BeadChip: 

a Use the dismantling tool to remove the 2 metal clamps from the flow-through 

chamber. 
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b Remove the glass back plate, the spacer, and then the BeadChip. 

c Immediately place each BeadChip into the staining rack that is in the wash dish 

with the barcode facing away. Make sure that all BeadChips are submerged. 

15. Slowly move the staining rack up and down 10 times, breaking the surface of the reagent. 

16. Allow the BeadChips to soak for an additional 5 minutes. 

17. Add 330 ml 100% Et OH to the XC4 bottle. Shake the XC4 bottle vigorously to ensure 

complete resuspension. Once resuspended, use XC4 at room temperature. 

18. Shake the XC4 bottle vigorously to ensure complete resuspension. If necessary, vortex 

until completely dissolved. 

19. Pour 310 ml XC4 into a wash dish.  

20. Move the BeadChip staining rack into the XC4 dish. 

21. Slowly move the staining rack up and down 10 times, breaking the surface of the reagent. 

22. Allow the BeadChips to soak for an additional 5 minutes. 

23. Lift the staining rack out of the solution and place it on a tube rack with the staining rack 

and BeadChips horizontal, barcodes facing up. 

24. Remove the BeadChips from the staining rack with locking tweezers, working  from top to 

bottom. Place each BeadChip on a tube rack to dry. Remove the rack handle if it facilitiates 

removal of the BeadChips. 

25. Dry the BeadChips in the vacuum desiccator for 50-55 minutes at 675 mm Hg (0.9 bar). 

26. Ensure that the XC4 coating is dry before continuing to the next step. 

27. Clean the underside of each BeadChip with a ProStat EtOH wipe or Kimwipe soaked in 

EtOH. 

28. Clean and store the glass back plates and Hyb Chamber components 
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F) Protocol for Imaging of BeadChip on iScan System 

1. On the lab tracking form, record the following for each BeadChip: Scanner ID and Scan 

date. 

2. Turn on the iScan Reader, iScan PC, and the iScan Control Software. 

3. Let the iScan Reader warm up for at least 5 minutes. 

4. Starting Up the iScan System: For each BeadChip, download the decode content from iCom 

or copy the contents of the DVD provided with the BeadChip into the Decode folder. The 

folder name should be the BeadChip barcode. Double-click the iScan Control Software 

icon on the desktop. Set the LIMS dropdown list to None and enter your Windows user 

name. Click Start. 

5. Loading Beadchips and Starting the Scan: Load the BeadChips into their carrier and place 

the carrier into the iScan Reader tray. Click Next. The Type column should say “BeadChip 

8x1” and the Scan Setting should say “Direct Hyb”, click Settings. The Scan Settings File 

window appears. Select Direct Hyb and click Open. Click the Scan Settings tab. Select 

Direct Hyb in the left pane. Click the down arrow beside Image Format, and select Tiff. 

Click OK. Make sure the input and output paths are correct. To begin scanning the 

BeadChips, click Scan. At the end of the scan, a Review window appears. Click Rescan 

to automatically rescan all failed areas. Click Done to return to the Start window. 
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G) Data analysis 

After scanning the HumanMethylation450 Beadchip using the Illumina iScan system, data QC 

was performed using Illumina’s GenomeStudio Methylation Module which enabled simplified 

data management for hierarchical organization of samples, groups, group sets, and all associated 

project analyses. It also provided probe-level and gene-level statistical analysis tools for 

differential analysis, heat map visualization, and clustering. The QC passed data was subsequently 

analysed statistically using different methods as described in Section 6.2.2.2. 
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2.8.2 Fluidigm/NGS  

Through a combination of integrated fluidic circuits (IFCs) and controllers, sample-specific 

barcode sequences and sequencer-specific tags are attached to each PCR product. Multiplex 

primers then build libraries of 480 amplicons per sample, and barcode sequences can allow up to 

384 samples to be processed in one multiplex sequencing run. Combining the high throughput 

microfluidics with PCR, the Fluidigm Access Array™ (Fluidigm, San Francisco, USA)  generates 

amplicons for SNP identification, sequence variation and mutation detection for hundreds of 

samples. 

 

Amplicon tagging on the Access Array™ System reduces the time required for enrichment of 

targeted sequences by combining amplicon generation with library preparation. The Access 

Array™ System workflow consists of 4 major phases: 1) designing and validating target-specific 

primers for targeted resequencing, 2) qualifying and quantifying samples, 3) running an Access 

Array™ IFC, and 4) qualifying and quantifying harvested PCR products for sequencing (Figure 

2.18). 

 

Using targeted sequencing of differentially methylated CpG sites, Fluidigm/NGS was performed 

on the Validation cohort and involved the following steps: 

 

A) Bisulfite conversion 

Prepare 500 ng bisulfite converted DNA using the MethylCode™ Bisulfite Conversion kit 

(Invitrogen, Carlsbad, USA) following the manufacturer’s instructions. 
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Figure 2-18.  Fluidigm Access Array™  Workflow Process - adapted from Access Array™  

System for Illumina Sequencing Systems by Fluidigm.
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B) Primer design & validation 

The genomic locations flanking +/-300bp  of each of the differentially methylated target CpG loci 

were resolved into FASTA format using the Galaxy ‘Fetch Sequences’ tool (http://usegalaxy.org). 

These sequences were then used to design the validation primers. Primers for target CpG 

methylation validation were designed for a Fluidigm Access Array/Illumina MiSeq workflow 

using the Sequenome Epidesigner tool (http://www.epidesigner.com/start3.html), with modified 

presets: 

•         Primer Tm: min56, opt62, max64 

•         Primer size: min20, opt25, max30 

•         Product size: min140, opt180, max210 

•         Product CpG 4 

•         Primer Poly X 5 

•         Primer nonCpG Cs 0 

•         Primer poly T 8 

•         Tick maximize coverage 

 

Due to the reduced complexity inherent to bisulphite treated DNA, the aim was to design 3 

different primer pairs per CpG. However, this was not always possible and several CpGs had only 

1 or 2 primers designed. Additionally, a few sites could not be covered at all by the primer designer. 

These were excluded from further analysis and replaced with the next most differentially 

methylated candidate. Successfully generated primer pairs (Appendix II) were then imported into 

a spreadsheet, the ‘Access array generate tagged primers workbook,’ programmed to tail the 

primers with the appropriate Fluidigm-Illumina tags (CS1 and CS2 for forward and reverse primers 

respectively). These tagged primers were then ordered via bulk-order from Sigma Aldrich (Sigma-

Aldrich, St. Louis, USA) with the following options: water, purification desalt, concentration 

50uM, in 100ul, shipped at room temperature, in shallow well 200ul plate format. 

http://usegalaxy.org/
http://www.epidesigner.com/start3.html
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Once delivered, the primers were checked for efficacy and specificity by performing a PCR with 

each primer pair, using bisulfite treated human DNA as a template and the Roche FastStart™ High 

Fidelity PCR System, dNTPack (Sigma-Aldrich, St. Louis, USA). The PCR products were 

visualised using the Qiagen QIAxcel® (Qiagen, Hilden, Germany) capillary electrophoresis 

platform. Primer pairs giving no or multiple bands were excluded from further analysis.  

 

The successful primer pairs were then used to amplify the bisufite treated validation samples (45 

samples + 3 controls: fully methylated DNA, fully unmethylated DNA and water) using the 

Fluidigm 48.48 Access Array™ Loading Reagent Kit and the 48.48 Access Array™, Indices set. 

 

 

C) Fluidigm using Access Arrays 

i)  Protocol for Preparing the 20X Primer Solutions 

1. Prepare the 20X Primer Solutions for 48 individual primer pairs as shown in the table 

below. These will be loaded into the Primer Inlets of 48.48 Access Array IFC. 

 

Component  Volume (μL) Final Concentration 

CS1-TS-F (50 μM)  2.0 per primer 1 μM per primer 

CS2-TS-R (50 μM)  2.0 per primer 1 μM per primer 

20X Access Array Loading Reagent  5.0 1X 

Water 91  

Total volume 100  

 

 

2. Vortex the 20X Primer Solutions for a minimum of 20 seconds, and centrifuge for 30 

seconds to spin down all components. 
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ii) Protocol for Priming the 48.48 Access Array IFC 

 

1. Inject Control Line Fluid into each accumulator on the IFC. 

2. Add 500 μL of 1X Access Array Harvest Solution (Fluidigm, PN 100-1031) into 

the H1-H4 wells on the IFC. 

3. Remove and discard the blue protective film from the bottom of the AA IFC. 

4. Load the IFC into the Pre-PCR IFC Controller AX located in the Pre-PCR lab. 

5. Press Eject to move the tray out of the IFC Controller AX. 

6. Place the IFC onto the tray by aligning the notched corner of the IFC to the A1 

mark. 

7. Press Load Chip to register the barcode of the IFC and activate the script 

selection. 

8. Select Prime (151x) and Run Script to prime the IFC. 

9. Once the script is complete, press Eject to remove the IFC. 

 

NOTE:  

1. Use the 48.48 Access Array IFC within 24 hours of opening the package. 

2. Control Line Fluid on the IFC or in the inlets makes the IFC unusable.  

3. Use only 48.48 syringes with 300 μL of Control Line Fluid (Fluidigm,PN 89000020). 

4. Load the IFC into the Pre-PCR IFC Controller AX in the Pre-PCR lab within 60 

minutes of priming. 
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iii) Protocol for Preparation of the Sample Pre-Mix Solution 

1. Working in a DNA-free hood, the components were combined as shown in the table 

below. This protocol prepares enough Sample Pre-Mix for 60 reactions. This is enough 

reagent to load one 48.48 Access Array IFC with 16 additional reactions to compensate 

for dead volume and pipetting error. 

 

Component Volume per 

Reaction 

(μL) 

Volume for 60 

Reactions (μL) 

Final 

Concentration 

10X FastStart High Fidelity 

Reaction Buffer without 

MgCl2 (Roche) 

0.5 30.0 1X 

 

25 mM MgCl2 (Roche) 0.9 54.0 4.5 mM 

DMSO (Roche) 0.25 15.0 5% 

10 mM PCR Grade Nucleotide 

Mix (Roche) 

0.1 6.0 200 μM ea 

5 U/μL FastStart High Fidelity 

Enzyme Blend (Roche) 

0.05 3.0 0.05 U/μL 

20X Access Array Loading 

Reagent (Fluidigm) 

0.25 15.0 1X 

PCR Certified Water 1.95 117.0  

Total 4.0 240.0  

 

 

2. Vortex the Sample Pre-Mix for a minimum of 20 seconds, and centrifuge for 30 seconds 

to spin down all components. 

 

 

iv) Protocol for Preparing the Sample Mix Solutions 

1. Combine the components listed below in a 96-well plate to prepare 48 individual Sample 

Mix solutions. 

 

Component Volume (μL) 
Sample Pre-Mix 4.0 

Bisulfite Converted Genomic DNA (50 ng/μL) 1.0 

Total 5.0 

 

2. Vortex the Sample Mix solutions for a minimum of 20 seconds, and centrifuge for 30 

seconds to spin down all components. 
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NOTE:  

The 48 samples should include a water blank, which will act as negative control against PCR 

contamination. Other suggested sample controls include, whole genome amplified DNA 

(non-methylated control) and SssI methylase treated DNA (fully methylated control). 

 

v) Protocol for Loading the 48.48 Access Array IFC 

1. Pipette 4 μL of 20X Primer solution into each of the primer inlets. 

2. Pipette 4 μL of Sample Mix solution into each of the sample inlets. 

 

NOTE: An 8-channel pipette is recommended to load the Sample Mix and 20X Primer 

solutions. The recommended pipetting order is shown below. 

 

3. Load the 48.48 Access Array IFC into the Pre-PCR IFC Controller AX in the Pre-PCR 

lab. 

4. Press Eject to move the tray out of the IFC Controller AX. 

5. Place the IFC onto the tray by aligning the notched corner of the IFC to the A1 mark. 

6. Press Load Chip to register the barcode of the IFC and activate the script selection. 

7. Select Load Mix (151x) and Run Script. 

8. Once the script is complete, press Eject to remove the IFC. 
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vi) Protocol for Thermal Cycling the 48.48 Access Array IFC 

Place the 48.48 Access Array IFC onto the FC1 Cycler and start PCR by selecting the protocol 

meth/meth_DNA. 

 

PCR stages Number of cycles 

70oC     20 minutes (1200 sec) 1 

95oC     10 minutes (600 sec) 1 

95oC     15 sec 

57oC     30 sec 

72oC     60 sec 

40 

 

vii) Protocol for Harvesting the 48.48 Access Array IFC 

1. After the PCR has finished, move the 48.48 Access Array IFC into the Post-PCR lab for 

harvesting. 

2. Remove the remaining 1X Access Array Harvest Reagent from the H1-H4 wells. 

3. Pipette 600 μL of fresh 1X Access Array Harvest Reagent into the H1-H4 wells. 

4. Pipette 2 μL of 1X Access Array Harvest Reagent into each of the Sample Inlets on the 

IFC. 

5. Load the IFC into the Post-PCR IFC Controller AX located in the Post-PCR lab. 

6. Press Eject to move the tray out of the IFC Controller AX. 

7. Place the IFC onto the tray by aligning the notched corner of the IFC to the A1 mark. 

8. Press Load Chip to register the barcode of the IFC and activate the script selection. 

9. Select Harvest (151x) and Run Script. 

10. Once the script is complete, press Eject to remove the IFC. 

11. Label a 96-well plate with the 48.48 Access Array IFC barcode. Carefully transfer 10 μL 

of harvested PCR products from each of the Sample Inlets into columns 1-6 of a 

MicroAmp Optical 96-well plate (Cat: N801-0560; Applied Biosystems), using an 8-

channel pipette. 

 

D) Protocol for Quality control and quantifying harvested PCR products  

The integrity of the DNA was assessed using the Agilent® High Sensitivity DNA Kit in the 

Agilent® 2100 Bioanalyzer® instrument. Total DNA Library was quantified using the Qubit® 2.0 
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Fluorometer and the Qubit® dsDNA HS Assay Kit which bound directly to the double-stranded 

DNA and therefore provides an accurate measurement of the concentration of DNA.  

1. Make a 1:200 working dilution of Qubit® dsDNA HS reagent using the Qubit® 

dsDNA HS Buffer. 

2. Combine 10 µL of the amplified Ion AmpliSeq™ library with 190 µL of dye 

reagent, mix well, and incubate for at least 2 minutes. 

3. Prepare each Qubit® standard as directed in the user guide. 

4. Measure the concentration on the Qubit® 2.0 Fluorometer. 

5. Calculate the concentration of the undiluted library by multiplying by 20. This can 

be calculated automatically using the “Calculate Stock Concentration” button and 

inputting 10 µL as the sample volume.  

 

E) Sequencing on Illumina Miseq 

The pooled library was prepared for sequencing using the Illumina Miseq System as per 

manufacturer’s recommendations. The pooled library was loaded onto a Miseq Reagent Cartridge 

and sequenced in the Miseq machine using a standard 100bp workflow. 

 

F) Data analysis 

The QC passed data was subsequently analysed statistically as described in Section 6.2.3.2. 
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Chapter 3 

CLINICAL PHENOTYPE 
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3.1 INTRODUCTION 

The first part of the project was to study the clinical phenotypes at diagnosis of patients with 

different subtypes of MPN (ET, PV and PMF) recruited into the study in Malaysia. The clinical 

phenotypes of the patients will subsequently be correlated with MPN panel, gene expression and 

methylation profiling results in Chapters 4, 5 and 6. 

 

3.1.1 Aim 

The aim of this section of the study was to determine the demographic and clinical landscape of 

MPN for comparison with genomic and epigenomic data taking into account that Malaysia is a 

multiracial country. 

 

3.2 MATERIALS AND METHODS 

3.2.1 Patient & Validation cohorts 

Two cohorts of patients, Patient & Validation cohorts, were recruited from the 3 hospitals between 

January 2012 and December 2014. Basic demographic data including sex, race and age were 

collected from all the patients. 

 

3.2.2 Clinical parameters 

The following clinical parameters were recorded in both Patient and Validation cohorts:  

1) Blood results at diagnosis - full blood count, renal profile, liver function, fasting 

cholesterol, fasting glucose, serum ferritin, serum LDH, serum EPO, BCR-ABL1 and JAK2 

V617F mutations. 
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2) Clinical features – presence and extent of hepatosplenomegaly, constitutional & vasomotor 

symptoms, occurrence of thrombotic vascular events and haemorrhages. 

3) Treatment (if any) instituted at diagnosis.  

4) International Prognostic Scoring System (IPSS) and Dynamic International Prognostic 

Scoring System Plus (DIPSS-plus) scores (128, 129). 

5) Risk factors at presentation – age > 65 years, previous thrombosis, cardiovascular (CVS) 

risk factors, family history of CVS disease, hypertension, hypercholesterolaemia, diabetes 

mellitus, smoking history and obesity.  

 

3.2.3 Data analysis 

Data analysis was performed using SPSS version 22. As the datasets were non-parametric, 

Kruskal-Wallis and Chi-Square tests were used to compare the different disease subgroups and 

normal controls for continuous and categorical data respectively. However, because the number of 

patients in the Patient and Validation cohorts were small, comparisons made between the two 

groups were mainly descriptive. 
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3.3 RESULTS 

3.3.1 Patient details 

A total of 37 patients (15 ET, 15 PV, and 7 PMF) and 15 normal controls were recruited. The 

Patient cohort consisted of 29 patients (11 ET, 11 PV and 7 PMF) and 11 normal controls. The 

Validation cohort consisted of 12 patients (4 ET, 4 PV, and 4 PMF) and 4 normal controls. The 

patients in the Validation cohort were different from the Patient cohort except all the 4 PMF 

patients.  

 

3.3.2 Quality of data 

For the Patient cohort, the dataset was complete except for 6 missing data points for serum EPO 

and 3 missing data points for ferritin. For the Validation cohort, there was only 1 missing data 

point for serum EPO.  

 

3.3.3   Clinical phenotype 

The results for the statistical analyses of the demographic data, blood results at diagnosis, clinical 

features, treatment at diagnosis, and IPSS & DIPSS scores are presented in the following sections: 

 

3.3.3.1 Demographic data 

Tables 3.1 and 3.2 show the basic demographic data (sex, race and age) of the patients according 

to their JAK2 V617F mutational status for the Patient (Table 3.1) and Validation cohorts (Table 

3.2) respectively.  

 



189 

 

 

 

A total of 29 patients (11 ET, 11 PV, 7 PMF) and 11 normal controls were recruited into the Patient 

cohort. Out of the 29 MPN patients, 25 (86.2%) patients harbored the JAK2 V617F mutation which  

was detected in 8 (72.7%) ET, 11 (100%) PV and 6 (85.7%) PMF patients. There were 20 (69%) 

males and 9 (31%) females. Within each disease subtype, there were more males compared to 

females. Out of the 29 patients, there were 17 (58.6%) Malay, 11 (37.9%) Chinese and 1 (3.5%) 

Indian patients. For PV, the majority of the patients were Malays whereas for ET and PMF, there 

was more even distribution of races within the disease groups. The mean and median ages of JAK2-

positive patients ranged from the youngest in ET (mean 52 years; median 54 years) and oldest in 

PMF (mean 66 years; median 65 years). There was a young 36 year old female who had PMF and 

was JAK2-negative. 

 

12 patients (4 PV, 4 ET, 4 PMF) and 4 normal controls were recruited into the Validation cohort. 

Out of 12 MPN patients, 11 (91.7%) patients harbored the JAK2 V617F mutation which was 

detected in 4 (100%) ET, 4 (100%) PV and 3 (75%) PMF patients. There were 7 (58.3%) males 

and 5 (41.7%) females. Within each disease subtype, there was equal distribution between the two 

sexes for ET and PV. For PMF, there were more males compared to females. Out of the 12 patients, 

there were 9 (75%) Malay and 3 (25%) Chinese patients. Three of the 4 patients in each disease 

subgroup were Malays. The mean and median ages of JAK2-positive patients ranged from the 

youngest in ET (mean 56 years; median 58 years) and oldest in PMF (mean 67 years; median 68 

years). There was a young 36 year old female who had PMF and was JAK2-negative.  
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 Essential thrombocythemia 

(n=11) 

Polycythemia vera 

(n=11) 

Primary myelofibrosis 

(n=7) 

Normal control 

(n=11) 

 

WT 

 

JAK2 

 

WT 

 

JAK2 

 

WT 

 

JAK2 

 

WT 

 

JAK2 

 

Number of patients, n (%) 

 

3 (27.3%) 

 

8 (72.7%) 

 

- 

 

11 (100%) 

 

1 (14.3%) 

 

6 (85.7%) 

 

11 (100%) 

 

- 

 

Sex, n (%) 

 

Male 

 

3 (27.3%) 

 

4 (36.4%) 

 

- 

 

7 (63.6%) 

 

- 

 

6 (85.7%) 

 

8 (72.7%) 

 

- 

  

Female 

 

- 

 

4 (36.4%) 

 

- 

 

4 (36.4%) 

 

1 (14.3%) 

 

- 

 

3 (27.3%) 

 

- 

 

Race, n (%) 

 

Malay 

 

1 (9.1%) 

 

3 (27.3%) 

 

- 

 

9 (81.8%) 

 

1 (14.3%) 

 

3 (42.9%) 

 

7 (63.6%) 

 

- 

  

Chinese 

 

1 (9.1%) 

 

5 (45.5%) 

 

- 

 

2 (18.2%) 

 

- 

 

3 (42.9%) 

 

3 (27.3%) 

 

- 

  

Indian 

 

1 (9.1%) 

 

- 

 

- 

 

- 

 

- 

 

- 

 

1 (9.1%) 

 

- 

 

Mean age ± SD, years 

 

55 ± 10.3 

 

52 ± 20.9 

 

- 

 

58 ± 12.8 

 

36  

 

66 ± 8.0 

 

52 ± 15.9 

 

- 

 

Median age, years (range) 

 

58 (44-64) 

 

54 (26-81) 

 

- 

 

63 (41-75) 

 

36 

 

65 (57-75) 

 

53 (27-77) 

 

- 

 
Table 3-1.  Demographic data of the 29 MPN (11 PV, 11 ET and 7 PMF) patients and 11 normal controls in the Patient cohort according  

to their JAK2 V617F mutational status (JAK2=JAK2 V617F mutation; WT=wild-type for the JAK2 V617F mutation). 
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 Essential thrombocythemia 

(n=4) 

Polycythemia vera 

(n=4) 

Primary myelofibrosis 

(n=4) 

Normal control 

(n=4) 

WT JAK2 WT JAK2 WT JAK2 WT JAK2 

 

Number of patients, n (%) 

 

- 

 

4 (100%) 

 

- 

 

4 (100%) 

 

1 (25%) 

 

3 (75%) 

 

4 (100%) 

 

- 

 

Sex, n (%) 

 

Male 

 

- 

 

2 (50%) 

 

- 

 

2 (50%) 

 

- 

 

3 (75%) 

 

2 (50%) 

 

- 

  

Female 

 

- 

 

2 (50%) 

 

- 

 

2 (50%) 

 

1 (25%) 

 

- 

 

2 (50%) 

 

- 

 

Race, n (%) 

 

Malay 

 

- 

 

3 (75%) 

 

- 

 

3 (75%) 

 

1 (25%) 

 

2 (50%) 

 

2 (50%) 

 

- 

  

Chinese 

 

- 

 

1 (25%) 

 

- 

 

1 (25%) 

 

- 

 

1 (25%) 

 

2 (50%) 

 

- 

  

Indian 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

Mean age ± SD, years 

 

- 

 

56 ± 18.6 

 

- 

 

61 ± 8.2 

 

36  

 

67 ± 8.1 

 

60 ± 6.5 

 

- 

 

Median age, years (range) 

 

- 

 

58 (32-77) 

 

- 

 

63 (49-68) 

 

36 

 

68 (58-74) 

 

62 (50-64) 

 

- 

 
Table 3-2.  Demographic data of the 12 MPN (4 PV, 4 ET and 4 PMF) patients and 4 normal controls in the Validation cohort according to their 

JAK2 V617F mutational status (JAK2=JAK2 V617F mutation; WT=wild-type for the JAK2 V617F mutation). 

 



192 

 

3.3.3.2  Blood results at diagnosis 

Tables 3.3 and 3.4 show the blood parameters of the patients in relation to their JAK2 V617F 

mutational status for the Patient and Validation cohorts respectively. All the patients were negative 

for the BCR-ABL1 mutation. All comparisons below are between the different disease subgroups 

and the normal controls unless otherwise stated. 

 

In the Patient cohort (Table 3.3), statistical analysis using Kruskal-Wallis test revealed that 

haemoglobin and haematocrit levels were significantly higher in patients with PV (p<0.0001 for 

both haemoglobin and haematocrit). White cell and neutrophil counts were significantly higher in 

PV and PMF patients (p=0.024 and p=0.006 respectively) and in patients who were JAK2-positive 

(p=0.018 and 0.002 respectively). Platelet counts were significantly higher in patients with ET 

(p<0.0001). JAK2-positive ET patients have significantly higher platelet counts (p=0.005) 

compared to their wild-type counterparts.  

 

In the Validation cohort (Table 3.4), statistical analysis using Kruskal-Wallis test revealed that 

haemoglobin and haematocrit levels were again significantly higher in patients with PV (p=0.005 

and p=0.003 respectively). Neutrophil counts were significantly higher in PV and PMF patients 

(p=0.043). White cell, neutrophil and eosinophil counts were significantly higher in patients who 

were JAK2-positive (p=0.02, 0.023 and 0.035 respectively). Platelet counts were significantly 

higher in patients with ET (p=0.012) and ferritin levels were significantly higher in patients with 

PMF (p=0.027). The only wild-type PMF patient (in both patient and validation cohorts) has a 

higher platelet count than the JAK2-positive PMF patients although this was not found to be 

statistically significant (p=0.18). 
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 Essential thrombocythemia 

(n=11) 

Polycythemia vera 

(n=11) 

Primary myelofibrosis 

(n=7) 

Normal control 

(n=11) 

WT JAK2 WT JAK2 WT JAK2 WT JAK2 

 

Number of patients, n (%) 

 

3 (27.3%) 

 

8 (72.7%) 

 

- 

 

11 (100%) 

 

1 (14.3%) 

 

6 (85.7%) 

 

11 (100%) 

 

- 

 

Haemoglobin,  g/dL * 

 

13.7 

(12.5-14.2) 

 

13.7 

(8.1-16.4) 

 

- 

 

16.9 

(13.8-18.6) 

 

10 

 

10.7 

(6.6-13.8) 

 

14.6 

(12.4-17.9) 

 

- 

 

Hct,%* 

 

40.4 

(38-41.7) 

 

41.5  

(23.9-48.5) 

 

- 

 

51.4 

(45-56) 

 

33.1 

 

33.3 

(18.8-46.4) 

 

43.5 

(36.2-55) 

 

- 

 

WBC, x109/L* 

 

10.9 

(3.8-12.4) 

 

9.9 

(3.1-18.9) 

 

- 

 

12.7 

(6.7-28.1) 

 

15.2 

 

13.3 

(5.6-28.5) 

 

7.8 

(4.4-12.6) 

 

- 

 

ANC, x109/L* 

 

5.8 

(1.7-6.6) 

 

7.9 

(1.2-15.2) 

 

- 

 

10.5 

(4.1- 24.4) 

 

10.8 

 

10.2 

(3.5-25.3) 

 

3.4 

(2.3-9.8) 

 

- 

 

Platelet count, x109/L* 

 

542 

(335-2251) 

 

703 

(479-1574) 

 

-  

 

528 

(197-1314) 

 

770 

 

422 

(75- 826) 

 

219 

(122-297) 

 

- 

 

Ferritin, ug/L* 

 

232 

(10.2-819.4) 

 

125.3 

(8.0-752.4) 

 

- 

 

41.3 

(11.5-339.4) 

 

64.13 

 

520.2 

(35.1-1359.1) 

 

141.1 

(19.6-306.2) 

 

- 

 
Table 3-3.  Blood parameters of the 29 MPN (11 PV, 11 ET and 7 PMF) patients and 11 normal controls in the Patient cohort according to their 

JAK2 V617F mutational status (JAK2=JAK2 V617F mutation; WT=wild-type for the JAK2 V617F mutation; Hb=haemoglobin; Hct=haematocrit; 

WBC=white blood cell; ANC=absolute neutrophils count; EPO=serum erythropoietin). 

* Median (range) 
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 Essential thrombocythemia 

(n=4) 

Polycythemia vera 

(n=4) 

Primary myelofibrosis 

(n=4) 

Normal control 

(n=4) 

WT JAK2 WT JAK2 WT JAK2 WT JAK2 

 

Number of patients, n (%) 

 

- 

 

4 (100%) 

 

- 

 

4 (100%) 

 

1 (25%) 

 

3 (75%) 

 

4 (100%) 

 

- 

 

Haemoglobin,  g/dL * 

 

- 

 

13.7 

(8.1-16.4) 

 

- 

 

17.0 

(15.1-17.3) 

 

10 

 

10.5 

(6.9-10.9) 

 

13.4 

(12.7-14.6) 

 

- 

 

Hct,%* 

 

- 

 

41.5  

(23.9-48.5) 

 

- 

 

55.6 

(47.5-58.3) 

 

33.1 

 

32.8 

(21.4-33.7) 

 

39.9  

(38.9-41.6) 

 

- 

 

WBC, x109/L* 

 

- 

 

9.9 

(3.1-18.9) 

 

- 

 

17.7 

(12.0-34.7) 

 

15.2 

 

18.6 

(5.6-28.5) 

 

6.3 

(4.5-9.5) 

 

- 

 

ANC, x109/L* 

 

- 

 

7.9 

(1.2-15.2) 

 

- 

 

15.1 

(8.5-30.7) 

 

10.8 

 

11.1 

(3.5-25.3) 

 

3.7 

(2.5-5.6) 

 

- 

 

Platelet count, x109/L* 

 

- 

 

703 

(479-1574) 

 

- 

 

505 

(421-630) 

 

770 

 

477 

(125-767) 

 

247 

(175-288) 

 

- 

 

Ferritin, ug/L* 

 

- 

 

125.3 

(8.0-752.4) 

 

- 

 

24.2 

(10.8-90.2) 

 

64.13 

 

566 

(474.3-1359.1) 

 

267.6 

(98-366.6) 

 

- 

 
Table 3-4.  Blood parameters of the 12 MPN (4 PV, 4 ET and 4 PMF) patients and 4 normal controls in the Validation cohort according to their 

JAK2 V617F mutational status (JAK2=JAK2 V617F mutation; WT=wild-type for the JAK2 V617F mutation; Hb=haemoglobin; Hct=haematocrit; 

WBC=white blood cell; ANC=absolute neutrophils count; EPO=serum erythropoietin). 

* Median (range)
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3.3.3.3  Clinical features 

Tables 3.5 and 3.6 show the clinical features of the patients in relation to their JAK2 V617F 

mutational status for the Patient and Validation cohorts respectively.  

 

In the Patient cohort (Table 3.5), 15 patients (4 ET, 5 PV and 6 PMF) had splenomegaly (p=0.003) 

which was >15cm (p=0.02) in 9 patients (1 ET, 3 PV and 5 PMF). 6 patients (1 ET, 1 PV and 4 

PMF) had hepatomegaly (p=0.006). Constitutional symptoms were commonly reported in MPN 

patients and were present in 5 ET, 5 PV and 5 PMF patients (p=0.014). All patients with 

splenomegaly, hepatomegaly and constitutional symptoms were JAK2-positive except 1 wild-type 

PMF patient who was a young 36-year old female Malay patient. Seven patients (3 ET and 4 PV) 

developed thrombosis and 4 patients (3 ET and 1 PMF) developed bleeding. Neither complication 

was found to be statistically significant (p=0.064 and p=0.101 respectively). Splenomegaly, 

constitutional symptoms and thrombosis were significantly more common in JAK2-positive 

patients (p=0.002, p=0.002 and p=0.026 respectively). Hepatomegaly and bleeding were also more 

common in JAK2-positive patients although neither were not found to be statistically significant 

(p>0.05). 

 

In the Validation cohort (Table 3.6), 4 PMF patients had splenomegaly (p=0.001) which were all 

>15cm (p=0.001). 5 patients (1 ET, 1 PV and 3 PMF) had hepatomegaly. Constitutional symptoms 

were commonly reported in MPN patients and were present in 2 ET, 2 PV and 3 PMF patients. 

However, presence of hepatomegaly or constitutional symptoms were not found to be statistically 

significant (p>0.05). All patients with splenomegaly, hepatomegaly and constitutional symptoms 

were JAK2-positive except 1 wild-type PMF patient who was a young 36-year old female Malay 
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 Essential thrombocythemia 

(n=11) 

Polycythemia vera 

(n=11) 

Primary myelofibrosis 

            (n=7) 

Normal control 

(n=11) 

WT JAK2 WT JAK2 WT JAK2 WT JAK2 

 

Number of patients, n (%) 

 

3 (27.3%) 

 

8 (72.7%) 

 

- 

 

11 (100%) 

 

1 (14.3%) 

 

6 (85.7%) 

 

11 (100%) 

 

- 

 

Splenomegaly, n (%) 

       

None 

 

3 (27.3%) 

 

4 (36.4%) 

 

- 

 

6 (54.5%) 

 

- 

 

1 (14.3%) 

 

11 (100%) 

 

- 

       

< 12cm 

 

- 

 

1 (9.1%) 

 

- 

 

1 (9.1%) 

 

- 

 

- 

 

- 

 

- 

             

12-15cm 

 

- 

 

2 (18.2%) 

 

- 

 

1 (9.1%) 

 

- 

 

1 (14.3%) 

 

- 

 

- 

       

> 15cm 

 

- 

 

1 (9.1%) 

 

- 

 

3 (27.3%) 

 

1 (14.3%) 

 

4 (57.1%) 

 

- 

 

- 

 

Hepatomegaly, n (%) 

 

- 

 

1 (9.1%) 

 

- 

 

1 (9.1%) 

 

1 (14.3%) 

 

3 (42.9%) 

 

- 

 

- 

 

Constitutional symptoms, n (%) 

 

- 

 

5 (45.5%) 

 

- 

 

5 (45.5%) 

 

1 (14.3%) 

 

4 (57.1%) 

 

- 

 

- 

 

Major thrombotic event, n (%) 

 

- 

 

3 (27.3%) 

 

- 

 

4 (36.4%) 

 

- 

 

- 

 

- 

 

- 

 

Major bleeding event, n (%) 

 

 

1 (9.1%) 

 

2 (18.2%) 

 

- 

 

- 

 

- 

 

1 (14.3%) 

 

- 

 

- 

 
Table 3-5.  Clinical features of the 29 MPN (11 PV, 11 ET and 7 PMF) patients and 11 normal controls in the Patient cohort according to their 

JAK2 V617F mutational status (JAK2=JAK2 V617F mutation; WT=wild-type for the JAK2 V617F mutation). 
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 Essential thrombocythemia 

(n=4) 

Polycythemia vera 

(n=4) 

Primary myelofibrosis 

(n=4) 

Normal control 

(n=4) 

WT JAK2 WT JAK2 WT JAK2 WT JAK2 

 

Number of patients, n (%) 

 

- 

 

4 (100%) 

 

- 

 

4 (100%) 

 

1 (25%) 

 

3 (75%) 

 

4 (100%) 

 

- 

 

Splenomegaly, n (%) 

       

None 

 

- 

 

4 (100%) 

 

- 

 

4 (100%) 

 

- 

 

- 

 

4 (100%) 

 

- 

       

< 12cm 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

             

12-15cm 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

       

> 15cm 

 

- 

 

- 

 

- 

 

- 

 

1 (25%) 

 

3 (75%) 

 

- 

 

- 

 

Hepatomegaly, n (%) 

 

- 

 

1 (25%) 

 

- 

 

1 (25%) 

 

1 (25%) 

 

2 (50%) 

 

- 

 

- 

 

Constitutional symptoms, n (%) 

 

- 

 

2 (50%) 

 

- 

 

2 (50%) 

 

1 (25%) 

 

2 (50%) 

 

- 

 

- 

 

Major thrombotic event, n (%) 

 

- 

 

2 (50%) 

 

- 

 

1 (25%) 

 

- 

 

- 

 

- 

 

- 

 

Major bleeding event, n (%) 

 

 

- 

 

1 (25%) 

 

- 

 

1 (25%) 

 

- 

 

- 

 

- 

 

- 

 
Table 3-6.  Clinical features of the 12 MPN (4 PV, 4 ET and 4 PMF)  patients and 4 normal controls in the Validation cohort according to their 

JAK2 V617F mutational status (JAK2=JAK2 V617F mutation; WT=wild-type for the JAK2 V617F mutation). 
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patient. Three patients (2 ET and 1 PV) developed thrombosis and 2 patients (1 ET and 1 PV) 

developed bleeding. Neither complication was found to be statistically significant (p=0.211 and 

p=0.515 respectively). Splenomegaly, hepatomegaly, constitutional symptoms, thrombosis and 

bleeding were more common in JAK2-positive patients although none were not found to be 

statistically significant (p>0.05). 

 

3.3.3.4  Treatment at diagnosis 

Tables 3.7 and 3.8 show the treatment of the patients in relation to their JAK2 V617F mutational 

status for the Patient and Validation cohorts respectively.  

 

In the Patient cohort (Table 3.7), 22 of the 29 (75.9%) patients were treated with hydroxyurea at 

the time of diagnosis. Of the 22 treated patients, there were 9 ET, 8 PV and 5 PMF patients. All 

the patients were JAK2-positive except 3 patients (2 ET and 1 PMF) who were wild-type for JAK2. 

Other treatments received by the patients include venesection (1 PV), hydroxyurea with 

venesection (2 PV), interferon (1 ET), danazol (1 PMF), thalidomide and prednisolone (1 PMF). 

All these patients were JAK2 -positive.  

 

In the Validation cohort (Table 3.8), 9 of the 12 (75%) patients were treated with hydroxyurea at 

the time of diagnosis. Of the 9 treated patients, there were 3 ET, 3 PV and 3 PMF patients. All the 

patients were JAK2-positive except 1 PMF patient who was wild-type for JAK2 mutation. The 

other treatment was thalidomide with prednisolone received by 1 PMF patient who was JAK2-

positive. 

 



199 

 

 

 Essential thrombocythemia 

(n=11) 

Polycythemia vera 

(n=11) 

Primary myelofibrosis 

(n=7) 

Normal control 

(n=11) 

WT JAK2 WT JAK2 WT JAK2 WT JAK2 

 

Number of patients, n (%) 

 

3 (27.3%) 

 

8 (72.7%) 

 

- 

 

11 (100%) 

 

1 (14.3%) 

 

6 (85.7%) 

 

11 (100%) 

 

- 

 

No treatment, n (%) 

 

1 (9.1%) 

 

- 

 

- 

 

- 

 

- 

 

- 

 

11 (100%) 

 

- 

 

Venesection, n (%) 

 

- 

 

- 

 

- 

 

1 (9.1%) 

 

- 

 

- 

 

- 

 

- 

 

HU, n (%) 

 

2 (18.2%) 

 

7 (63.6%) 

 

- 

 

8 (72.7%) 

 

1 (14.3%) 

 

4 (57.1%) 

 

- 

 

- 

 

Anagrelide, n (%) 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

Interferon, n (%) 

 

- 

 

1 (9.1%) 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

HU + Venesection, n (%) 

 

- 

 

- 

 

- 

 

2 (18.2%) 

 

- 

 

- 

 

- 

 

- 

 

HU + Anagrelide, n (%) 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

Thalidomide + Prednisolone, n (%) 

 

- 

 

- 

 

- 

 

- 

 

- 

 

1 (14.3%) 

 

- 

 

- 

 

Danazol, n (%) 

 

- 

 

- 

 

- 

 

- 

 

- 

 

1 (14.3%) 

 

- 

 

- 

 
Table 3-7.  Treatment of the 29 MPN (11 PV, 11 ET and 7 PMF)  patients and 11 normal controls in the Patient cohort according to their JAK2 

V617F mutational status (JAK2=JAK2 V617F mutation; WT=wild-type for the JAK2 V617F mutation; HU=Hydroxyurea). 
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 Essential thrombocythemia 

(n=4) 

Polycythemia vera 

(n=4) 

Primary myelofibrosis 

(n=4) 

Normal control 

(n=4) 

WT JAK2 WT JAK2 WT JAK2 WT JAK2 

 

Number of patients, n (%) 

 

- 

 

4 (100%) 

 

- 

 

4 (100%) 

 

1 (25%) 

 

3 (75%) 

 

4 (100%) 

 

- 

 

No treatment, n (%) 

 

- 

 

1 (25%) 

 

- 

 

1 (25%) 

 

- 

 

- 

 

4 (100%) 

 

- 

 

Venesection, n (%) 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

HU, n (%) 

 

- 

 

3 (75%) 

 

- 

 

3 (75%) 

 

1 (25%) 

 

2 (50%) 

 

- 

 

- 

 

Anagrelide, n (%) 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

Interferon, n (%) 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

HU + Venesection, n (%) 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

HU + Anagrelide, n (%) 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

Thalidomide + Prednisolone, n (%) 

 

- 

 

- 

 

- 

 

- 

 

- 

 

1 (25%) 

 

- 

 

- 

 

Danazol, n (%) 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 
Table 3-8.  Treatment of the 12 MPN (4 PV, 4 ET and 4 PMF) patients and 4 normal controls in the Validation cohort according to their JAK2 

V617F mutational status (JAK2=JAK2 V617F mutation; WT=wild-type for the JAK2 V617F mutation; HU=Hydroxyurea). 
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3.3.3.5  IPSS and DIPSS-plus scores 

Tables 3.9 and 3.10 show the IPSS and DIPSS-plus scores of the patients in relation to their JAK2 

V617F mutational status for the Patient and Validation cohorts respectively. IPSS and DIPSS-plus 

scores were only done for the PMF patients. Four of the 7 patients in the Patient cohort were in the 

Validation cohort as well. 

 

In the Patient cohort, all the patients had at least intermediate IPSS and DIPSS-plus scores. Three 

of 7 (42.9%) PMF patients had DIPSS-plus scores of INT-2 and 2 of 7 (28.6%) patients had high 

DIPSS-plus scores, both of whom were JAK2-positive. 

 

In the Validation cohort, all the patients also had at least intermediate IPSS and DIPSS-plus scores. 

Three of 4 (75%) PMF patients had DIPSS-plus scores of INT-2 and 1 of 4 (25%) patients had 

high DIPSS-plus score and was JAK2-positive.  

 

3.3.3.6  Risk factors at presentation 

Tables 3.11 and 3.12 show the risk factors at presentation of the patient and validation cohorts. In 

both cohorts, all the ET and PV patients with previous thrombosis were JAK2-positive. Half of the 

JAK2-positive PV patients in the Patient cohort had previous thrombosis. The majority of the 

patients in both cohorts possess ≥1 cardiovascular risk factors at presentation, most of whom were 

JAK2-positive and suffered from hypertension. 
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 Essential thrombocythemia 

(n=11) 

Polycythemia vera 

(n=11) 

Primary myelofibrosis 

(n=7) 

Normal control 

(n=11) 

WT JAK2 WT JAK2 WT JAK2 WT JAK2 

 

Number of patients, n (%) 

 

3 (27.3%) 

 

8 (72.7%) 

 

- 

 

11 (100%) 

 

1 (14.3%) 

 

6 (85.7%) 

 

11 (14.3%) 

 

6 (85.7%) 

 

IPSS scores 

 

       

Low  

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

       

INT-1 

 

- 

 

- 

 

- 

 

- 

 

- 

 

1 (14.3%) 

 

- 

 

- 

             

INT-2 

 

- 

 

- 

 

- 

 

- 

 

- 

 

4 (57.1%) 

 

- 

 

- 

       

High 

 

- 

 

- 

 

- 

 

- 

 

1 (14.3%) 

 

1 (14.3%) 

 

- 

 

- 

 

DIPSS-plus scores 

       

Low  

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

       

INT-1 

 

- 

 

- 

 

- 

 

- 

 

- 

 

2 (28.6%) 

 

- 

 

- 

        

INT-2 

 

- 

 

- 

 

- 

 

- 

 

1 (14.3%) 

 

2 (28.6%) 

 

- 

 

- 

       

High 

 

- 

 

- 

 

- 

 

- 

 

- 

 

2 (28.6%) 

 

- 

 

- 

 
Table 3-9.    IPSS and DIPSS-plus scores of the 7 PMF in the Patient cohort according to their JAK2 V617F mutational status (JAK2=JAK2 

V617F mutation; WT=wild-type for the JAK2 V617F mutation; IPSS=International Prognostic Scoring System; DIPSS-plus=Dynamic 

International Prognostic Plus Scoring System; INT-1=Intermediate-1; INT-2=Intermediate-2). 
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 Essential thrombocythemia 

(n=4) 

Polycythemia vera 

(n=4) 

Primary myelofibrosis 

(n=4) 

Normal control 

(n=4) 

WT JAK2 WT JAK2 WT JAK2 WT JAK2 

 

Number of patients, n (%) 

 

- 

 

4 (100%) 

 

- 

 

4 (100%) 

 

1 (25%) 

 

3 (75%) 

 

4 (100%) 

 

- 

 

IPSS scores 

 

       

Low  

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

       

INT-1 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

             

INT-2 

 

- 

 

- 

 

- 

 

- 

 

- 

 

2 (50%) 

 

- 

 

- 

       

High 

 

- 

 

- 

 

- 

 

- 

 

1 (25%) 

 

1 (25%) 

 

- 

 

- 

 

DIPSS-plus scores 

       

Low  

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

       

INT-1 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

        

INT-2 

 

- 

 

- 

 

- 

 

- 

 

1 (25%) 

 

2 (50%) 

 

- 

 

- 

       

High 

 

- 

 

- 

 

- 

 

- 

 

- 

 

1 (25%) 

 

- 

 

- 

 
Table 3-10.    IPSS and DIPSS-plus scores of the 4 PMF in the Validation cohort according to their JAK2 V617F mutational status (JAK2=JAK2 

V617F mutation; WT=wild-type for the JAK2 V617F mutation; IPSS=International Prognostic Scoring System; DIPSS-plus=Dynamic 

International Prognostic Plus Scoring System; INT-1=Intermediate-1; INT-2=Intermediate-2). 

 

 



204 

 

 

 

 

 
 Essential thrombocythemia 

(n=11) 

Polycythemia vera 

               (n=11) 

Primary myelofibrosis 

            (n=7) 

Normal control 

(n=11) 

WT JAK2 WT JAK2 WT JAK2 WT JAK2 

 

Number of patients, n (%) 

 

3 (27.3%) 

 

8 (72.7%) 

 

- 

 

11 (100%) 

 

1 (14.3%) 

 

6 (85.7%) 

 

11 (100%) 

 

- 

 

Age > 65 years, n (%) 

 

1 (9.1%) 

 

4 (36.4%) 

 

- 

 

5 (45.5%) 

 

- 

 

4 (57.1%) 

 

3 (27.3%) 

 

- 

 

Previous thrombosis, n (%) 

 

- 

 

2 (18.2%) 

 

- 

 

5 (45.5%) 

 

- 

 

- 

 

- 

 

- 

 

CVS risk factors, n (%) 

 

3 (27.3%) 

 

5 (45.5%) 

 

- 

 

11 (100%) 

 

- 

 

5 (71.4%) 

 

9 (81.8%) 

 

- 

 

Family history of CVS disease, n (%) 

 

2 (18.2%) 

 

2 (18.2%) 

 

- 

 

3 (27.3%) 

 

- 

 

- 

 

5 (45.5%) 

 

- 

 

Hypertension, n (%) 

 

1 (9.1%) 

 

2 (18.2%) 

 

- 

 

8 (72.7%) 

 

- 

 

1 (14.3%) 

 

3 (27.3%) 

 

- 

 

Hypercholesterolaemia, n (%) 

 

1 (9.1%) 

 

1 (9.1%) 

 

- 

 

5 (45.5%) 

 

- 

 

1 (14.3%) 

 

6 (54.5%) 

 

- 

 

Diabetes mellitus, n (%) 

 

1 (9.1%) 

 

1 (9.1%) 

 

- 

 

1 (9.1%) 

 

- 

 

1 (14.3%) 

 

3 (27.3%) 

 

- 

 

Smoking history, n (%) 

 

1 (9.1%) 

 

2 (18.2%) 

 

- 

 

5 (45.5%) 

 

- 

 

4 (57.1%) 

 

3 (27.3%) 

 

- 

 

Obesity, n (%) 

 

- 

 

- 

 

- 

 

1 (9.1%) 

 

- 

 

- 

 

- 

 

- 

 
Table 3-11.  Risk factors at presentation of the 29 MPN (11 PV, 11 ET and 7 PMF) patients and 11 normal controls in the Patient cohort according 

to their JAK2 V617F mutational status (JAK2=JAK2 V617F mutation; WT=wild-type for the JAK2 V617F mutation; CVS=cardiovascular). 
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 Essential thrombocythemia 

(n=4) 

Polycythemia vera 

(n=4) 

Primary myelofibrosis 

(n=4) 

Normal control 

(n=4) 

WT JAK2 WT JAK2 WT JAK2 WT JAK2 

 

Number of patients, n (%) 

 

- 

 

4 (100%) 

 

- 

 

4 (100%) 

 

1 (25%) 

 

3 (75%) 

 

4 (100%) 

 

- 

 

Age > 65 years, n (%) 

 

- 

 

 2 (50%) 

 

- 

 

3 (75%) 

 

- 

 

2 (50%) 

 

3 (75%) 

 

- 

 

Previous thrombosis, n (%) 

 

- 

 

1 (25%) 

 

- 

 

- 

 

- 

 

- 

 

- 

 

- 

 

CVS risk factors, n (%) 

 

- 

 

4 (100%) 

 

- 

 

2 (50%) 

 

- 

 

3 (75%) 

 

4 (100%) 

 

- 

 

Family history of CVS disease, n (%) 

 

- 

 

3 (75%) 

 

- 

 

1 (25%) 

 

- 

 

- 

 

2 (50%) 

 

- 

 

Hypertension, n (%) 

 

- 

 

2 (50%) 

 

- 

 

2 (50%) 

 

- 

 

1 (25%) 

 

1 (25%) 

 

- 

 

Hypercholesterolaemia, n (%) 

 

- 

 

3 (75%) 

 

- 

 

2 (50%) 

 

- 

 

1 (25%) 

 

3 (75%) 

 

- 

 

Diabetes mellitus, n (%) 

 

- 

 

2 (50%) 

 

- 

 

1 (25%) 

 

- 

 

1 (25%) 

 

- 

 

- 

 

Smoking history, n (%) 

 

- 

 

2 (50%) 

 

- 

 

- 

 

- 

 

2 (50%) 

 

1 (25%) 

 

- 

 

Obesity, n (%) 

 

- 

 

- 

 

- 

 

1 (25%) 

 

- 

 

- 

 

- 

 

- 

 
Table 3-12.  Risk factors at presentation of the 12 MPN (4 PV, 4 ET and 4 PMF) patients and 4 normal controls in the Validation cohort according 

to their JAK2 V617F mutational status (JAK2=JAK2 V617F mutation; WT=wild-type for the JAK2 V617F mutation; CVS=cardiovascular). 
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3.4 DISCUSSION 

3.4.1 Quality of data 

The overall quality of the data in the Patient and Validation cohorts was good with only a few 

missing data points for EPO and ferritin. Although direct statistical comparison between the 

Patient and Validation cohort was not performed due to the small number of patients in each 

cohort, the descriptive data and statistical analyses performed on the various clinical parameters 

(i.e.  demographic data, blood results at diagnosis, clinical features, treatment at diagnosis, IPSS 

& DIPSS-plus scores, and risk factors at presentation) for the different disease subgroups and 

normal controls show similar clinical landscape for both the Patient and Validation cohorts and 

can be used subsequently to correlate with the genomic and epigenomic data obtained from the 

study.  

 

3.4.2 Demographic data 

In both the Patient and Validation cohorts, MPN was predominantly represented by older Malay 

men with a higher incidence of JAK2 positivity as compared to other studies (47-52) whereby 

JAK2 V617F mutation is detected in almost all the patients with PV and in 50% to 60% of those 

with ET.  

 

In the Patient cohort, there were more males compared to females in each disease subgroup but in 

the Validation cohort, there were more males only for PMF and an equal sex distribution for ET 

and PV. There was a predominance of Malay patients in all disease subgroups in the Patient and 

Validation cohorts except ET in the Patient cohort whereby there were more Chinese patients. 

Only one Indian ET patient was recruited into the study in the patient cohort. Although this may 
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represent the true epidemiological data of MPN patients in Malaysia, the result may be slightly 

skewed by the predominant Malay race in Malaysia and the small number of patients recruited into 

the study, especially in the Validation cohort. On the same note, the higher incidence of JAK2-

positivity may also be skewed by these factors. 

 

In both cohorts, the ET patients were the youngest and the PMF patients were the oldest regardless 

of their JAK2 status. The order of the age at which these patients present may represent a 

continuum of the severity of the 3 diseases with ET being the mildest, followed by PV and finally 

PMF. Interestingly, however, there was a young 36 year old JAK2-negative PMF patient in both 

cohorts who presented with anaemia (Hb 10g/dL), leukocytosis (15 x 109/L), thrombocytosis 

(platelet 770 x 109/L), circulating blasts >1%, gross splenomegaly, hepatomegaly and 

constitutional symptoms (DIPSS-plus score of INT-2). This patient was subsequently found to 

harbor the Type 1 CALR mutation with a 52-bp deletion (p.L367fs*46) by the MPN panel which 

will be discussed in sections 4.3.3 and 4.4.4. 

 

3.4.3 Blood results at diagnosis 

As expected, haemoglobin and haematocrit levels were significantly higher in PV patients and 

platelet counts were significantly higher in ET patients in both Patient and Validation cohorts.   

 

In keeping with other studies (17, 59), JAK2-positive MPN were associated with more abnormal 

blood results. JAK2-positive PV and PMF patients had significantly higher white cell and 

neutrophil counts in both Patient and Validation cohorts. White cell and eosinophil counts were 

also significantly elevated in the Patient and Validation cohorts respectively. JAK2-positive ET 
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patients had significantly higher platelet counts as compared to their wild-type counterparts in the 

Patient cohort.  

 

The only JAK2-CALR+ 36-year old PMF patient discussed earlier had a higher platelet count as 

compared to the median platelet count of the JAK2-positive PMF patients. This is also in keeping 

with other studies whereby JAK2-CALR+ PMF patients also presented with younger age and 

higher platelet counts (60). 

 

3.4.4 Clinical features 

Splenomegaly and constitutional symptoms were very common clinical features in both the Patient 

and Validation cohorts. The size of the spleen was largest (>15cm) in the PV and majority of the 

PMF patients, and often associated with hepatomegaly. All the patients with hepatosplenomegaly 

in both cohorts were JAK2-positive except the young PMF patient discussed earlier.  In contrast 

to hepatosplenomegaly, thrombosis occurred mainly in ET and PV patients, all of whom were 

JAK2-positive. Bleeding occurred mainly in ET patients in both cohorts. 

 

In keeping with other studies (47-52, 59), JAK2-positivity was more commonly associated with 

hepatosplenomegaly, constitutional symptoms, thrombosis and bleeding in both cohorts. However 

in this study, only splenomegaly, constitutional symptoms and thrombosis were found to be 

significantly more common in JAK2-positive patients in the Patient cohort.  
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3.4.5 Treatment at diagnosis 

Blood sampling for most of the patients was done either prior to treatment or shortly after 

commencing treatment. Most of the patients were treated with hydroxyurea in both cohorts. While 

some of the patients were also treated with other drugs, none of the patients were treated with JAK 

inhibitors. Hydroxyurea is the most commonly available and affordable drug in Malaysia and is 

usually well tolerated. It was therefore the first line treatment given to MPN patients by the various 

hospitals involved in the study.  

 

3.4.6 IPSS and DIPSS-plus scores 

The PMF patients recruited in this study had moderate/severe clinical phenotypes with 

intermediate to high IPSS and DIPSS-plus scores. With the small number of patients studied, it is 

difficult to deduce whether this is due to more severe genetic/epigenetic constitution or late 

presentations. Further studies are required to elucidate this further.  

 

3.4.7 Risk factors at presentation 

In keeping with other studies (47-52, 59), JAK2-positivity was also more commonly associated 

with patients with previous thrombosis in both cohorts. As cardiovascular risk factors, in particular 

hypertension, were commonly found in MPN patients, it is imperative that these risk factors are 

regularly screened and managed accordingly in order to reduce the risk of thrombosis and other 

complications. 

 

Overall, the clinical landscape of MPN patients in Malaysia is in keeping with the data from 

other studies and is therefore suitable for the detection and validation process.  
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Chapter 4 

MPN PANEL 
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4.1 INTRODUCTION 

Although a large number of genes have now been implicated in the pathogenesis of MPN, their 

relative importance, the mechanisms by which they cause different cells to predominate and their 

implications for prognosis remain unknown. The second part of the study is to investigate a panel 

of genetic mutations shown to be associated with MPN (Table 4.1) in order to identify driver 

mutations and novel variants, to determine their relative importance to pathogenesis and to predict 

survival in patients with MPN.  

 

4.1.1 Aims 

The aims of the study were to: 

1) Perform targeted next generation sequencing of a panel of 26 MPN-related genes on 

different MPN subgroups (ET, PV and PMF) and normal controls. 

2) Perform targeted next generation sequencing on different cell types (PMN, MNC and T 

cells) to identify and distinguish germline/somatic mutations/variants in MPN. 

3) Identify driver mutations and novel variants in MPN. 

4) Study the relationship between the mutations/variants in the MPN panel and JAK2 V617F 

mutation. 

5) Study the correlation between the MPN panel genotype and the clinical phenotype. 

 

6) Identify patients with mutations which are associated with more severe clinical phenotypes 

within each subgroup who may benefit from future targeted therapy. 
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MPN PANEL 

 Gene  Exon    Gene   Exon 

 ASXL1  4, 12     KRAS   2-4 

 ATRX  9    MPL   10 

 BRAF  15    NRAS   2, 3 

 CALR  9    PDGFRA   18 

 CBL  8, 9    PHF6   9 

 CHEK2  5, 7, 10    RUNX1   4-6 

 CSF3R  14    SETBP1   4 

 DNMT3A  14, 16-19, 23    SF3B1   13-15 

 EZH2  9, 16, 18, 19, 20    SH2B3   2 

 IDH1  4    SRSF2   1 

 IDH2  4    TET2   3, 6, 7, 11 

 JAK2  12-15    TP53   4-8 

 KIT  2, 17    U2AF1   2, 6 
 

 

Table 4-1. List of the 26 MPN-related genes and the exons which were sequenced using Iontorrent 

Personal Genome Machine (PGM™) System and the Ion Ampliseq™ targeting platform. 
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4.2 MATERIALS AND METHODS 

4.2.1 Patient cohort 

Only the DNA samples from the Patient cohort were processed. Due to time and financial 

constraints, the Validation cohort was not processed. 

 

4.2.2 Performance of targeted NGS  

Targeted NGS on a panel of 26 MPN-related genes (Table 4.1) was performed on the DNA 

samples from 3 different cell types (PMN, MNC and T cells) of the 29 patients (11 ET, 11 PV and 

7 PMF) and 3 normal controls in the Patient cohort using the Ion PGM™ Sequencing 200 Kit v2 

with the Ion PGM™ System and Ion 316™ chips in 4 different batches.  

 

As explained in section 2.6, although there was good coverage over the CALR exon 9 region 

mapping the MPN-related deletions and insertion variants, the coverage was achieved through a 

pair of overlapping amplicons. The region of overlap for the CALR primers coincided with the 

52bp c.1092_1143del p.L367fs*46 variant most commonly associated with MPN, making reliable 

calling of this event problematic. A separate PCR-based validation assay for the CALR mutation 

was performed on samples which were suspected to have the mutation from the panel results. 

 

4.2.3 Data analysis  

Quality control was initially performed on the raw data generated. TorrentSuite v4.2 was used for 

sequence analysis of libraries prepared with Ion AmpliSeq™ Primer Pools. Results generated from 

the MPN panels were then correlated with clinical phenotype. 
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4.3 RESULTS 

4.3.1 Sample details 

A total of 96 (i.e. 32 x 3 cell types) DNA samples of the 29 patients (11 ET, 11 PV, and 7 PMF) 

and 3 normal controls were processed (Table 4.2). 

 

4.3.2  Quality of raw data 

All samples passed QC in TorrentSuite (Table 4.3) and were used for downstream data analysis 

(Table 4.4). 

 

4.3.3   MPN panel   

Tables 4.5 to 4.9 show the results of the MPN panels for the Patient cohort. Table 4.5 shows a 

summary of the different mutations and variants detected in the study. Detailed reports of the 

mutations and variants detected for individual patients for ET, PV, PMF and normal controls are 

shown in Tables 4.6, 4.7, 4.8 and 4.9 respectively. 
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Patient cohort 

 

       

Datasets 

 

ET 
 

 

PV 
 

 

PMF 

 

NC 

 

Total 

Clinical phenotypes 
 

11 11 7 11 40 

MPN panel1 

 

11 11 7 3 32 

Gene Expression2 

 

11 11 7 (+4) 11 44 

Methylation1 

 

11 (+1) 11 (+1) 7 (+1) 11 (+1) 44 

 

 

Validation cohort 

 

       

Datasets 

 

ET 
 

 

PV 
 

 

PMF 

 

NC 

 

Total 

Clinical phenotypes 
 

4 4 4 4 16 

MPN panel1 

 

- - - - - 

Gene Expression2 

 

4 4 4 4 16 

Methylation1 

 

4 4 4 4 16 

 

(  ) technical replicate  

1   DNA sample 

2   RNA sample   

 

Table 4-2. Details of the number of samples which were processed for each disease subtype and 

clinical phenotypes of the patients. 
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        QUALITY CONTROL  

 ET PV MF NC 

No. of patients 11 11 7 3 

No. of samples 33 33 21 9 

Pass 33(100%) 33(100%) 21(100%) 9(100%) 

Low Call - - - - 

Sample mix-up - - - - 

 

 

 

Table 4-3. Quality control of the 26 MPN-related genes and the exons which were sequenced using 

Iontorrent Personal Genome Machine (PGM™) System and the Ion Ampliseq™ targeting platform. 
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Patient cohort 

 

       

Datasets 

 

ET 
 

 

PV 
 

 

PMF 

 

NC 

 

Total 

Clinical phenotypes 
 

11 11 7 11 40 

MPN panel1 

 

11 11 7 3 32 

Gene Expression2 

 

10 11 7 (+3) 11 42 

Methylation1 

 

11 11 7 (+1) 11 (+1) 42 

 

 

Validation cohort 

 

       

Datasets 

 

ET 
 

 

PV 
 

 

PMF 

 

NC 

 

Total 

Clinical phenotypes 
 

4 4 4 4 16 

MPN panel1 

 

- - - - - 

Gene Expression2 

 

4 4 4 4 16 

Methylation1 

 

4 4 4 4 16 

 

(  ) technical replicate  

1   DNA sample 

2   RNA sample   

 

Table 4-4. Details of the number of samples and clinical phenotypes of the patients which were 

used for downstream data analysis. 
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        SUMMARY OF VARIANTS   
 

Gene Base 
ET 

(n=11) 
PV 

(n=11) 
PMF 
(n=7) 

NC 
(n=3) 

1 JAK2 c.1849G>T 7 11 6 - 

2 MPL c.1543_1544TG>GC 1 - - - 

3 CALR  C1092_1143del 1 - 1 - 

  c.1213_1215delGAG - 1 - - 

4 TET2 C3083T>G 1 1 - - 

   c.2926C>T 1 - - - 

  c.3646C>T 1 - -  

  c.3247C>T - 1 - - 

  c.2884C>T - 1 - - 

  c.278G>A - 1   

  c.1754C>G - - 1  

5 SF3B1 c.2230G>C 1 - - - 

6 SH2B3 c.107C>A 1 - - - 

7 TP53 c.1037A>G 1 - - - 

8 CHEK2 c.671G>A 1 - - - 

  c.661G>T 1 - 1 - 

9 CBL c.1150T>C - 1 - - 

10 DNMT3A c.1640T>G - 1 - - 

  c.2207G>A - 1 - - 

  c.1966C>T - - 1 - 

11 ASXL1 
c.1888-1910delCACCAC 
TGCCATAGAGAGGCGGC 

- - 1 - 

12 RUNX1 C.608C>G - - 1 - 

13 U2AF1 c.101C>T - - 1 - 

14 ATRX c.524G>C - - - 2 
 

Table 4-5.  Summary of genetic mutations and variants detected using the MPN panel.  

Novel variants are highlighted in pink boxes. 
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             ESSENTIAL THROMBOCYTHEMIA   
 

 
 

Patient 

Variants 
% Allele Frequency  

by cell type 

Gene Base Codon PMN MNC T cell 

1 JAK2 c.1849G>T p.Val617Phe 45.6 20.3 1 

2 JAK2 c.1849G>T p.Val617Phe 23.3 6 2 

3 JAK2 c.1849G>T p.Val617Phe 96.2 16.4 1 

4 JAK2 c.1849G>T p.Val617Phe 31.4 18.1 3 

5 JAK2 c.1849G>T p.Val617Phe 51.1 23.8 8.1 

6 JAK2 c.1849G>T p.Val617Phe 22.2 8.8 3.9 

 CHEK2 c.671G>A p.Arg224His 49.7 49.1 46.5 

7 JAK2 c.1849G>T p.Val617Phe 22.2 8.8 3.9 

 TP53 c.1037A>G p.Glu346Gly 17.9 37.8 13 

 CHEK2 c.661G>T p.Gly221* 4.8 - - 

 SF3B1 c.2230G>C p.Ala774Pro 4.9 - - 

 TET2 c.3083T>G p.Met1028Arg 10.9 17 6.8 

8 TET2 c.2926C>T p.Gln976* 47.9 19.8 12.9 

 CALR c.1092_1143del p.L367fs*46 ++ + (+) 

9 MPL c.1543_1544TG>GC p.Trp515Ala 27 36 2 

 TET2 c.3646C>T p.Arg1216* 20 18.9 - 

10 SH2B3 c.107C>A p.Ala36Glu 50.2 47 51.5 

11 - - - - - - 
 

           

          Table 4-6.  List of genetic mutations and variants detected in ET patients.  

Novel variants are highlighted in pink boxes. 
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POLYCYTHAEMIA VERA 

 
 
 

Patient 

Variants 
% Allele Frequency  

by cell type 

Gene Base Codon PMN MNC T cell 

1 JAK2 c.1849G>T p.Val617Phe 60.2 12.2 - 

2 JAK2 c.1849G>T p.Val617Phe 31.6 5.9 6.5 

3 JAK2 c.1849G>T p.Val617Phe 98.7 38.7 - 

4 JAK2 c.1849G>T p.Val617Phe 66 21.5 - 

5 JAK2 c.1849G>T p.Val617Phe 82.3 15.2 - 

6 JAK2 c.1849G>T p.Val617Phe 48.4 11.4 - 

7 JAK2 c.1849G>T p.Val617Phe 89.5 24.7 - 

 DNMT3A c.1640T>G p.Leu547Arg 49.8 35.5 24.7 

8 JAK2 c.1849G>T p.Val617Phe 67.9 9.1 - 

 DNMT3A c.2207G>A p.Arg736His 9.2 6.6 - 

 TET2 c.3247C>T p.Gln1083* 6.2 - - 

9 JAK2 c.1849G>T p.Val617Phe 43.4 16.3 - 

 TET2 c.2884C>T p.Q962* 14 7.1 - 

10 JAK2 c.1849G>T p.Val617Phe 96.6 27.4 - 

 CALR c.1213_1215delGAG p.E405del 43.8 55.6 49.6 

11 JAK2 c.1849G>T p.Val617Phe 54.9 29 9.8 

 CBL c.1150T>C p.Cys384Arg 2 4.2 - 

 TET2 c.278G>A p.Gly93Glu 6.7 - - 

 TET2 c.3083T>G p.Met1028Arg 10.7 - - 
 

           

Table 4-7.  List of genetic mutations and variants detected in PV patients.  

Novel variants are highlighted in pink boxes. 
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PRIMARY MYELOFIBROSIS 

 
 
 

Patient 

Variants 
% Allele Frequency  

by cell type 

Gene Base Codon PMN MNC T cell 

1 JAK2 c.1849G>T p.Val617Phe 97.1 70.4 4.4 

2 JAK2 c.1849G>T p.Val617Phe 85.7 39.4 1 

3 JAK2 c.1849G>T p.Val617Phe 97 62.3 3 

 U2AF1 c.101C>T p.Ser34Phe 48.1 32.4 - 

4 JAK2 c.1849G>T p.Val617Phe 48.9 11.9 - 

 CHEK2 c.661G>T p.Gly221* - - 3.1 

5 JAK2 c.1849G>T p.Val617Phe 97.4 51.8 15.7 

 ASXL1 
c.1888_1910delCACCAC 
TGCCATAGAGAGGCGGC 
 
TGCCATAGAGAGGCGGC 

p.Glu635fs*15 17.4 10 - 

 DNMT3A C.1966C>T p.Gln656* 75 41 - 

6 JAK2 c.1849G>T p.Val617Phe 100 58.8 10.7 

 TET2 c.1754C>G p.Ser585* 49 28.2 4.6 

 RUNX1 C.608C>G p.Pro203Arg 6 3.3 1 

7 CALR c.1092_1143del p.L367fs*46 +++ +++ (+) 
 

 

          Table 4-8.  List of genetic mutations and variants detected in PMF patients.  

Novel variants are highlighted in pink boxes. 
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NORMAL CONTROL 

 
 
 

Patient 

Variants 
% Allele Frequency  

by cell type 

Gene Base Codon PMN MNC T cell 

1 ATRX c.524G>C p.Gly175Ala - 4.6 6.7 

2 ATRX c.524G>C p.Gly175Ala - 4.2 - 

3 - - - - - - 
 

 

 

                 Table 4-9. List of genetic mutations and variants detected in normal controls. 
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4.3.3.1 Summary of mutations and variants 

Twenty-four of 29 (82.8%) patients harbored the JAK2 V617F mutation which was detected in 7 

(63.6%) ET, 11 (100%) PV and 6 (85.7%) PMF patients (Table 4.5). MPL exon 10 mutation was 

only detected in 1 (9.1%) ET patient. CALR mutation was detected in 1 (9.1%) ET, 1 (9.1%) PV 

and 1 (14.3%) PMF patient. 7 different TET2 variants were detected, 5 of which were novel 

(highlighted in pink in Table 4.5). The other potentially pathogenic variants involved the ASXL1, 

CBL, CHEK2, DNMT3A, RUNX1, SF3B1, SH2B3, TP53, and U2AF1 genes. Novel variants were 

found in 4 of these genes: CHEK2, DNMT3A, RUNX1 and SF3B1 genes (highlighted in pink in 

Table 4.5). 

 

4.3.3.2 JAK2-positive patients 

The allelic frequency of JAK2 V617F mutation was highest in PMF (Table 4.8) with >50% of 

patients with >85% allelic frequencies in PMN. Eleven of the 24 JAK2 V617F positive patients (2 

ET, 5 PV and 4 PMF) also harbored potentially pathogenic variants involving the ASXL1, CALR, 

CBL, CHEK2, DNMT3A, TET2, U2AF1, RUNX1, SF3B1 and TP53 genes (Tables 4.6 to 4.8). One 

PV patient harbored both JAK2 V617F and CALR mutations. The CALR mutation was thought to 

be germline as it was detected in all cell types at approximately 50% allelic frequency (Table 4.7). 

In patients who were found to have both JAK2 V617F mutation and a TET2 variant (1 ET, 3 PV 

and 1 PMF), the allelic frequencies of the TET2 variants were significantly lower than the JAK2 

V617F mutations. Conversely, in 1 ET patient with high TET2 allelic frequency (47.9% in PMN 

in patient 8), JAK2 V617F mutation was not detected (Table 4.6).  
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4.3.3.3  JAK2-negative patients 

Four ET and 1 PMF patients did not harbor the JAK2 V617F mutation. Three of the 4 JAK2-

negative ET patients harbored other potentially pathogenic variants involving the CALR, MPL 

exon 10, SH2B3 and TET2 genes. No mutation was detected in the remaining JAK2-negative ET 

patient. The only JAK2-negative PMF patient harbored the CALR mutation.  

 

4.3.3.4  Novel somatic and germline variants 

All the novel variants, involving the CHEK2, DNMT3A, RUNX1, SF3B1 and TET2 genes, were 

somatic (detected predominantly in the PMN) except one of the two CHEK2 variants which was 

germline as it was detected in all 3 cell types (PMN, MNC and T cell) in 1 JAK2-positive ET 

patient at approximately 50% allele frequency (Table 4.6).  

 

4.3.3.5  Allelic burden of somatic mutations and variants in different cell types 

A similar spectrum of genetic mutations and variants were found in PMN and MNC, usually at a 

lower frequency in MNC. Some variants involving the CHEK2, SF3B1 and TET2 genes were only 

detected in PMN but at very low allelic frequencies. Interestingly, 2 normal controls harbored an 

ATRX variant detected in the MNC and T cells but at very low allelic frequencies of <10%. Somatic 

mutations were absent or detected at very low frequencies in T cells. One of the 7 JAK2-positive 

ET patients harbored 4 somatic variants in CHEK2, SF3B1, TET2 and TP53 genes (Table 4.6), 

with the highest allelic frequencies in the PMN for 2 variants (CHEK2 and SF3B1) and MNC for 

the other 2 variants (TET2 and TP53).  In the JAK2-negative ET patient (Patient 9) who harbored 

the MPL exon 10 mutation, the allelic burden was slightly higher in the MNC (36%) as compared 

to the PMN (27%).  
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4.4 DISCUSSION 

4.4.1   Quality of raw data 

The overall quality of the raw data was very good. There were a few samples which were repeated 

once with satisfactory results. Also, as previously stated, a separate PCR-based validation assay 

for the CALR mutation had to be performed on samples which were suspected to have the 52bp 

c.1092_1143del p.L367fs*46 variant in the MPN panel due to problems with the design of the 

CALR primers. The results for the PCR-based validation assays for CALR mutation were 

satisfactory but were not fully quantitative.  

 

4.4.2   Frequencies of driver mutations in MPN  

JAK2 V617F was the commonest driver mutation detected in MPN patients in Malaysia. In ET, 9 

of 11 (81.8%) of patients had either JAK2 or CALR or MPL mutations. In PV, all the 11 patients 

(100%) were JAK2-positive. One patient had both JAK2 and a germline mutation in CALR. In 

PMF, all the 7 patients (100%) had either JAK2 or CALR mutations. JAK2 and CALR/MPL 

mutations were mutually exclusive in ET and PMF. These results are consistent with the 

frequencies of driver mutations found in other studies (43-45). Only two ET patients in the whole 

patient cohort did not harbor an established driver mutation. One of the 2 patients harbored a 

germline SH2B3 variant with an allelic frequency of around 50% in all 3 cells.  

 

4.4.3   JAK2-positive patients 

Nearly half of the JAK2-positive MPN patients also harbor other potentially pathogenic variants. 

The high allelic frequencies of JAK2 V617F found in PMF may account for the more severe 

clinical phenotypes seen in this disease subgroup. The 3 PMF patients who harbored the JAK2 
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V617F mutation in combination with ASXL1, DNMT3A, TET2, U2AF1 and RUNX1 variants 

presented with severe clinical phenotypes, with marked anaemia, elevated leucocyte counts, 

hyperferritinemia, massive splenomegaly of >15cm, hepatomegaly and debilitating constitutional 

symptoms. DIPSS-plus scores were intermediate-2 for 1 Chinese patient and high for 2 Malay 

patients who both died within 2 years from diagnosis. Interestingly, none of these 3 patients 

developed thrombosis. However, 5 patients (2 ET and 3 PV) in the study who developed 

thrombosis all had the JAK2 V617F mutation only. Three ET patients developed bleeding, 2 of 

whom had JAK2 V617F mutation alone and 1 had a combination of MPL exon 10 and a TET2 

variant.  

 

Although studies (44, 45) have shown that CALR mutation is almost exclusively found in JAK2-

negative ET and PMF patients, there was a patient with PV in this study who had both JAK2 V617F 

mutation and a germline CALR variant (p.E405del) which was detected in PMN, MNC and T cell 

at around 50% allelic frequencies. In a study by Lim et al (178), a high frequency of both classic 

and non-classic CALR exon 9 alterations was detected in JAK2-mutated ET patients by high-

resolution melting analysis. Further studies are warranted to determine the effect of somatic and 

germline CALR alterations on the clinical phenotypes of JAK2-positive MPN patients. 

 

It is interesting to observe the results in patients who harbored both JAK2 V617F and TET2 

variants. In this study, the allelic frequencies of TET2 variants in the 5 patients with both mutations 

were significantly lower, suggesting that this may be a secondary event. In contrast, JAK2 V617F 

mutation was not detected in the 1 ET patient with high TET2 allelic frequency. This is similar to 

the study by Ortmann et al (64) whereby the order in which JAK2 and TET2 mutations were 
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acquired was found to influence the clinical features, response to targeted therapy, biology of stem 

and progenitor cells, and clonal evolution in patients with MPN. It was postulated that at least three 

mechanisms that were not mutually exclusive may contribute to the influence of mutation order.  

Prior mutation of TET2 changed the transcriptional consequences of JAK2 V617F in a cell-intrinsic 

manner and prevented JAK2 V617F from up-regulating a proliferative program. In contrast, in 

patients with prior mutation of JAK2 V617F, haematopoietic stem and progenitor cells did not 

expand until acquisition of TET2 mutation, but they were able to generate increased numbers of 

megakaryocytic and erythroid cells. This was consistent with the early presentation of JAK2-first 

patients, since they have a more rapid generation of excess megakaryocytic and erythroid cells and 

abnormal blood counts. The frequency with which epigenetic regulators like TET2 are mutated in 

haematologic and non-haematologic cancers raises the possibility that mutation order influences 

the biology of many different cancers. 

 

4.4.4   JAK2-negative patients 

Four ET and 1 PMF patients were negative for JAK2 V617F mutation in the study. One of the 4 

JAK2–negative ET and the PMF patient harbored the Type 1 CALR mutation with 52-bp deletion 

(p.L367fs*46). In a study by Tefferi et al (63) involving 532 PMF patients with a median follow-

up of 3.4 years, patients with type 1/type 1-like CALR mutations were found to have significant 

survival advantage over patients with type 2/type 2-like CALR mutations and patients who were 

JAK2-positive.  

 

The Type 1 CALR-positive ET patient was a 58-year old Malay male who was found incidentally 

to have a platelet count of 2251 x 109/L when he presented to casualty with transient left-sided 
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abdominal pain associated with profuse sweating. The Type 1 CALR-positive PMF patient was the 

36-year old Malay lady who was mentioned earlier in section 3.4.2 with a DIPSS-plus score of 

INT-2. This lady did not harbor any other mutation/variant in the MPN panel. In contrast with this 

lady, the CALR-positive patient with ET also harbored a novel somatic TET2 variant with an allelic 

frequency of 47.9% in PMN, 19.8% in MNC and 12.9% in T cell. As described by Ortmann et al 

(64), it is conceivable that the TET2-mutated clone may be the initiating clone which has resulted 

in the selection of a more “benign” cellular pathway resulting in a conducive environment for the 

development of the CALR-mutated clone and resulted in a less severe clinical phenotype as 

compared to the lady with PMF. It is also possible that the TET2 variant may have modified the 

epigenetic profile of the haematopoietic stem cells and progenitor cells and thus alter the 

consequences of the second mutation in this way.  

 

4.4.5   Novel variants 

Half of the novel variants involved the TET2 gene and were found in 2 ET, 2 PV and 1 PMF 

patient. In all the TET2-positive cases, there were other mutations/variants present in the patients. 

The allelic frequencies of the TET2 variants were very low in the 3 patients who were JAK2-

positive and high in the patient who was JAK2-negative.  

 

As discussed in section 1.4.3.1, the TET2 family gene is the commonest mutation in MPN affecting 

epigenetic regulation in MPN with a frequency of between 12 to 17% (74). Further functional 

studies on bigger cohorts of patients are required to explore the novel TET2 and other variants 

found in this study and to determine their influence on the clinical phenotype of MPN patients. 
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4.4.6 Allelic burden of mutations and variants in different cell types 

The presence of high allelic burden in PMN and MNC and low allelic burden in T cells for the 

somatic mutations/variants is consistent with myeloid lineage being the predominant cell line 

involved in the pathogenesis of the disease. It has the benefit of making the T cells a good negative 

control for the somatic mutations/variants and identifying germline mutations. Further studies are 

required to explore the prevalence of somatic mutations/variants in different cell types, to 

determine the role of cell type differences in the diagnosis, pathogenesis, risk stratification and 

prognosis of the disease, and to determine the clonal evolution in MPN.  
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Chapter 5 

GENE EXPRESSION 
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5.1 INTRODUCTION 

A large number of genes have now been implicated in the pathogenesis of MPN but their relative 

importance, the mechanisms by which they cause different cell types to predominate and their 

implications for prognosis remain unknown. We hypothesized that there are other genes which 

may contribute to the pathogenesis of the different disease subtypes at a cell-type specific level. 

The third part of the study is to investigate whether there are any other genetic alterations, manifest 

as changes in gene expression and not present in the MPN panel, which can potentially contribute 

to the molecular pathogenesis of MPN. 

 

5.1.1 Aims 

The aims of this part of the study were to: 

1) Perform gene expression studies on different cell types (PMN, MNC and T cells) on 

>31,000 annotated genes with >47,000 probes on the Patient cohort using microarray. 

2) Perform Association analyses comparing different MPN subgroups (ET, PV and PMF) 

with normal controls using Partek® Genomics Suite® & 2 different pipelines in R. 

3) Perform Class Prediction analyses to predict different MPN subgroups (ET, PV and PMF) 

and normal controls using Partek® Genomics Suite®. 

4) Validate the results above by performing gene expression studies on the Validation cohort 

using whole-genome RNA-sequencing and combining with the microarray results using 

Partek® Genomics Suite®. 

5) Perform gene ontology (GO), GO enrichment studies & Pathway analyses on the 

microarray, RNA-seq and the validated differentially expressed gene lists. 
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5.2 MATERIALS AND METHODS 

5.2.1 Patient and validation cohorts 

Gene expression profiling was performed on the RNA samples using microarray on the Patient 

cohort and using RNA-seq on the Validation cohort. 

 

5.2.2 Microarray on Patient cohort 

5.2.2.1   Performance of microarray 

Using microarray, RNA samples from 3 cell types (PMN, MNC and T cells) of the 29 patients (11 

ET, 11 PV and 7 PMF) and 11 normal controls in the Patient cohort were processed on the Illumina 

Human HT-12 v4.0 Expression BeadChips. Due to difficulty in recruiting PMF patients, technical 

replicates from 4 PMF patients for all 3 cell types were used, making a total of 29 patients + 4 

technical replicates for PMF (11 ET, 11 PV and 11 PMF) and 11 normal controls (Table 5.1). 

 

5.2.2.2   Data analysis of microarray 

Quality control was initially performed on the raw data generated from the Illumina Human HT-

12 v4.0 Expression Beadchips in GenomeStudio. The QC passed data was subsequently analysed 

using 3 different methods as shown in the flow chart in Figure 5.1 and referred to as Analysis A, 

Analysis B and Analysis C hereafter: 

A) Partek® Genomics Suite® software, version 6.6 

B) Beadarray R package with and without Surrogate Variable Analysis (SVA) 

C) Beadarray R package  with chip ID (Wald test) 
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Patient cohort 

 

       

Datasets 

 

ET 
 

 

PV 
 

 

PMF 

 

NC 

 

Total 

Clinical phenotypes 
 

11 11 7 11 40 

MPN panel1 

 

11 11 7 3 32 

Gene Expression2 

 

11 11 7 (+4) 11 44 

Methylation1 

 

11 (+1) 11 (+1) 7 (+1) 11 (+1) 44 

 

 

Validation cohort 

 

       

Datasets 

 

ET 
 

 

PV 
 

 

PMF 

 

NC 

 

Total 

Clinical phenotypes 
 

4 4 4 4 16 

MPN panel1 

 

- - - - - 

Gene Expression2 

 

4 4 4 4 16 

Methylation1 

 

4 4 4 4 16 

 

( )        technical replicate 

1 DNA sample 

2 RNA sample 

 

Table 5-1. Details of the number of samples which were processed for each disease subtype and 

clinical phenotypes of the patients. 
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Figure 5-1. Flow chart showing the bioinformatic pipelines for gene expression data analyses. 
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A) Partek® Genomics Suite® software, version 6.6 (Partek Inc., USA)  

In the first method, background subtraction and log2 transformation were performed on the gene 

expression microarray data in GenomeStudio and subsequently imported via the Partek plug-in 

into a third party data processing software, Partek® Genomics Suite®, for further analysis. Each 

probe that has a detection p-value of less than 0.05, which represents significant detection over the 

background signal, was included for the next statistical analysis. Genes that had >0.05 detection 

p-value such that the signal is the same or less than background signal were filtered out. Statistical 

analysis in Partek Genomic Suite® consisted of the following steps (Figure 5.1): 

i) Data normalization (using Quantile Normalization method) 

ii) Quality control of samples  

iii) Identification of sources of variation & Batch correction 

iv) Statistical analysis - 5 interpretations (Table 5.2)  

v) Differentially expressed gene lists & Hierarchical clustering 

vi) GO, GO Enrichment & Pathway analyses of gene lists 

 

B) Beadarray R package with and without Surrogate Variable Analysis (SVA) 

In the second method, no background subtraction and no log2 transformation were performed on 

the gene expression microarray data in GenomeStudio.  Statistical analysis was then performed 

using the second method involved the following steps (Figure 5.1): 

i) Data normalization (using Quantile Normalization method) 

ii) Quality control of gene expression probes 

iii) Visualisation of data 

iv) Statistical analysis & Batch correction using SVA – 5 interpretations (Table 5.3) 
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        Table 5-2. Five different interpretations using Partek software  

(Association & Class Prediction analyses).    

 

           

   Table 5-3. Five different interpretations using R language (Association analyses). 
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v) Quantile-quantile (QQ) plots & Differentially expressed gene lists 

vi) GO, Functional classifications & Pathway analyes of gene lists 

 

C) Beadarray R package with chip ID (Wald test) 

There were some problems encountered with the second method (B) above wherein batch 

correction using SVA cannot be applied uniformly across the different interpretations because the 

number of samples in the study was too small. The pipeline was therefore modified in the third 

method whereby chip ID (Wald test) was used for batch correction. In this third method, no 

background subtraction and no log2 transformation were performed on the gene expression 

microarray data in GenomeStudio.  Statistical analysis performed using this third method (C) then 

involved the following steps (Figure 5.1): 

i) Data normalization (using Quantile Normalization method) 

ii) Quality control of gene expression probes 

iii) Visualisation of data 

iv) Statistical analysis & Batch correction using Chip ID – 5 interpretations (Table 5.3) 

v) QQ plots & Differentially expressed gene lists 

vi) GO, Functional classifications & Pathway analyses of gene lists 
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5.2.3   RNA-seq on Validation cohort 

5.2.3.1   Performance of RNA-seq 

Using next generation sequencing, RNA samples from 3 cell types (PMN, MNC and T cells) of 

the 12 patients (4 ET, 4 PV and 4 PMF) and 4 normal controls in the Validation cohort were 

processed using the Clontech/Nextera kit. Due to difficulty in recruiting PMF patients, RNA 

samples from 4 out of 7 PMF patients in the Patient cohort were processed in the Validation cohort 

(Table 5.1). 

 

5.2.3.2   Data analysis of RNA-seq 

RNA sequencing sample reads quality assessment was performed using FASTQC (version 0.11.2) 

and involved the following steps: 

i) Illumina adapter trimming  

ii) Quality score (Q20) trimming with a minimum length of 70bp. For reads which do not  

achieve the minimum length, the read and its pair will be discarded.  

iii) The paired-end reads were then aligned  against Human Genome version 37 (Hg19)  

reference genome (ftp://ftp.ensembl.org/pub/release-79/embl/homo_sapiens/)  

using TopHat (v2.0.11).   

 

Alignment files were then generated into bam format (binary format) and imported into 

Partek® Genomics Suite® software, version 6.6 Copyright ©; Partek Inc., St. Louis, MO, USA, for 

differential expression analysis. Statistical analysis was performed in Partek Genomic Suite® as 

shown in the flow chart in Figure 5.1 and consisted of the following steps: 

ftp://ftp.ensembl.org/pub/release-79/embl/homo_sapiens/
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i) Data normalization (using RPKM normalization method) 

ii) Quality control of samples  

iii) Identification of sources of variation & Batch correction 

iv) Statistical analysis - 5 interpretations (Table 5.2)  

v) Differentially expressed gene lists & Hierarchical clustering 

vi) GO, GO Enrichment & Pathway analyses  of gene lists 

 

5.2.4   Validation of gene expression results 

5.2.4.1   Validation procedure  

For the validation of the gene expression results, the significantly differentially expressed gene 

lists (p<0.05) from the 5 different interpretations of the Microarray (Patient cohort) and RNA-

seq (Validation cohort) datasets were combined for each interpretation and the common genes 

identified.  

 

5.2.4.2   Data analysis of common gene lists  

Common differentially expressed genes between the 2 datasets were studied and involved the 

following steps: 

i) Venn diagrams, gene lists, GO and GO enrichments: 

Venn diagrams of the differentially expressed gene lists from the 5 different 

interpretations of the Microarray and RNA-seq datasets were done. Common gene 

lists from the overlapping areas between the 2 datasets in the Venn diagrams were 

explored further by studying the gene ontologies of the most significantly differentially 

expressed genes and the GO enrichment of the common gene lists. 
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ii) Correlation between the Microarray and RNA-seq datasets for the common genes 

identified from the 5 different interpretations from the step above. This was performed 

using the following steps: 

1. The average intensity values of all the patients was calculated for each disease 

subgroup (ET, PV, PMF and NC) within the different cell types (PMN, MNC and 

T cells) for each gene in the common gene lists (obtained from the overlapping 

regions in the Venn diagrams) in the Microarray (Patient cohort) dataset: PMN 

ET, PMN PV, PMN PMF, PMN NC, MNC ET, MNC PV, MNC PMF, MNC NC, 

T cell ET, T cell PV, T cell PMF and T cell NC. 

2. The average intensity values of all the patients was calculated for each disease 

subgroup (ET, PV, PMF and NC) within the different cell types (PMN, MNC and 

T cells) for each gene in the common gene lists (obtained from the overlapping 

regions in the Venn diagrams) in the RNA-seq (Validation cohort) dataset: PMN 

ET, PMN PV, PMN PMF, PMN NC, MNC ET, MNC PV, MNC PMF, MNC NC, 

T cell ET, T cell PV, T cell PMF and T cell NC. 

3. The average intensity values of the genes in the common gene lists for the different 

subgroups in the Microarray dataset (as described in step 1 above) were plotted 

against the average intensity values of the genes in the common gene lists for the 

different subgroups in the RNA-seq dataset (as described in step 2 above).   

4. Pearson correlation coefficient (r) was calculated and the regression line plotted on 

the graph.  
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For validation of the Microarray dataset, the average intensity values of the genes in the common 

gene lists from the RNA-seq dataset for the different subgroups needs to be similar to the 

Microarray dataset (i.e. similarly over- or underexpressed in both datasets). This will be shown 

by a straight line across the scatterplot with a Pearson correlation coefficient (r) of between 0.75 

and 1.0 as shown below for the subgroup PMN PV. Each dot in the scatterplot represents the 

correlation between the Microarray and RNA-seq datasets for one gene. The genes in the 

common gene lists for the different interpretations and the types of analyses (Class Prediction & 

Association) are represented by different colours as shown in the legend box. The Pearson 

correlation coefficient (r) in this example is 0.916787 for PMN PV. 
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5.3 RESULTS 

5.3.1 Microarray on Patient cohort 

5.3.1.1   Sample details 

A total of 132 (i.e. 44 x 3 cell types) RNA samples of the 29 patients + 4 technical replicates for 

PMF  (11 ET, 11 PV and 11 PMF) and 11 normal controls were processed using 11 Illumina 

Human HT-12 v4.0 Expression BeadChips in 8 different batches (Table 5.1). 12 samples were 

processed on each beadchip. 

 

5.3.1.2   Quality of raw data 

The quality of the gene expression microarray raw data was checked using Illumina’s 

GenomeStudio which displayed a graphic Control Summary Report for the patients’ samples based 

on the performance of the built-in controls (Figure 5.2a) and the number of detected genes (Fig. 

5.2b). There were 2 sets of controls: sample dependent (“negative” and “housekeeping”) and 

sample independent (“hybridization”, “stringency” and “biotin”) controls. All 132 samples passed 

QC in GenomeStudio. 

 

5.3.1.3   Data analysis 

During preliminary data analysis, the results from 2 patients (1 ET and 1 technical replicate for 

PMF) were found to be outlying significantly. The results for all 3 cell types from these 2 patients 

were subsequently excluded from downstream data analysis (Table 5.4). For the remaining 126 

samples (42 x 3 cell types), 3 different methods were used for downstream data analyses as 

described in the following sections: 
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Figure 5-2a. Quality control of Gene Expression Microarray raw data  

(Control Summary).  
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Figure 5-2b. Quality control of Gene Expression Microarray raw data showing the number of 

detected genes. The number of detected genes for PMN (left) are slightly less than MNC (middle) 

and T cells (right). 
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Patient cohort 

 
       

Datasets 

 

ET 
 

 

PV 
 

 

PMF 

 

NC 

 

Total 

Clinical phenotypes 
 

11 11 7 11 40 

MPN panel1 

 

11 11 7 3 32 

Gene Expression2 

 

10 11 7 (+3) 11 42 

Methylation1 

 

11 11 7 (+1) 11 (+1) 42 

 

 

Validation cohort  

 

       

Datasets 

 

ET 
 

 

PV 
 

 

PMF 

 

NC 

 

Total 

Clinical phenotypes 
 

4 4 4 4 16 

MPN panel1 

 

- - - - - 

Gene Expression2 

 

4 4 4 4 16 

Methylation1 

 

4 4 4 4 16 

 

( )        technical replicate 

1 DNA sample 

2 RNA sample 

 

Table 5-4. Details of the number of samples and clinical phenotypes of the patients which were 

used for downstream data analysis. 
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A) Partek® Genomics Suite® software, version 6.6 (Partek Inc., USA)  

i) Data normalization  

In Partek® Genomics Suite®, the log2 transformed raw data for the 126 samples from 

GenomeStudio was initially normalized, using Quantile Normalization, to minimize systematic 

non-biological differences so that true biological differences can be revealed. Fig. 5.3 shows the 

distributions of normalized expression values for each array in a Box Whisker Plot.  

 

ii) Quality control of samples 

In order to assess the quality of the samples, Principal Components Analysis (PCA) was performed 

on cell type in combination with disease, sex or race of dataset (Fig. 5.4 and 5.5). Principal 

Components are vectors that capture the most variance in the data. By default, each sample is 

plotted according to its values for the first three Principal Components.  In all the 3 PCAs, there 

were clear clustering of PMN distinct from the MNC and T cells. However, clustering of the 

different disease subtypes, sexes and races within each cell type were not as apparent.  

 

iii) Identification of sources of variation & batch correction 

Figure 5.6 shows the various sources of variation in the dataset: cell type being the most prominent 

source of variation followed by batch effect. Batch effect was therefore subsequently removed 

from the dataset. Figure 5.7 shows the PCA plots of cell type and disease of the patients’ samples 

pre- and post-batch correction. The post-batch correction PCAs appeared to show better clustering 

of the PMF samples from the other disease subtypes. However, no specific clustering patterns were 

seen with sex and race (Figure 5.8). 
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Figure 5-3. Distributions of normalized expression values for each array in a Box Whisker Plot 

according to cell type (above) and disease (below). (Analysis A) 
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Figure 5-4. PCA for Cell type + Disease (pre-batch correction). (Analysis A) 
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Figure 5-5. PCAs for Cell type + Sex (above) and Cell type + Race (below)  

(pre-batch correction). (Analysis A) 
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Figure 5-6. Sources of variation of the dataset pre-batch correction (above) and post-batch 

correction (below) following 5-way ANOVA analysis: Cell type is the most prominent source of 

variation followed by Batch effect (“Sentrix Barcode”) and Disease. Batch effect is removed 

following batch correction. (Analysis A) 
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Figure 5-7. PCA for Cell type + Disease (pre- & post-batch correction). The “centroid” from each 

batch of gene expression beadchip was merged together during batch correction in Partek. 

(Analysis A) 
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Figure 5-8. PCAs for Cell type + Sex (above) and Cell type + Race (below)  

(pre- & post-batch correction). (Analysis A) 
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iv) Statistical analysis 

PCA was performed on the batch corrected dataset to ensure quality control at the sample level 

and to remove poor quality samples. Depending on whether one or two variables were examined, 

statistical analyses of the batch-corrected data were performed using 2-way and 3-way Analysis 

of Variance (ANOVA) tests respectively. A p-value of <0.05 and/or a fold change of >2 or <-2  

were taken to indicate genes which were differentially expressed in the groups analyzed. In each 

case, multiple-test corrections using False Discovery Rate (FDR) were applied to keep the overall 

rate of false positives low. Five different interpretations were performed as shown in Table 5.2. 

Within each interpretation, either Association or Class Prediction, or both, analyses were 

performed as listed below: 

1. Cell type, Disease – Class Prediction (2-way ANOVA) 

2. Cell type* Disease – Class Prediction (3-way ANOVA) 

3. PMN – Association & Class Prediction (2-way ANOVA) 

4. MNC – Association & Class Prediction (2-way ANOVA) 

5. T cell – Association & Class Prediction (2-way ANOVA) 

 

For the first interpretation, 2 variables (Cell type and Disease) were examined individually using 

a 2-way ANOVA test taking into account 2 ANOVA factors:  Cell type or Disease and Batch. For 

the second interpretation, the 2 variables (Cell type and Disease) were examined in combination 

using a 3-way ANOVA test taking into account 3 ANOVA factors:  Cell type, Disease and Batch. 

Only Class Prediction (and not Association) analyses were performed on the first and second 

interpretation. For the third to fifth interpretation, both Association and Class Prediction analyses 

were performed on the various disease subtypes within each cell type (PMN, MNC and T cell) 
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using 2-way ANOVA tests taking into account 2 ANOVA factors: Disease (ET, PV, MF and/or 

NC) and Batch. 

 

v) Differentially expressed gene lists & Hierarchical clustering 

Following statistical analyses from the step above, “unfiltered” differentially expressed genes were 

generated in Partek from the different interpretations. These genes were subsequently “filtered” to 

generate individual gene lists with p<0.05 (adjusted for FDR) for each interpretation. In order to 

determine the relationships between the different cells and disease subtypes, hierarchical clustering 

was performed on the significantly (p<0.05) differentially expressed gene lists. Hierarchical 

clustering determines the misclassification of samples within each class providing an independent 

assessment of relationships among the specimens based on their expression profiles. Results of the 

5 different interpretations are presented in the following sections: 

 

1. Cell type, Disease 

PCA of the batch-corrected Cell type (Figure 5.9a and 5.9b) data showed clear clustering 

of the Cell types. There were 21,545 genes which were significantly (p-value <0.05) 

differentially expressed in Cell type. Hierarchical clustering of the differentially expressed 

gene lists showed clear clustering for Cell type. The most significantly differentially 

expressed gene was EMR3 gene (p-value 1.67E-74). Dot plot for the intensity values of 

the different cell types (Figure 5.9c) showed clear clustering of the different cell types for 

the EMR3 gene with the strongest expression in PMN, distinct from MNC and T cells. 
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Fig 5-9a.  PCA and differentially expressed gene list (p <0.05) for the Class Prediction  

analysis of Cell type using 2-way ANOVA analysis. (Analysis A) 
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Fig 5-9b.  Hierarchical Clustering and GO enrichment (biological process) for the Class 

Prediction analysis of Cell type using 2-way ANOVA analysis. (Analysis A) 
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Fig 5-9c.  Dot plot for the intensity values of the different cell types showing clear clustering of 

the different cell types for the EMR3 gene with the strongest expression in PMN, distinct from 

MNC and T cells. (Analysis A) 
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PCA of the batch-corrected Disease (Figure 5.10a and 5.10b) data showed some clustering 

of the PMF samples from the other diseases. There were 241 genes which were 

significantly (p-value <0.05) differentially expressed in Disease. Hierarchical clustering of 

the differentially expressed gene lists showed no obvious clustering. The most significantly 

differentially expressed gene was ARHGAP5 gene (p-value 2.31E-10).  

 

2. Cell type* Disease 

PCAs of the batch-corrected Cell type*Disease data showed some clustering of the PMF 

samples from the other disease subtypes in all cell types (Figure 5.11a and 5.11b). There 

were 436 genes which were significantly (p-value <0.05) differentially expressed in Cell 

type*Disease. However, hierarchical clustering of the differentially expressed gene list for 

Cell type*Disease did not show any clear clustering of the disease subtypes. The most 

significantly differentially expressed gene was GYG1 gene (p-value 8.57E-12).   

 

There were 35 genes which were commonly differentially expressed in Cell type, Disease 

and Cell type*Disease (see Venn Diagram in Figure 5.11c). The most significantly 

differentially expressed gene was GYG1 gene (p-value 5.21E-13).  

 

As initial analyses above showed clear clustering for Cell type but not Disease or Cell 

type*Disease, subsequent Association and Class Prediction analyses were performed 

within individual Cell types (PMN, MNC and T cell) with an aim to identify distinct 

signatures for different Disease subtypes within each Cell type. In the Association analysis, 

each Disease subtype (ET, PV and PMF) was compared with normal control. In  
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Fig 5-10a.  PCA and differentially expressed gene list   (p <0.05) for the Class Prediction 

analysis of Disease using 2-way ANOVA analysis. (Analysis A) 
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Fig 5-10b.  Hierarchical Clustering and GO enrichment (biological process) for the Class 

Prediction analysis of Disease using 2-way ANOVA analysis. (Analysis A) 
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Fig 5-11a.  PCA and differentially expressed gene list (p<0.05) for the Class Prediction 

analysis of Cell type*Disease using 3-way ANOVA analysis. (Analysis A) 
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Fig 5-11b.  Hierarchical Clustering and GO enrichment (biological process) for the Class 

Prediction analysis of Cell type*Disease using 3-way ANOVA analysis. (Analysis A) 
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Fig 5-11c. Differentially expressed gene lists (p<0.05) for the Class Prediction analyses of Cell 

type, Disease and Cell type*Disease. There were 35 genes (overlapping area between the 3 

datasets) which were commonly differentially expressed for the 3 gene lists, with GYG1 gene 

being the most differentially expressed. (Analysis A) 
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the Class Prediction analysis, all the 3 disease subtypes were analysed along with normal 

control.  

 

3. PMN.  

Association analysis 

The PCAs showed clustering of PV vs. NC and PMF vs. NC (Figure 5.12a and 5.12b). 

There were 141 and 15 genes which were significantly differentially expressed in PV vs. 

NC and PMF vs. NC respectively (p-value <0.05). Hierarchical clustering of the individual 

gene lists for PMN showed clear clustering of PV vs. NC and PMF vs. NC. No genes were 

significantly differentially expressed for ET vs. NC (p-value <0.05). The most significantly 

overexpressed gene was GPR84 gene for both PV vs. NC and PMF vs. NC (p-value 7.48E-

09 for both comparisons).  

 

Class prediction analysis 

The PCA showed no obvious clustering of the different Disease subtypes and NC (Figure 

5.12c and 5.12d). There were 74 genes which were significantly differentially expressed 

(p-value <0.05). Hierarchical clustering of the gene list showed no obvious clustering of 

Disease subtypes from NC. The most significantly differentially expressed gene was 

GPR84 gene (7.48E-09).  
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Fig 5-12a.  PCAs and differentially expressed gene lists (p<0.05) for the Association 

analyses of different disease subtypes in PMN using 2-way ANOVA analysis.  

(Analysis A) 
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Fig 5-12b.  Hierarchical Clustering and GO enrichments (biological process) for the 

Association analyses of PMN using 2-way ANOVA analysis. (Analysis A) 



268 

 

 

 

                   

                   

 

Fig 5-12c.  PCA and differentially expressed gene list (p<0.05) for the Class Prediction  

analysis of PMN using 2-way ANOVA analysis. (Analysis A) 



269 

 

 

 

 

         

          

Fig 5-12d.  Hierarchical Clustering and GO enrichment (biological process) for the Class 

Prediction analysis of PMN using 2-way ANOVA analysis. (Analysis A) 
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4. MNC 

Association analysis 

The PCAs showed clustering of ET vs. NC, PV vs. NC and PMF vs. NC (Figure 5.13a and 

5.13b) which were more prominent than that seen with PMN. There were 5, 170 and 562 

genes which were significantly differentially expressed in ET vs NC, PV vs. NC and PMF 

vs. NC respectively (p-value <0.05). Hierarchical clustering of the individual gene lists for 

MNC showed clear clustering of ET vs. NC, PV vs. NC and PMF vs. NC. The most 

significantly overexpressed gene was XK gene for ET vs. NC (p-value 3.52E-08) and 

PROS1 gene for both PV vs. NC and PMF vs. NC (p-value 1.88E-08 for both 

comparisons).  

 

Class prediction analysis 

The PCA showed some clustering of PV and PMF from ET and NC (Figure 5.13c and 

5.13d). There were 698 genes which were significantly differentially expressed (p-value 

<0.05). However, hierarchical clustering of the gene list showed no obvious clustering of 

Disease subtypes and NC. The most significantly differentially expressed gene was PROS1 

gene (p-value 1.88E-08).  
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Fig 5-13a.  PCAs and differentially expressed gene lists (p<0.05) for the Association 

analyses of different disease subtypes in MNC using 2-way ANOVA analysis.  

(Analysis A) 
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Fig 5-13b.  Hierarchical Clustering and GO enrichments (biological process) for the 

Association analyses of MNC using 2-way ANOVA analysis. (Analysis A) 
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Fig 5-13c.  PCA and differentially expressed gene list (p<0.05) for the Class Prediction  

analysis of MNC using 2-way ANOVA analysis. (Analysis A) 
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Fig 5-13d.  Hierarchical Clustering and GO enrichment (biological process) for the Class 

Prediction analysis of MNC using 2-way ANOVA analysis. (Analysis A) 
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5. T cell 

Association analysis 

The PCAs showed clustering of PMF vs. NC but not for ET vs. NC and PV vs. NC (Figure 

5.14a). There was no significantly differentially expressed genes for ET vs NC, PV vs. NC 

and PMF vs. NC (p-value <0.05). Although there seems to be some clustering of PMF 

away from NC, there was no significantly differentially expressed genes from statistical 

analysis. 

  

Class prediction analysis 

The PCA showed some clustering of PMF (Figure 5.14b) from ET, PV and NC. There was 

no significantly differentially expressed genes with p-value <0.05. 

 

 

vi) GO, GO Enrichment & Pathway analyses of gene lists 

The gene ontologies for the most differentially expressed genes as well as the GO enrichments & 

Pathway analyses of the gene lists for the Association & Class Prediction analyses of all 5 

interpretations were performed using Protein Analysis Through Evolutionary Relationships 

(PANTHER) Classification System and the Kyoto Encyclopedia of Genes and Genomes (KEGG) 

database. The results are summarized in Tables 5.5a to 5.5d. 
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Fig 5-14a.  PCAs for the Association analyses of different disease subtypes in T cell using 2-way 

ANOVA analysis. (Analysis A) 

 

                  

Fig 5-14b.  PCA for the Class Prediction analysis of T cell using 2-way ANOVA analysis. 

(Analysis A) 
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Interpretation 

 

Analysis 

Most 

differentially 

expressed 

gene 

 

Gene ontology of the most differentially expressed gene 

 

GO enrichment (gene list) 

 

Pathways  (gene list) 

 

Cell type 

Class Prediction analysis 

PMN/MNC/ 

T cell 

EMR3 

This gene is an EGF-like module-containing mucin-like 
hormone receptor-like 3 gene which maps closely to the 

existing members of the EGF-TM7 family on human 

chromosome 19p13.1 and, in common with other EGF-TM7 
genes, is capable of generating different protein isoforms 

through alternative splicing. This gene was most significantly 

differentially expressed with a p-value of 1.67E-74. The EMR3 
mRNA displays a predominantly leukocyte-restricted 

expression pattern, with highest levels in neutrophils, 

monocytes and macrophages. This gene encodes a member of 
the class B seven-span transmembrane (TM7) receptor family 

expressed predominantly by cells of the immune system. This 

protein may play a role in myeloid-myeloid interactions during 
immune and inflammatory responses. 

 

GO enrichment (biological process) of the 
differentially expressed genes showed 

highest enrichment scores for metabolic 

process (193.97), cellular component 
organization or biogenesis (148.95) and 

cellular process (136.95). 

 

The differentially expressed genes were 
mainly involved in inflammation 

mediated by chemokine and cytokine 

signaling pathway, Wnt & Integrin 
signaling pathway. 

Disease ET/PV/MF/NC ARHGAP5 

This gene is situated on chromosome 14q12 and was most 
significantly differentially expressed with a p-value of 2.31E-

10. The Rho GTPase activating protein 5 negatively regulates 

RHO GTPases, a family which may mediate cytoskeleton 
changes by stimulating the hydrolysis of bound GTP. Two 

transcript variants encoding different isoforms have been found 

for this gene. 
 

GO enrichment (biological process) of the 
differentially expressed genes showed 

highest enrichment scores for cell killing 

(9.44), multicellular organismal process 
(7.61) and localization (7.09). 

 

The differentially expressed genes were 
mainly involved in metabolic pathways, 

transcriptional misregulation in cancer 

and PI3K-Akt signaling pathway. 

Cell type *Disease 

PMN*ET/ 

PMN*PV/ 

PMN*MF/ 

MNC*ET/ 

MNC*PV/ 

    MNC*MF/ 

T cell*ET/ 

T cell*PV/ 

T cell*MF 

GYG1 

This gene is situated on chromosome 3q24 and was most 

significantly differentially expressed with a p-value of 8.57E-

12. It encodes a member of the glycogenin family. Glycogenin 
is a glycosyltransferase that catalyzes the formation of a short 

glucose polymer from uridine diphosphate glucose in an 
autoglucosylation reaction. This reaction is followed by 

elongation and branching of the polymer, catalyzed by 

glycogen synthase and branching enzyme, to form glycogen. 
The gene is expressed in muscle and other tissues. Mutations in 

this gene result in glycogen storage disease XV. 

 

GO enrichment (biological process) of the 

differentially expressed genes showed 

highest enrichment scores for single-
organism process (12.01), locomotion 

(5.54) and cellular component 
organization or biogenesis (4.68). 

 

The differentially expressed genes were 

mainly involved in metabolic pathways, 

regulation of actin cytoskeleton, 
cytokine-cytokine receptor interaction, 

MAPK and PI3K-Akt signaling 
pathways. 

Table 5-5a. Class Prediction analyses for Cell type, Disease and Cell type*Disease – gene ontologies of the most differentially expressed 

genes, GO enrichments of the gene lists and pathways involved in the gene lists (PMN=polymorphonuclear cells; MNC=mononuclear 

cells; ET=essential thrombocythemia; PV=polycythemia vera; MF=primary myelofibrosis; NC=normal control). (Analysis A) 
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Interpretation 

 

Analysis 

Most 

differentially 

expressed 

gene 

 

Gene ontology of the most differentially expressed gene 

 

GO enrichment (gene list) 

 

Pathways  (gene list) 

PMN 

Association analysis 

 

ET vs NC - - - - 

PV vs NC GPR84 

 

 

The G protein-coupled receptor 84 gene is situated on 

chromosome 12q13.13 and was most significantly 

differentially expressed with a p-value of 7.48E-09. The 

resting expression of GPR84 is usually low but it is highly 
inducible in inflammation. Its expression on neutrophils and 

macrophages can be increased with lipopolysaccharide 

(endoxin) stimulation and reduced with GM-CSF stimulation.  
 

 

 

GO enrichment (biological process) of the 

differentially expressed genes showed 

highest enrichment scores for immune 

system process (11.04), biological 
regulation (4.43) and response to stimulus 

(3.62). 

 

 

The differentially expressed genes were 

mainly involved in metabolic pathways, 

hematopoietic cell lineage, HIF-1 and 

MAPK signaling pathways.  

MF vs NC GPR84 

 

 
The G protein-coupled receptor 84 gene is situated on 

chromosome 12q13.13 and was most significantly 

differentially expressed with a p-value of 7.48E-09. The 
resting expression of GPR84 is usually low but it is highly 

inducible in inflammation. Its expression on neutrophils and 

macrophages can be increased with lipopolysaccharide 

(endoxin) stimulation and reduced with GM-CSF stimulation.  

 

 

 

 
GO enrichment (biological process) of the 

differentially expressed genes showed 

highest enrichment scores for immune 
system process (3.79), biological 

regulation (2.97) and locomotion (2.33). 

 

 

 
The differentially expressed genes were 

mainly involved in cell cycle, metabolic 

pathways, HIF-1 signaling pathway, 
complement & coagulation cascades, and 

biosynthesis of amino acids.   

 

Class Prediction analysis 

ET/PV/MF/NC GPR84 

 

The G protein-coupled receptor 84 gene is situated on 

chromosome 12q13.13 and was most significantly 
differentially expressed with a p-value of 7.48E-09. The 

resting expression of GPR84 is usually low but it is highly 

inducible in inflammation. Its expression on neutrophils and 
macrophages can be increased with lipopolysaccharide 

(endoxin) stimulation and reduced with GM-CSF stimulation. 

 

 

GO enrichment (biological process) of the 

differentially expressed showed highest 
enrichment scores for immune system 

process (15.39), locomotion (7.72) and 

multi-organism process (6.04). 

 

The differentially expressed genes were 

mainly involved in metabolic pathways, 
HIF-1 signaling pathway, transcriptional 

misregulation in cancer, microRNAs in 

cancer, hematopoietic cell lineage and 
MAPK signaling pathway. 

 

Table 5-5b. Association and Class Prediction analyses for PMN – gene ontologies of the most differentially expressed genes, GO 

enrichments of the gene lists and pathways involved in the gene lists (PMN=polymorphonuclear cells; ET=essential thrombocythemia; 

PV=polycythemia vera; MF=primary myelofibrosis; NC=normal control). (Analysis A) 
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Interpretation 

 

Analysis 

Most 

differentially 

expressed 

gene 

 

Gene ontology of the most differentially expressed gene 

 

GO enrichment (gene list) 

 

Pathways  (gene list) 

MNC 

Association analysis 

ET vs NC XK 

The X-linked Kx Blood Group gene is situated on chromosome 

Xp21.1 and was most significantly differentially expressed 

with a p-value of 3.52E-08. This locus controls the synthesis 
of the Kell blood group “precursor substance” (Kx). Mutations 

in this gene have been associated with McLeod syndrome, an 

X-linked, recessive disorder characterized by abnormalities in 
the neuromuscular and hematopoietic systems.   

GO enrichment (biological process) of the 

differentially expressed genes for the 

showed highest enrichment scores for 
response to stimulus (2.75), immune 

system process (2.58) and locomotion 

(1.59).  

The differentially expressed genes were 

mainly involved in various signaling 

pathways and transcriptional 
misregulation in cancer. 

PV vs NC PROS1 

The Protein S (Alpha) gene is situated on chromosome 3q11.1 

and was most significantly differentially expressed with a p-

value of 1.88E-08. In humans, protein S is encoded by the 
PROS1 gene. The best characterized function of Protein S is its 

role in the anticoagulation pathway, where it functions as a 

cofactor to Protein C in the inactivation of Factors Va and 
VIIIa. Mutations in the PROS1 gene can lead to Protein S 

deficiency which is a rare blood disorder which can lead to an 

increased risk of thrombosis. 

GO enrichment (biological process) of the 

differentially expressed genes for the 

showed highest enrichment scores for 
immune system process (13.03), 

locomotion (11.85) and multicellular 

organismal process (9.72).  

The differentially expressed genes were 

mainly involved in focal adhesion, 

regulation of actin cytoskeleton, PI3K-
Akt signaling pathway, complement and 

coagulation cascades, cytokine-cytokine 

receptor interaction and metabolic 
pathways.  

MF vs NC PROS1 

The Protein S (Alpha) gene is situated on chromosome 3q11.1 

and was most significantly differentially expressed with a p-

value of 1.88E-08. In humans, protein S is encoded by the 
PROS1 gene. The best characterized function of Protein S is its 

role in the anticoagulation pathway, where it functions as a 

cofactor to Protein C in the inactivation of Factors Va and 

VIIIa. Mutations in the PROS1 gene can lead to Protein S 

deficiency which is a rare blood disorder which can lead to an 

increased risk of thrombosis. 

GO enrichment (biological process) of the 

differentially expressed genes showed 

highest enrichment scores for single-
organism process (24.83), immune 

system process (24.60) and biological 

adhesion (23.93).  

The differentially expressed genes were 

mainly involved in metabolic pathways, 

PI3K-Akt signaling pathway, focal 
adhesion, pathways in cancer, platelet 

activation, regulation of actin 

cytoskeleton, transcriptional 

misregulation in cancer and 

hematopoietic cell lineage. 

 

Class Prediction analysis 

ET/PV/MF/NC PROS1 

The Protein S (Alpha) gene is situated on chromosome 3q11.1 

and was most significantly differentially expressed with a p-

value of 1.88E-08. In humans, protein S is encoded by the 
PROS1 gene. The best characterized function of Protein S is its 

role in the anticoagulation pathway, where it functions as a 

cofactor to Protein C in the inactivation of Factors Va and 
VIIIa. Mutations in the PROS1 gene can lead to Protein S 

deficiency which is a rare blood disorder which can lead to an 

increased risk of thrombosis. 

GO enrichment (biological process) of the 

differentially expressed genes showed 

highest enrichment scores for localization 
(13.78), cellular component organization 

or biogenesis (12.79) and biological 

adhesion (8.80). 
 

The differentially expressed genes were 

mainly involved in metabolic pathways, 

PI3K-Akt signaling pathway, focal 
adhesion, pathways in cancer, regulation 

of actin cytoskeleton, platelet activation 

and chemokine signaling pathway.    
 

Table 5-5c. Association and Class Prediction analyses for MNC – gene ontologies of the most differentially expressed genes, GO 

enrichments of the gene lists and pathways involved in the gene lists (MNC=mononuclear cells; ET=essential thrombocythemia; 

PV=polycythemia vera; MF=primary myelofibrosis; NC=normal control). (Analysis A)                             
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Interpretation 

 

Analysis 

Most 

differentially 

expressed 

gene 

 

Gene ontology of the most differentially expressed gene 

 

GO enrichment (gene list) 

 

Pathways  (gene list) 

T cell 

Association analysis 

 

 

ET vs NC 

 

 

- 

 

- 

 

- 

 

- 

 

 

PV vs NC 

 

 

- 

 

- 

 

- 

 

- 

 

 

PV vs NC 

 

 
- 

 
- 

 
- 

 
- 

Class Prediction analysis 

 

 

PV vs NC 

 

 

- 

 

- 

 

- 

 

- 

 

 

Table 5-5d. Association & Class Prediction analyses for T cell – no genes were significantly differentially expressed (ET=essential 

thrombocythemia; PV=polycythemia vera; PMF=primary myelofibrosis; NC=normal control).  

(Analysis A)  
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B) Beadarray R package with and without Surrogate Variable Analysis (SVA) 

i) Data normalization  

Using Beadarray R package, the raw data was initially normalized, using quantile normalization, 

to minimize systematic non-biological differences and to reveal true biological differences. The 

normalization is specific to the data type. 

 

ii) Quality control of gene expression probes  

The quality control criteria used for the gene expression probes were as follows (Figure 5.15): 

- colMean < 0.2 (fraction of failed sample per gene expression probe) 

- rowMean < 0.5 (fraction of failed gene expression probe per sample) 

The number of remaining gene expression probes before and after QC is as follows: 

- Before QC: 126 samples x 47,323 probes 

- After QC:    126 samples x 9741 probes 

 

iii) Visualisation of data 

In order to visualise the data, PCAs of cell type, disease, race and sex were performed on the 

dataset (Figure 5.16a and 5.16b). Principal Components are vectors that capture the most variance 

in the data. By default, each sample is plotted according to its values for the first three Principal 

Components.  PCAs of Cell type and Disease showed clear clustering for Cell type but no obvious 

clustering for Disease. PCAs of Race and Sex also did not show any obvious clustering.  
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              Fig 5-15.  Quality control of gene expression probes. (Analysis B & C) 
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Fig 5-16a.  PCAs for Cell type and Disease. The 9 different views of the PCAs  

show obvious clustering for the different cell types but not the different diseases.  

(Analysis B & C) 
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Fig 5-16b.  PCAs for Race and Sex. The 9 different views of the PCAs do not  

show any obvious clustering of the different races and sexes respectively.  

(Analysis B & C) 
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iv) Statistical analysis & Batch correction 

Five different interpretations were performed (Table 5.3). Only Association analysis was done for 

each interpretation. Statistical analysis was performed using a regression model whereby batch 

effect was corrected using SVA. Batch effect was corrected from the dataset using SVA for the 

first 2 interpretations but not for the subsequent 3 interpretations involving individual cell types. 

The regression model used was as follows: 

 

Probe = Cell type + Disease + Race + Sex + Age + SV1 + …….. + SV18 

 

A p value of <1E-04 was taken to indicate genes which were differentially expressed in the groups 

analyzed. “Cell type” is labelled as “Group” in the R package analyses. Likelihood ratios (LR) 

were used to test the total effect of multiple cell types, disease groups and race groups (denoted as 

pGroupLR, pDiseaseLR and pRaceLR) at the beginning of each interpretation. 

 

For the first interpretation (Overview with no interaction), a "mix-model" SVA was performed on 

all the 126 samples (Figure 5.17 to 5.19). For the second interpretation (Cell type*Disease 

interaction), a modified-"mix-model" SVA was performed on all the 126 samples (Figure 5.20). 

For the third to fifth interpretation (PMN, MNC and T cell), the "mix-model" and modified "mix-

model" SVA did not work on the 42 samples in each cell type. A "linear regression" SVA was 

therefore used instead to try to overcome this problem. This generated one pDiseaseLR and three 

individual pDisease for ET, PV and MF for each cell type. However, the correlation between the 

pDiseaseLR and the individual pDisease was very poor (Figure 5.21 to 5.23). In the next approach, 

42 samples were broken down further to perform pairwise comparisons within each cell type (i.e. 



286 

 

 

 

ET vs NC, PV vs NC and MF vs NC within PMN; and the same for MNC and T cell). However, 

when this was attempted, both the "mix-model" and "linear regression" SVAs did not work. 

Finally, the pairwise comparisons were performed without SVA. This resulted in generation of a 

pDiseaseLR for each pairwise comparison for each disease subtype. Without the SVA, the 

individual pDiseaseLR correlated very well with the individual pDisease within each cell type 

(Figure 5.24 to 5.29). 

 

v) QQ plots & Differentially expressed gene lists 

The differentially expressed gene lists for the 5 different interpretations are presented in the 

following sections: 

 

1. Cell type, Disease 

QQ plot of Cell type (Figure 5.17, 5.18a and 5.18b) showed positive deviation from the 

“standard” red line for PMN and MNC. There were 8383 genes which were significantly 

differentially expressed in Cell type (pGroupLR<1E-04). The most significantly 

differentially expressed gene for Cell type was RGL4 gene (pGroupLR 1.72E-40). 

  

QQ plot of Disease (Figure 5.17, 5.19a and 5.19b) showed positive deviation from the 

“standard” red line for for all 3 diseases (ET, PV and PMF). There were 8383 genes which 

were significantly differentially expressed in Disease (pDiseaseLR<1E-04). The most 

significantly differentially expressed gene for Disease was LAPTM4B gene 

(pDiseaseLR=2.03E-15 and FDR_pDiseaseLR=1.97E-11).  
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Figure 5-17.  QQ plots of pDiseaseLR, pRaceLR and pGroupLR generated from the Association 

analysis using the “mix model” SVA regression model adjusted for SVA, Sex, Age, Disease, 

Group and Race. pGroupLR shows the greatest degree of positive deviation from the “standard” 

red line. Likelihood ratios (LR) are used to test the total effect of multiple cell types, disease groups 

and race groups (denoted as pGroupLR, pDiseaseLR and pRaceLR) at the beginning of the 

statistical analysis. (Analysis B) 
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Figure 5-18a.  QQ plots of individual pGroupPMN and pGroupMNC generated from the 

Association analysis of Cell type using the “mix model” SVA regression model adjusted for SVA, 

Sex, Age, Disease, Group and Race. Both pGroupPMN and pGroupMNC show significant positive 

deviation from the “standard” red line consistent with pGroupLR in Figure 5.17. 

(Analysis B) 
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Figure 5-18b.  Differentially expressed gene list generated from the Association analysis of Cell 

type using the “mix model” SVA regression model adjusted for SVA, Sex, Age, Disease, Group 

and Race (pGroupLR<1E-4). (Analysis B) 
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Figure 5-19a.  Individual QQ plots of pDiseaseET, pDiseasePV and pDiseaseMF generated from 

the Association analysis of Disease using the “mix model” SVA regression model adjusted for 

SVA, Sex, Age, Disease, Group and Race. For all 3 diseases, there is some degree of positive 

deviation from the “standard” red line consistent with pDiseaseLR in Figure 5.17. (Analysis B) 
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Figure 5-19b.  Differentially expressed gene list generated from the Association analysis of 

Disease using the “mix model” SVA regression model adjusted for SVA, Sex, Age, Disease, 

Group and Race (pDiseaseLR<1E-4). (Analysis B) 
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2. Cell type* Disease 

QQ plots of Cell type*Disease showed positive deviation from the “standard” red line for 

PMN and MNC (Figure 5.20a and 5.20b). However, the QQ plots for all 3 diseases (ET, 

PV and PMF) (Figure 5.20a and 5.20c) and for the different combinations of the interaction 

between Cell type and Disease (Group*Disease) stayed very close to the “standard” red 

line (Figure 5.20a and 5.20d) which were both inconsistent with the positive deviation seen 

in pDiseaseLR and pGroup*DiseaseLR seen in Figure 5.20a. There were 8134 genes which 

were significantly (pDiseaseLR<1E-04) differentially expressed (Figure 5.20e). The most 

significantly differentially expressed genes were STAT5B gene (pGroupLR=5.30E-38) 

and LAPTM4B gene (pDiseaseLR=2.15E-17 and FDR_pDiseaseLR=2.10E-13).  

 

As explained above, due to the problems encountered using SVA on smaller samples 

(Figure 5.21 to 5.23), subsequent Association analyses were performed without SVA 

within individual Cell types (PMN, MNC and T cell comparisons) with an aim to identify 

distinct signatures for different Disease subtypes within each Cell type. In the Association 

analyses, each Disease subtype (ET, PV and PMF) was compared with normal controls.  
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Figure 5-20a.  QQ plots of pDiseaseLR, pRaceLR, pGroupLR and pGroup*DiseaseLR generated 

from Association analysis using the modified-“mix model” SVA regression model adjusted for 

SVA, Sex, Age, Disease, Group, Group*Disease and Race. pGroupLR shows the greatest degree 

of positive deviation from the “standard” red line. When Cell type interacts with Disease 

(pGroup*DiseaseLR), the degree of skewness is significantly reduced. Likelihood ratios (LR) are 

used to test the total effect of multiple cell types, disease groups and race groups (denoted as 

pGroupLR, pDiseaseLR, pGroup*DiseaseLR and pRaceLR) at the beginning of the statistical 

analysis. (Analysis B) 
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Figure 5-20b.  QQ plots of individual pGroupPMN and pGroupMNC generated from the 

Association analysis of Cell type*Disease using the modified-“mix model” SVA regression model 

adjusted for SVA, Sex, Age, Disease, Group, Group*Disease and Race. Both pGroupPMN and 

pGroupMNC show significant positive deviation from the “standard” red line consistent with 

pGroupLR in Figure 5.20a. (Analysis B) 
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Figure 5-20c.  QQ plots of individual pDiseaseET, pDiseasePV and pDiseaseMF generated from 

the Association analysis of Cell type*Disease using the modified-“mix model” SVA regression 

model adjusted for SVA, Sex, Age, Disease, Group, Group*Disease and Race. The individual 

pDiseaseET, pDiseasePV and pDiseaseMF stay very close to the “standard” red line which is 

inconsistent with the positive deviation seen in pDiseaseLR in Figure 5.20a. (Analysis B) 
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Figure 5-20d.  Individual QQ plots of individual ET*PMN (pDiseaseET*pGroupPMN), PV*PMN 

(pDiseasePV*pGroupPMN), MF*PMN (pDiseaseMF*pGroupPMN), ET*MNC 

(pDiseaseET*pGroupMNC), PV*MNC (pDiseasePV*pGroupMNC) and MF*MNC 

(pDiseaseMF*pGroupMNC) generated from the Association analysis of Cell type*Disease using 

the modified- “mix model” SVA regression model adjusted for SVA, Sex, Age, Disease, Group, 

Group*Disease and Race. All the different Cell type*Disease combinations stay very close to the 

“standard” red line which are inconsistent with the positive deviation seen in pGroup*DiseaseLR 

in Figure 5.20a. (Analysis B) 
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Figure 5-20e.  Differentially expressed gene lists generated from the Association analysis of Cell 

type*Disease using the modified-“mix model” SVA regression model adjusted for SVA, Sex, Age, 

Disease, Group, Group*Disease and Race (pGroupLR<1E-4, pDiseaseLR<1E-4). 

(Analysis B) 
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Figure 5-21.  QQ plots of pDiseaseLR for PMN & individual pDiseaseET, pDiseasePV and 

pDiseaseMF generated from the Association analysis of PMN using the “linear regression” SVA 

regression model adjusted for SVA, Sex, Age, Disease and Race. The individual pDiseaseET, 

pDiseasePV and pDiseaseMF stay very close to the “standard” red line which is inconsistent with 

the positive deviation seen in pDiseaseLR (above). (Analysis B) 
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Figure 5-22.  QQ plots of pDiseaseLR for MNC & individual pDiseaseET, pDiseasePV and 

pDiseaseMF generated from the Association analysis of MNC using the “linear regression” SVA 

regression model adjusted for SVA, Sex, Age, Disease and Race. There is some degree of positive 

deviation in all 3 diseases from the “standard” red line but not as much as pDiseaseLR (above). 

(Analysis B) 
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Figure 5-23.  QQ plots of pDiseaseLR for T cell & individual pDiseaseET, pDiseasePV and 

pDiseaseMF generated from the Association analysis of T cell using the “linear regression” SVA 

regression model adjusted for SVA, Sex, Age, Disease and Race. The individual pDiseaseET, 

pDiseasePV and pDiseaseMF stay very close to the “standard” red line which is consistent with 

the lack of positive deviation seen in pDiseaseLR (above). (Analysis B) 
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3. PMN 

QQ plots showed a continuum of progressive skewness from the “standard” red line from 

ET to PV to PMF (Figure 5.24). There were 47, 350 and 367 genes which were significantly 

(pDiseaseLR<1E-04) differentially expressed in ET, PV and PMF respectively (Figure 

5.25). The most significantly differentially expressed genes were HS.125056 

(pDiseaseLR=1.14E-06, FDR_pDiseaseLR=0.011), ZNF529 (pDiseaseLR  

=1.82E-09, FDR_pDiseaseLR=1.78E-05) and FCER1G (pDiseaseLR=2.52E-10, 

FDR_pDiseaseLR=2.46E-06) for ET, PV and PMF respectively. 

 

4. MNC 

QQ plots showed a continuum of progressive skewness from the “standard” red line from 

ET to PV to PMF (Figure 5.26). There were 220, 309 and 502 genes which were 

significantly (pDiseaseLR<1E-04) differentially expressed in ET, PV and PMF 

respectively (Figure 5.27). The most significantly differentially expressed genes were 

EIF3I (pDiseaseLR=2.03E-09, FDR_pDiseaseLR=1.97E-05), HIST2H2AA4 

(pDiseaseLR =8.25E-09, FDR_pDiseaseLR=8.04E-05) and SLC9A3R1 

(pDiseaseLR=7.99E-10, FDR_pDiseaseLR=7.78E-06) for ET, PV and PMF respectively. 

 

5. T cell 

QQ plots for all the 3 diseases (ET, PV and PMF) stayed close to the “standard” red line. 

(Figure 5.28). There were 64, 26 and 52 genes which were significantly (p-value<1E-04) 

differentially expressed in ET, PV and PMF respectively (Figure 5.29). The most 

significantly differentially expressed genes were TMCO6 (pDiseaseLR=1.31E-07,  
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Figure 5-24.  QQ plots of individual pDiseaseLR & pDisease for ET, PV and MF generated from 

the Association analysis of individual pairs of Disease in PMN without SVA in the regression 

model adjusted for Sex, Age, Disease and Race. There is a continuum of progressive skewness 

from ET to PV to MF in pDisease which is consistent with the appearance seen in pDiseaseLR 

(above). (Analysis B) 
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Figure 5-25.  Differentially expressed gene lists generated for ET, PV and MF from the Association 

analysis of individual pairs of Disease in PMN without SVA in the regression model adjusted for 

Sex, Age, Disease and Race (pDiseaseLR<1E-4). (Analysis B) 
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Figure 5-26.  QQ plots of individual pDiseaseLR & pDisease for ET, PV and MF generated from 

the Association analysis of individual pairs of Disease in MNC without SVA in the regression 

model adjusted for Sex, Age, Disease and Race. There is a continuum of progressive skewness 

from ET to PV to MF in pDisease which is consistent with the appearance seen in pDiseaseLR 

(above). (Analysis B) 
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Figure 5-27.  Differentially expressed gene lists generated for ET, PV and MF from the Association 

analysis of individual pairs of Disease in MNC without SVA in the regression model adjusted for 

Sex, Age, Disease and Race (pDiseaseLR<1E-4). (Analysis B) 
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Figure 5-28.  QQ plots of individual pDiseaseLR & pDisease for ET, PV and MF generated from 

the Association analysis of individual pairs of disease in T cell without SVA in the regression 

model adjusted for Sex, Age, Disease and Race. There is minimal skewness from the “standard” 

red lines for all the 3 diseases which is consistent with the appearance seen in pDiseaseLR (above). 

(Analysis B) 
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Figure 5-29.  Differentially expressed gene lists generated for ET, PV and MF from the Association 

analysis of individual pairs of Disease in T cell without SVA in the regression model adjusted for 

Sex, Age, Disease and Race (pDiseaseLR<1E-4). (Analysis B) 

 



308 

 

 

 

FDR_pDiseaseLR =0.0013), USP24 (pDiseaseLR=8.22E-08, FDR_pDiseaseLR=0.0008) 

and LAPTM4B (pDiseaseLR=1.08E-09, FDR_pDiseaseLR=1.06E-05) for ET, PV and 

PMF respectively.  

 

vi) GO, Functional classification & Pathway analyses of gene lists 

The gene ontologies for the most differentially expressed genes as well as the Functional 

classification & Pathway analyses of the gene lists for the Association & Class Prediction analyses 

of all 5 interpretations were performed using PANTHER Classification System and the KEGG 

database. The results are summarized in Tables 5.6a to 5.6d. 
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Interpretation 

 

Analysis 

Most 

differentially 

expressed 

gene 

 

Gene ontology of the most differentially expressed gene 

 

Functional classification 

(gene list) 

 

Pathways  (gene list) 

 

Cell type 

Association analysis 

PMN/MNC 

vs 

T cell 

RGL4 

The Ral Guanine Nucleotide Dissociation Simulatpr-Like 4 gene is situated at 

chromosome 22q11.23 and was most significantly differentially expressed with a 
pGroupLR of 1.72E-40. It is a protein coding gene. Among its related pathways 

are signaling by GPCR and signaling by GPCR. GO annotations related to this gene 

include guanyl-nucleotide exchange factor activity. An important paralog of this 

gene is RALGDS. 

Functional classification 

(biological processes) of the 
differentially expressed genes 

were mainly involved in 

metabolic & cellular 

processes and biological 

regulation. 

The differentially expressed 

genes were mainly involved in 
inflammation mediated by 

chemokine and cytokine 

signaling pathway, Wnt & 

Integrin signaling pathway, 

metabolic pathways and 

pathways in cancer. 

Disease 
ET/PV/MF 

vs 

NC 

LAPTM4B 

The Lysosomal Protein Transmembrane 4 Beta gene is situated at chromosome 
8q22.1 and was most significantly differentially expressed with a pDiseaseLR of 

2.03E-15 and FDR_pDiseaseLR=1.97E-11. Lysosomal-associated 

transmembrane protein 4B is a protein that in humans is encoded by the LAPTM4B 
gene. LAPTM4B protein contains a lysosome localization motif and localizes on 

late endosomes and lysosomes. Elevated LAPTM4B level contributes to 

chemotherapy resistance in breast cancer. It was found that overexpression of 
LAPTM4B causes anthracyclines (doxorubicin, daunorubicin, and epirubicin) 

resistance by retaining drug in the cytoplasm and decreasing nuclear localization 

of drug and drug induced DNA damage. 

Functional classification 
(biological processes) of the 

differentially expressed genes 

were mainly involved in 
metabolic & cellular 

processes and biological 

regulation. 

The differentially expressed 
genes were mainly involved in 

inflammation mediated by 

chemokine and cytokine 
signaling pathway, Wnt & 

Integrin signaling pathway, 

metabolic pathways and 
pathways in cancer. 

Cell type *Disease 

PMN*ET/ 

PMN*PV/ 

PMN*MF/ 

MNC*ET/ 

MNC*PV/ 

MNC*MF 

vs 

T cell*NC 

STAT5B 

 

 

 

 

LAPTM4B 

The STAT5B gene is situated on chromosome 17q21.2 and was most significantly 

differentially expressed with pGroupLR=5.30E-38. The protein encoded by this 

gene is a member of the STAT family of transcription factors. In response to 
cytokines and growth factors, STAT family members are phosphorylated by the 

receptor associated kinases, and then form homo-or heterodimers that translocate 

to the cell nucleus where they act as transcription activators. This gene was found 
to fuse to retinoic acid receptor-alpha (RARA) gene in a small subset of acute 

promyelocytic leukemias (APML). The dysregulation of the signaling pathways 

mediated by this protein may be the cause of the APML. 
 

The Lysosomal Protein Transmembrane 4 Beta gene is situated at chromosome 

8q22.1 and was most significantly differentially expressed for Cell type*Disease 
with pDiseaseLR=2.15E-17 and FDR_pDiseaseLR=2.10E-13. Gene ontology 

for this gene has been discussed earlier. 

 

Functional classification 

(biological processes) of the 

differentially expressed genes 
were mainly involved in 

metabolic & cellular 

processes and biological 
regulation. 

 

The differentially expressed 

genes were mainly involved in 

inflammation mediated by 
chemokine and cytokine 

signaling pathway, Wnt & 

Integrin signaling pathway, 
metabolic pathways and 

pathways in cancer. 

 

Table 5-6a. Association analyses for Cell type, Disease and Cell type*Disease – gene ontologies of the most differentially expressed 

genes, functional classifications of the gene lists and pathways involved in the gene lists (PMN=polymorphonuclear cells; 

MNC=mononuclear cells; ET=essential thrombocythemia; PV=polycythemia vera; MF=primary myelofibrosis; NC=normal control). 

(Analysis B) 
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Interpretation 

 

Analysis 

Most 

differentially 

expressed 

gene 

 

Gene ontology of the most differentially expressed gene 

 

Functional classification (gene list) 

 

Pathways  (gene list) 

PMN 

Association analysis 

ET vs NC HS.125056 

 

HS.125056 is the transcript of DENND1B (DENN/MADD 

Domain  Containing 1B) gene which is situated at chromosome 
1q31.3 and was most significantly differentially expressed with 

pDiseaseLR=1.14E-06 and FDR_pDiseaseLR=0.011. 

Members of the connecdenn family, such as DENND1B, 
function as guanine nucleotide exchange factors (GEFs) for the 

early endosomal small GTPase RAB35 and bind to clathrin and 

clathrin adaptor protein.   
 

 

Functional classification (biological 

processes) of the differentially expressed 
genes were mainly involved in metabolic 

& cellular processes and cellular 

component organization or biogenesis. 
 

 

The differentially expressed genes were 

mainly involved in inflammation 
mediated by chemokine and cytokine 

signaling pathway, apoptosis signaling 

pathway and protein processing in 
endoplasmic reticulum. 

 

PV vs NC ZNF529 

 

The Zinc Finger Protein 529 gene is situated at chromosome 

19q13.13 and was most significantly differentially expressed 
with pDiseaseLR =1.82E-09 and FDR_pDiseaseLR=1.78E-

05. This is a protein coding gene and may be involved in 

transcriptional regulation. 
 

 

Functional classification (biological 

processes) of the differentially expressed 
genes were mainly involved in metabolic 

& cellular processes and biological 

regulation. 
 

 

The differentially expressed genes were 

mainly involved in inflammation 
mediated by chemokine and cytokine 

signaling pathway, Wnt and apoptosis 

signaling pathways, and metabolic 
pathways. 

MF vs NC FCER1G 

 

The Fc Fragment of IgE, High Affinity I, Receptor For; Gamma 
Polypeptide gene is situated on chromosome 1q23 and was 

most significantly differentially expressed with 

pDiseaseLR=2.52E-10, FDR_pDiseaseLR=2.46E-06. The 

high affinity IgE receptor is a key molecule involved in allergic 

reactions. It associates with a variety of FcR alpha chains to 

form a functional signaling complex and regulates several 
aspects of the immune response. The gamma subunit has a 

critical role in allowing the IgE Fc receptor to reach the cell 

surface. Also involved in collagen-mediated platelet activation 
and in neutrophil activation mediated by integrin. 

 

 

Functional classification (biological 
processes) of the differentially expressed 

genes were mainly involved in metabolic 

& cellular processes and biological 

regulation. 

 

 

The differentially expressed genes were 
mainly involved in inflammation 

mediated by chemokine and cytokine 

signaling pathway, Wnt and apoptosis 

signaling pathways, and metabolic 

pathways. 

 

 

Table 5-6b. Association analyses for PMN – gene ontologies of the most differentially expressed genes, functional classifications of the 

gene lists and pathways involved in the gene lists (PMN=polymorphonuclear cells; ET=essential thrombocythemia; PV=polycythemia 

vera; MF=primary myelofibrosis; NC=normal control). (Analysis B) 
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Interpretation 

 

Analysis 

Most 

differentially 

expressed 

gene 

 

Gene ontology of the most differentially expressed gene 

 

Functional classification (gene list) 

 

Pathways  (gene list) 

MNC 

Association analysis 

ET vs NC EIF3I 

The Eukaryotic Translation Initiation Factor 3, Subunit I gene 

is situated at chromosome 1p34.1 and was most significantly 

differentially expressed with pDiseaseLR=2.03E-09 and 

FDR_pDiseaseLR=1.97E-05.  It is a protein coding gene and 

GO annotations related to this gene include translation 

initiation factor activity. 

 

Functional classification (biological 

processes) of the differentially expressed 
genes were mainly involved in metabolic 

& cellular processes and biological 

regulation. 

 

The differentially expressed genes were 

mainly involved in inflammation 
mediated by chemokine and cytokine 

signaling pathway, Wnt and Integrin 

signaling pathways, metabolic pathways 
and protein processing in endoplasmic 

reticulum. 

 

PV vs NC HIST2H2AA4 

 
The Histone Cluster 2, H2aa4 gene is situated at chromosome 

1q21.2 and was most significantly differentially with 

pDiseaseLR=8.25E-09 and FDR_pDiseaseLR=8.04E-05. 
Histones are basic nuclear proteins that are responsible for the 

nucleosome structure of the chromosomal fiber. Nucleosomes 

wrap and compact DNA into chromatin, limiting DNA 
accessibility to the cellular machineries which require DNA as 

a template. Histones therefore play a central role in 

transcription regulation, DNA repair, DNA replication and 
chromosomal stability. 

 

 
Functional classification (biological 

processes) of the differentially expressed 

genes were mainly involved in metabolic 
& cellular processes and biological 

regulation. 

 
The differentially expressed genes were 

mainly involved in inflammation 

mediated by chemokine and cytokine 
signaling pathway, Integrin and apoptosis 

signaling pathways, metabolic pathways, 

pathways in cancer, PI3K-Akt and JAK-
STAT signaling pathways. 

MF vs NC SLC9A3R1 

 

The Solute Carrier Family 9, Subfamily A (NHE3, Cation 

Proton Antiporter 3), Member 3 Regulator 1 gene is situated on 

chromosome 17q25.1 and was most significantly differentially 
expressed with pDiseaseLR=7.99E-10 and 

FDR_pDiseaseLR=7.78E-06. This gene encodes a 

sodium/hydrogen exchanger regulatory cofactor. The protein 
interacts with proteins that function as linkers between integral 

membrane and cytoskeletal proteins.  

 

 

Functional classification (biological 

processes) of the differentially expressed 

genes were mainly involved in metabolic 
& cellular processes and biological 

regulation. 

 

The differentially expressed genes were 

mainly involved in inflammation 

mediated by chemokine and cytokine 
signaling pathway, Wnt and Integrin 

signaling pathways, metabolic pathways, 

pathways in cancer, Ras, MAPK, PI3K-
Akt and JAK-STAT signaling pathways. 

 

Table 5-6c. Association analyses for MNC – gene ontologies of the most differentially expressed genes, functional classifications of the 

gene lists and pathways involved in the gene lists (MNC=mononuclear cells; ET=essential thrombocythemia; PV=polycythemia vera; 

MF=primary myelofibrosis; NC=normal control). (Analysis B) 

 

 



312 

 

 

 

 

Interpretation 

 

Analysis 

Most 

differentially 

expressed 

gene 

 

Gene ontology of the most differentially expressed gene 

 

Functional classification (gene list) 

 

Pathways  (gene list) 

T cell 

Association analysis 

ET vs NC TMCO6 

The Transmembrane And Coiled-Coil Domains 6 gene is 

situated at chromosome 5q31.3 and was most significantly 
differentially expressed with pDiseaseLR=1.31E-07 and 

FDR_pDiseaseLR=0.0013.  It is a protein coding gene and GO 

annotations related to this gene include protein transporter 
activity. 

 

Functional classification (biological 

processes) of the differentially expressed 
genes were mainly involved in metabolic 

& cellular processes and biological 

regulation. 

 

The differentially expressed genes were 

mainly involved in inflammation 
mediated by chemokine and cytokine 

signaling pathway, RNA transport, 

metabolic pathways and pathways in 
cancer. 

 

PV vs NC USP24 

 

The Ubiquitin Specific Peptidase 24 gene is situated at 
chromosome 1p32.3 and was most significantly differentially 

expressed with pDiseaseLR=8.22E-08 and 

FDR_pDiseaseLR=0.0008. Modifications of cellular proteins 
by ubiquitin is an essential regulatory mechanism controlled by 

the coordinated action of multiple ubiquitin-conjugating and 

deubiquitinating enzymes. USP24 belongs to a large family of 
cysteine proteases that function as deubiquitinating enzymes. 

 

 

Functional classification (biological 
processes) of the differentially expressed 

genes were mainly involved in metabolic 

& cellular processes and localization. 

 

The differentially expressed genes were 
mainly involved in JAK-STAT signaling 

pathway, apoptosis signaling pathway 

and osteoclast differentiation. 

MF vs NC LAPTM4B 

 
This Lysosomal Protein Transmembrane 4 Beta gene is situated 

at chromosome 8q22.1 and was most significantly 

differentially expressed with pDiseaseLR=1.08E-09 and 

FDR_pDiseaseLR=1.06E-05. Gene ontology for this gene has 

been discussed earlier. 

 
Functional classification (biological 

processes) of the differentially expressed 

genes were mainly involved in metabolic 

& cellular processes and biological 

regulation. 

 
The differentially expressed genes were 

mainly involved in inflammation 

mediated by chemokine and cytokine 

signaling pathway, pathways in cancer 

and JAK-STAT signaling pathway. 

 

 

Table 5-6d. Association analyses for T cell – gene ontologies of the most differentially expressed genes, functional classifications of the 

gene lists and pathways involved in the gene lists (ET=essential thrombocythemia; PV=polycythemia vera; MF=primary myelofibrosis; 

NC=normal control). (Analysis B) 
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C) Beadarray R package with chip ID (Wald test) 

Due to the problems encountered with SVA, the pipeline was modified whereby batch correction 

was done using chip ID (Wald test) in order to improve data analyses across all the 5 

interpretations. Unlike SVA, data analyses with chip ID (Wald test) showed much better 

correlation between pDiseaseLR and the individual pDisease for all the 5 interpretations. 

 

i) Data normalization  

Using Beadarray R package, the raw data was initially normalized, using quantile normalization, 

to minimize systematic non-biological differences and to reveal true biological differences. The 

normalization is specific to the data type. 

 

ii) Quality control of gene expression probes 

The quality control criteria used for the gene probes was as follows (Figure 5.15): 

- colMean < 0.2 (fraction of failed sample per gene expression probe) 

- rowMean < 0.5 (fraction of failed gene expression probe per sample) 

The number of remaining gene expression probes before and after QC is as follows: 

- Before QC: 126 samples x 47,323 probes 

- After QC:    126 samples x 9741 probes 

 

iii) Visualisation of data 

In order to visualise the data, PCAs of cell type, disease, race and sex were performed on the 

dataset (Figure 5.16a and 5.16b). PCAs of Cell type and Disease showed clear clustering for Cell 
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type but no obvious clustering for Disease. PCAs of Race and Sex also did not show any obvious 

clustering. 

 

iv) Statistical analysis & Batch correction 

Five different interpretations were performed (Table 5.3). Only Association analysis was done for 

each interpretation. Statistical analysis was performed using a regression model whereby batch 

effect was corrected using chip ID (Wald test) for all 5 interpretations.  

 

A p value of <1E-04 was taken to indicate genes which were differentially expressed in the groups 

analysed. “Cell type” is labelled as “Group” in the R package analyses. Likelihood ratios (LR) 

were used to test the total effect of multiple cell types, disease groups and race groups (denoted as 

pGroupLR, pDiseaseLR and pRaceLR). 

 

For the first interpretation (Overview with no interaction) (Figure 5.30 to 5.32) and second 

interpretation (Cell type*Disease) (Figure 5.33), statistical analysis was done on all the 126 

samples. For the third to fifth interpretation (PMN, MNC and T cell), statistical analysis was done 

on 42 samples in each cell type (Figure 5.34 to 5.39).   The chip ID (Wald test) corrected the 

problem we encountered with the SVA analysis for the 42 sample individual cell type analysis. 

QQ plots showed a continuum of progressive skewness form ET to PV to PMF for PMN and MNC 

(Figure 5.34 to 5.37). These changes were not seen in the T cells which therefore served as a good 

negative control (Figure 5.38 and 5.39). Pairwise comparisons were subsequently also performed 

for individual cell types (Figure 5.40 to 5.45) in order to compare with the previous analysis 

without SVA (Figure 5.24 to 5.29). 
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v) QQ plots & Differentially expressed gene lists 

The differentially expressed gene lists for the 5 different interpretations are presented in the 

following sections: 

 

1. Cell type, Disease 

QQ plot of Cell type (Figure 5.30, 5.31a and 5.31b) showed positive deviation from the 

“standard” red line for PMN and MNC. There were 645 genes which were significantly 

differentially expressed in Cell type (pGroupLR<1E-04). The most significantly 

differentially expressed gene for Cell type was RAB11FIP1 gene (pGroupLR 3.17E-48). 

  

QQ plot of Disease (Figure 5.30, 5.32a and 5.32b) showed positive deviation from the 

standard red line for all 3 diseases (ET, PV and PMF). There were 645 genes which were 

significantly differentially expressed in Disease (pDiseaseLR<1E-04). Gene ontology for 

the most significantly differentially expressed gene (LOC388588 gene) cannot be found. 

The second most differentially expressed gene for Disease was LAPTM4B gene 

(pDiseaseLR=5.88E-19 and FDR_pDiseaseLR=2.87E-15).  
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Figure 5-30.  QQ plots of pDiseaseLR, pRaceLR and pGroupLR generated from the Association 

analysis using the chip ID (Wald test) regression model adjusted for Sex, Age, Disease, Group and 

Race. pGroupLR shows the greatest degree of positive deviation from the “standard” red line. 

Likelihood ratios (LR) are used to test the total effect of multiple cell types, disease groups and 

race groups (denoted as pGroupLR, pDiseaseLR and pRaceLR) at the beginning of the statistical 

analysis. (Analysis C) 

  

 

 

 



317 

 

 

 

 

 

 

 

Figure 5-31a.  QQ plots of individual pGroupPMN and pGroupMNC generated from the 

Association analysis of Cell type using the chip ID (Wald test) regression model adjusted for Sex, 

Age, Disease, Group and Race. Both pGroup PMN and pGroupMNC show significant positive 

deviation from the “standard” red line consistent with pGroupLR in Figure 5.33. 

(Analysis C) 
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Figure 5-31b.  Differentially expressed gene list generated from the Association analysis of Cell 

type using the chip ID (Wald test) regression model adjusted for Sex, Age, Disease, Group and 

Race (pGroupLR<1E-4). (Analysis C) 
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Figure 5-32a.  Individual QQ plots of pDiseaseET, pDiseasePV and pDiseaseMF generated from 

the Association analysis of Disease using the chip ID (Wald test) regression model adjusted for 

Sex, Age, Disease, Group and Race. There is some degree of positive deviation in all 3 diseases 

from the “standard” red line consistent with pDiseaseLR in Figure 5.33. (Analysis C) 
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Figure 5-32b.  Differentially expressed gene list generated from the Association analysis of 

Disease using the Chip ID (Wald test) regression model adjusted for Sex, Age, Disease, Group 

and Race (pDiseaseLR<1E-4). (Analysis C) 
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2. Cell type* Disease 

QQ plots of Cell type*Disease showed positive deviation from the “standard” red line for 

PMN and MNC (Figure 5.33a and 5.33b). The QQ plots for PV and PMF (Figure 5.33a 

and 5.33c) as well as for PV and PMF combinations of the interaction between Cell type 

and Disease (i.e. PV*PMN, MF*PMN, PV*MNC and MF*MNC) (Figure 5.33a and 5.33d) 

showed some degree of positive deviation from the “standard” red line consistent with the 

positive deviation seen in pDiseaseLR and pGroup*DiseaseLR respectively in Figure 

5.36a. This has corrected the problem we encountered with the SVA analysis previously 

whereby no correlation was seen with the LR QQ plots. There were 784 genes which were 

significantly (pDiseaseLR<1E-04) differentially expressed (Figure 5.33e). The most 

significantly differentially expressed genes were ITGAM gene (pGroupLR=2.23E-46) and 

LAPTM4B gene (pDiseaseLR=2.15E-20 and FDR_pDiseaseLR=2.09E-16).  

 

As the Chip ID (Wald test) has corrected the problem encountered with the previous SVA 

analyses, subsequent Association analyses were performed with chip ID (Wald test) within 

individual Cell types (PMN, MNC and T cells) with an aim to identify distinct signatures 

for different Disease subtypes within each Cell type. In the Association analyses, each 

Disease subtype (ET, PV and PMF) was compared with normal control.  
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Figure 5-33a.  QQ plots of pDiseaseLR, pRaceLR, pGroupLR and pGroup*DiseaseLR generated 

from the Association analysis using the Chip ID (Wald test) regression model adjusted for Sex, 

Age, Disease, Group, Group*Disease and Race. pGroupLR shows the greatest degree of positive 

deviation from the “standard” red line. When Cell type interacts with Disease 

(pGroup*DiseaseLR), the degree of skewness is significantly reduced. Likelihood ratios (LR) are 

used to test the total effect of multiple cell types, disease groups and race groups (denoted as 

pGroupLR, pDiseaseLR, pGroup*DiseaseLR and pRaceLR) at the beginning of the statistical 

analysis. (Analysis C) 
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Figure 5-33b.  QQ plots of individual pGroupPMN and pGroupMNC generated from the 

Association analysis of Cell type*Disease using the Chip ID (Wald test) regression model adjusted 

for Sex, Age, Disease, Group, Group*Disease and Race. Both pGroupPMN and pGroupMNC 

show significant positive deviation from the “standard” red line consistent with pGroupLR in 

Figure 5.33a. (Analysis C) 
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Figure 5-33c.  QQ plots of individual pDiseaseET, pDiseasePV and pDiseaseMF generated from 

the Association analysis of Cell type*Disease using the Chip ID (Wald test) regression model 

adjusted for Sex, Age, Disease, Group, Group*Disease and Race. The plots for pDiseasePV and 

pDiseaseMF show some degree of positive deviation from the “standard” red line for PV and MF 

consistent with pDiseaseLR in Figure 5.33a. (Analysis C) 
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Figure 5-33d.  Individual QQ plots of individual ET*PMN (pDiseaseET*pGroupPMN), PV*PMN 

(pDiseasePV*pGroupPMN), MF*PMN (pDiseaseMF*pGroupPMN), ET*MNC 

(pDiseaseET*pGroupMNC), PV*MNC (pDiseasePV*pGroupMNC) and MF*MNC 

(pDiseaseMF*pGroupMNC) generated from the Association analysis of Cell type*Disease using 

the Chip ID (Wald test) regression model adjusted for Sex, Age, Disease, Group, Group*Disease 

and Race. The plots for pDiseasePV*pGroupPMN, pDiseaseMF*pGroupPMN, 

pDiseasePV*pGroupMNC and pDiseaseMF*pGroupMNC show some degree of progressive 

positive deviation from the “standard” red line for PV and MF consistent with pDiseaseLR in 

Figure 5.33a. (Analysis C) 
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Figure 5-33e.  Differentially expressed gene lists generated from the Association analysis of Cell 

type*Disease using the Chip ID (Wald test) regression model adjusted for Sex, Age, Disease, 

Group, Group*Disease and Race (pGroupLR<1E-4, pDiseaseLR<1E-4). (Analysis C) 
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3. PMN  

QQ plots showed a continuum of progressive skewness from the “standard” red line from 

ET to PMF to PV (Figure 5.34). There were 410 genes which were significantly 

(pDiseaseLR<1E-04) differentially expressed in ET, PV and PMF (Figure 5.35). The most 

significantly differentially expressed genes were ICAM3 (pDiseaseET=7.20E-05), 

BCL2A1 (pDiseasePV=5.95E-07) and STOM (pDiseaseMF=1.08E-07) for ET, PV and 

PMF respectively. 

 

4. MNC 

QQ plots showed a continuum of progressive skewness from the “standard” red line from 

ET to PV to PMF (Figure 5.36). There were 379 genes which were significantly 

(pDiseaseLR<1E-04) differentially expressed in ET, PV and PMF (Figure 5.37). Gene 

ontologies for the most significantly differentially expressed genes for ET (MIR1974 gene) 

and PMF (HS.276860 gene) cannot be found. The second most significantly differentially 

expressed genes were C12ORF76 (pDiseaseET=8.66E-07) and GADD45A 

(pDiseasMF=3.01E-07) for ET and PMF respectively. The most significantly differentially 

expressed genes was HISTSH2AA4 (pDiseasePV=1.53E-08) for PV. 

 

5. T cell 

QQ plots for all the 3 diseases (ET, PV and PMF) stayed close to the “standard” red line. 

(Figure 5.38). There were 25 genes which were significantly (p-value<1E-04) differentially 

expressed in ET, PV and PMF (Figure 5.39). The most significantly differentially 

expressed genes were IFI44 (pDiseaseET=8.66E-05), RERE  
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Figure 5-34.  QQ plots of individual pDiseaseLR & pDisease for ET, PV and MF generated from 

the Association analysis of Disease in PMN with Chip ID (Wald test) in the regression model 

adjusted for Sex, Age, Disease and Race. There is a continuum of progressive skewness from ET 

to MF to PV in pDisease which is consistent with the appearance seen in pDiseaseLR (above). 

(Analysis C) 
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Figure 5-35.  Differentially expressed gene lists generated for ET, PV and MF from the Association 

analysis of Disease in PMN using the Chip ID (Wald test) regression model adjusted for SVA, 

Sex, Age, Disease and Race (pDiseaseLR<1E-4). (Analysis C) 
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Figure 5-36.  QQ plots of individual pDiseaseLR & pDisease for ET, PV and MF generated from 

the Association analysis of Disease in MNC with Chip ID (Wald test) in the regression model 

adjusted for Sex, Age, Disease and Race. There is a continuum of progressive skewness from ET 

to PV to MF in pDisease which is consistent with the appearance seen in pDiseaseLR (above). 

(Analysis C) 
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Figure 5-37.  Differentially expressed gene lists generated for ET, PV and MF from the Association 

analysis of Disease in MNC using the Chip ID (Wald test) regression model adjusted for SVA, 

Sex, Age, Disease and Race (pDiseaseLR<1E-4). (Analysis C) 
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Figure 5-38.  QQ plots of individual pDiseaseLR & pDisease for ET, PV and MF generated from 

the Association analysis of Disease in T cell with Chip ID (Wald test) in the regression model 

adjusted for Sex, Age, Disease and Race. There is minimal skewness from the “standard” red lines 

for all the 3 diseases which is consistent with the appearance seen in pDiseaseLR (above). 

(Analysis C) 
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Figure 5-39.  Differential expressed gene lists generated for ET, PV and MF from the Association 

analysis of Disease in T cell using the Chip ID (Wald test) regression model adjusted for SVA, 

Sex, Age, Disease and Race (pDiseaseLR<1E-4). (Analysis C) 
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 (pDiseasePV=1.21E-05) and LAPTM4B (pDiseaseMF=3.24E-07) for ET, PV and PMF 

respectively.  

 

In order to compare with the data analyses done without SVA in the previous section, the 42 

samples were broken down further and pairwise comparisons (PMN, MNC and T cell 

comparisons) were done within each cell type (i.e. ET vs NC, PV vs NC and MF vs NC within 

PMN; and the same for MNC and T cell) which also showed good correlation between the 

individual pDiseaseLR and the individual pDisease within each cell type (Figure 5.40 to 5.45). 

However, the gene lists generated from the pairwise comparisons were very different from the 

ones generated earlier (with 42 samples) for PMN, MNC and T cells. Subsequent GO, Functional 

classifications & Pathway analyses of the gene lists were performed on the results obtained from 

the analysis of the 42 samples as data analysis on a large sample size was thought to be statistically 

more accurate and significant.  

 

vi) GO, Functional classification & Pathway analyses of gene lists 

The gene ontologies for the most differentially expressed genes as well as the Functional 

classification & Pathway analyses of the gene lists for the Association & Class Prediction analyses 

of all 5 interpretations were performed using PANTHER Classification System and the KEGG 

database. The results are summarized in Tables 5.7a to 5.7d. 
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Figure 5-40.  QQ plots of individual pDiseaseLR & pDisease for ET, PV and MF generated from 

the Association analysis of individual pairs of Disease in PMN with Chip ID (Wald test) in the 

regression model adjusted for Sex, Age, Disease and Race. There is a continuum of progressive 

skewness from ET to MF to PV in pDisease which is consistent with the appearance seen in 

pDiseaseLR (above). (Analysis C) 
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Figure 5-41.  Differentially expressed gene lists generated for ET, PV and MF from the Association 

analysis of individual pairs of Disease in PMN using the Chip ID (Wald test) regression model 

adjusted for SVA, Sex, Age, Disease and Race (pDiseaseLR<1E-4). (Analysis C) 
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Figure 5-42.  QQ plots of individual pDiseaseLR & pDisease for ET, PV and MF generated from 

the Association analysis of individual pairs of Disease in MNC with Chip ID (Wald test) in the 

regression model adjusted for Sex, Age, Disease and Race. There is a continuum of progressive 

skewness from ET to MF to PV in pDisease which is consistent with the appearance seen in 

pDiseaseLR (above). (Analysis C) 
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Figure 5-43.  Differentially expressed gene lists generated for ET, PV and MF from the Association 

analysis of individual pairs of Disease in MNC using the Chip ID (Wald test) regression model 

adjusted for SVA, Sex, Age, Disease and Race (pDiseaseLR<1E-4). (Analysis C) 
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Figure 5-44.  QQ plots of individual pDiseaseLR & pDisease for ET, PV and MF generated from 

the Association analysis of individual pairs of Disease in T cell with Chip ID (Wald test) in the 

regression model adjusted for Sex, Age, Disease and Race. There is a continuum of progressive 

skewness from ET to MF to PV in pDisease which is consistent with the appearance seen in 

pDiseaseLR (above). (Analysis C) 
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Figure 5-45.  Differentially expressed gene lists generated for ET, PV and MF from the Association 

analysis of individual pairs of Disease in T cell using the Chip ID (Wald test) regression model 

adjusted for SVA, Sex, Age, Disease and Race (pDiseaseLR<1E-4). (Analysis C) 
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Interpretation 

 

Analysis 

Most 

differentially 

expressed 

gene 

 

Gene ontology of the most differentially expressed gene 

 

Functional classification 

(gene list) 

 

Pathways  (gene list) 

 

Cell type 

Association analysis 

PMN/MNC 

vs 

T cell 

RAB11FIP1 

 

The RAB11 Family Interacting Protein 1 (Class 1) gene is situated at 

chromosome 8p11.22 and was most significantly differentially expressed 
with a pGroupLR of 3.17E-48. This gene encodes one of the Rab 11-

family interacting proteins (Rab11-FIPs), which play a role in the Rab-11 

mediated recycling of vesicles. The encoded protein may be involved in 
endocytic sorting, trafficking of proteins including integrin subunits and 

epidermal growth factor receptor (EGFR), and transport between the 

recycling endosome and the trans-Golgi network. 
 

 

Functional classification 

(biological processes) of the 
differentially expressed genes 

were mainly involved in 

metabolic & cellular 
processes and biological 

regulation. 

 

The differentially expressed genes were 

mainly involved in inflammation 
mediated by chemokine and cytokine 

signaling pathway, heterotrimeric G-

protein signaling pathway-Gi alpha and 
Gs alpha mediated pathway, Wnt 

signaling pathway, metabolic pathways 

and pathways in cancer. 
 

Disease 
ET/PV/MF 

vs 

NC 

LAPTM4B 

 

The Lysosomal Protein Transmembrane 4 Beta gene is situated at 
chromosome 8q22.1 and was the second most significantly differentially 

expressed with pDiseaseLR=5.88E-19 and FDR_pDiseaseLR=2.87E-

15. Gene ontology for this gene has been discussed earlier. 

 

Functional classification 
(biological processes) of the 

differentially expressed genes 

were mainly involved in 
metabolic & cellular 

processes and biological 

regulation. 

 

The differentially expressed genes were 
mainly involved in inflammation 

mediated by chemokine and cytokine 

signaling pathway, heterotrimeric G-
protein signaling pathway-Gi alpha and 

Gs alpha mediated pathway, Wnt 

signaling pathway, metabolic pathways 
and pathways in cancer. 

Cell type *Disease 

PMN*ET/ 

PMN*PV/ 

PMN*MF/ 

MNC*ET/ 

MNC*PV/ 

MNC*MF 

vs 

T cell*NC 

ITGAM 

 

 

 

LAPTM4B 

 
The Integrin, Alpha M (Complement Component 3 Receptor 3 Subunit) 

gene is situated on chromosome 16p11.2 and was most significantly 

differentially expressed with pGroupLR=2.23E-46. This gene encodes 
the integrin alpha M chain. The alpha M beta 2 integrin is important in the 

adherence of neutrophils and monocytes to stimulated endothelium, and 

also in the phagocytosis of complement coated particles.  
 

The Lysosomal Protein Transmembrane 4 Beta gene is situated at 

chromosome 8q22.1 and was most significantly differentially expressed 
with pDiseaseLR=2.15E-20 and FDR_pDiseaseLR=2.09E-16. Gene 

ontology for this gene has been discussed earlier. 

 

 
Functional classification 

(biological processes) of the 

differentially expressed genes 
were mainly involved in 

metabolic & cellular 

processes and biological 
regulation. 

 
The differentially expressed genes were 

mainly involved in inflammation 

mediated by chemokine and cytokine 
signaling pathway, Wnt and Integrin 

signaling pathway, metabolic pathways 

and pathways in cancer. 

Table 5-7a. Association analyses for Cell type, Disease and Cell type*Disease – gene ontologies of the most differentially expressed 

genes, functional classifications of the gene lists and pathways involved in the gene lists (PMN=polymorphonuclear cells; 

MNC=mononuclear cells; ET=essential thrombocythemia; PV=polycythemia vera; MF=primary myelofibrosis; NC=normal control). 

(Analysis C) 
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Interpretation 

 

Analysis 

Most 

differentially 

expressed 

gene 

 

 

Gene ontology of the most differentially expressed gene 

 

Functional classification (gene list) 

 

Pathways  (gene list) 

PMN 

Association analysis 

ET vs NC ICAM3 

 

The Intercellular Adhesion Molecule 3 gene is situated at 

chromosome 19p13.3-p13.2 and was most significantly 
differentially expressed with pDiseaseET=7.20E-05. The 

protein encoded by this gene is a member of the intercellular 

adhesion molecule (ICAM) family and is constitutively and 

abundantly expressed by all leucocytes and may be the most 

important ligand for LFA-1 in the initiation of the immune 

response. It functions not only as an adhesion molecule, but 
also as a potent signaling molecule. 

 

 

Functional classification (biological 

processes) of the differentially expressed 
genes were mainly involved in metabolic 

& cellular processes and biological 

regulation. 

 

The differentially expressed genes were 

mainly involved in inflammation 
mediated by chemokine and cytokine 

signaling pathway, Wnt and Integrin 

signaling pathway, metabolic pathways 

and pathways in cancer. 

PV vs NC BCL2A1 

 

The BCL2-Related Protein A1 gene is situated at chromosome 
15q24.3 and was most significantly differentially expressed 

with pDiseasePV=5.95E-07. This gene encodes a member of 

the BCL-2 protein family. The proteins of this family form 
hetero- or homodimers and act as anti- and pro-apoptotic 

regulators that are involved in a wide variety of cellular 

activities such as embryonic development, homeostasis and 
tumorigenesis. It is a direct transcription target of NF-kappa B 

in response to inflammatory mediators, and is up-regulated by 

different extracellular signals, such as GM-CSF, TNF and IL-

1, which suggests a cytoprotective function that is essential for 

lymphocyte activation and cell survival. 
 

 

Functional classification (biological 
processes) of the differentially expressed 

genes were mainly involved in metabolic 

& cellular processes and biological 
regulation. 

 

The differentially expressed genes were 
mainly involved in inflammation 

mediated by chemokine and cytokine 

signaling pathway, Wnt and Integrin 
signaling pathway, metabolic pathways 

and pathways in cancer. 

MF vs NC STOM 

 

The Stomatin gene is situated on chromosome 9q34.1 and was 

most significantly differentially expressed with 
pDiseaseMF=1.08E-07. This gene encodes a member of a 

highly conserved family of integral membrane proteins. The 

encoded protein localizes to the cell membrane of red blood 
cells and other cell types, where it may regulate ion channels 

and transporters. Loss of localization of the encoded protein is 

associated with hereditary stomatocytosis, a form of 
haemolytic anaemia. 

 

 

Functional classification (biological 

processes) of the differentially expressed 
genes were mainly involved in metabolic 

& cellular processes and biological 

regulation. 

 

The differentially expressed genes were 

mainly involved in inflammation 
mediated by chemokine and cytokine 

signaling pathway, Wnt and Integrin 

signaling pathway, metabolic pathways 
and pathways in cancer. 

Table 5-7b. Association analyses for PMN – gene ontologies of the most differentially expressed genes, functional classifications of the 

gene lists and pathways involved in the gene lists (PMN=polymorphonuclear cells; ET=essential thrombocythemia; PV=polycythemia 

vera; MF=primary myelofibrosis; NC=normal control). (Analysis C) 
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Interpretation 

 

Analysis 

Most 

differentially 

expressed 

gene 

 

Gene ontology of the most differentially expressed gene 

 

Functional classification (gene list) 

 

Pathways  (gene list) 

MNC 

Association analysis 

ET vs NC C12ORF76 

 

The Chromosome 12 Open Reading Frame 76 gene is situated at 

chromosome 12q24.11 and was the second most significantly 
differentially expressed with pDiseaseET=8.66E-07.  It is a protein 

coding gene. 

 

Functional classification (biological 

processes) of the differentially 
expressed genes were mainly 

involved in metabolic & cellular 

processes and biological regulation. 

 

The differentially expressed genes were 

mainly involved in inflammation 
mediated by chemokine and cytokine 

signaling pathway, Wnt & Integrin 

signaling pathway, PI3K-Akt signaling 
pathway and pathways in cancer. 

PV vs NC HIST2H2AA4 

 

The Histone Cluster 2, H2aa4 is situated at chromosome 1q21.2 

and was most significantly differentially with pDiseasePV=1.53E-

08. The Histone Cluster 2, H2aa4 gene is situated at chromosome 

1q21.2 and was most significantly differentially with 

pDiseaseLR=8.25E-09 and FDR_pDiseaseLR=8.04E-05. 
Histones are basic nuclear proteins that are responsible for the 

nucleosome structure of the chromosomal fiber. Nucleosomes wrap 

and compact DNA into chromatin, limiting DNA accessibility to 
the cellular machineries which require DNA as a template. 

Histones therefore play a central role in transcription regulation, 

DNA repair, DNA replication and chromosomal stability. 
 

 

Functional classification (biological 

processes) of the differentially 
expressed genes were mainly 

involved in metabolic & cellular 

processes and biological regulation. 

 

The differentially expressed genes were 

mainly involved in inflammation 
mediated by chemokine and cytokine 

signaling pathway, Wnt & Integrin 

signaling pathway, PI3K-Akt signaling 
pathway and pathways in cancer. 

MF vs NC GADD45A 

 

The Growth Arrest And DNA-Damage-Inducible, Alpha gene is 

situated on chromosome 1p31.2 and was second most significantly 
differentially expressed with pDiseasMF=3.01E-07. This gene is a 

member of a group of genes whose transcript levels are increased 

following stressful growth arrest conditions and treatment with 
DNA-damaging agents. The protein encoded by this gene responds 

to environmental stresses by mediating activation of the p38/JNK 

pathway via MTK1/MEKK4 kinase. The DNA damage-induced 
transcription of gene is mediated by both p53-dependent and –

independent mechanisms. Among its related pathways are MAPK 

signaling pathway. GO annotations related to this gene include core 
promoter binding. 

 

 

Functional classification (biological 

processes) of the differentially 
expressed genes were mainly 

involved in metabolic & cellular 

processes and biological regulation. 

 

The differentially expressed genes were 

mainly involved in inflammation 
mediated by chemokine and cytokine 

signaling pathway, Wnt & Integrin 

signaling pathway, PI3K-Akt signaling 
pathway and pathways in cancer. 

 

Table 5-7c. Association analyses for MNC – gene ontologies of the most differentially expressed genes, functional classifications of the 

gene lists and pathways involved in the gene lists (MNC=mononuclear cells; ET=essential thrombocythemia; PV=polycythemia vera; 

MF=primary myelofibrosis; NC=normal control). (Analysis C) 
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Interpretation 

 

Analysis 

 

Most 

differentially 

expressed 

gene 

 

 

Gene ontology of the most differentially expressed gene 

 

Functional classification (gene list) 

 

Pathways  (gene list) 

T cell 

Association analysis 

ET vs NC IFI44 

 

The Interferon-Induced Protein 44 gene is situated at 

chromosome 1p31.1 and was most significantly differentially 

expressed with pDiseaseET=8.66E-05.  It is a protein coding 

gene whereby the protein aggregates to form microtubular 
structures. 

 

Functional classification (biological 

processes) of the differentially expressed 

genes were mainly involved in metabolic 

& cellular processes and localization. 

 

The differentially expressed genes were 

mainly involved in inflammation 

mediated by chemokine and cytokine 

signaling pathway, and various signaling 
pathways. 

 

PV vs NC RERE 

 

The Arginine-Glutamic Acid Dipeptide (RE) Repeats gene is 
situated at chromosome 1p36.23 and was most significantly 

differentially expressed with pDiseasePV=1.21E-05. This 

gene encodes a member of the atrophin family of arginine-
glutamic acid (RE) dipeptide repeat-containing proteins. The 

encoded protein co-localizes with a transcription factor in the 

nucleus, and its overexpression triggers apoptosis. GO 
annotationos related to this gene include sequence-specific 

DNA binding transcription factor activity and chromatin 

binding. 

 

 

Functional classification (biological 
processes) of the differentially expressed 

genes were mainly involved in metabolic 

& cellular processes and localization. 

 

The differentially expressed genes were 
mainly involved in inflammation 

mediated by chemokine and cytokine 

signaling pathway, and various signaling 
pathways. 

MF vs NC LAPTM4B 

 

This Lysosomal Protein Transmembrane 4 Beta gene is situated 
at chromosome 8q22.1 and was most significantly 

differentially expressed with pDiseaseMF=3.24E-07. Gene 

ontology for this gene has been discussed earlier. 

 

Functional classification (biological 
processes) of the differentially expressed 

genes were mainly involved in metabolic 

& cellular processes and localization. 

 

The differentially expressed genes were 
mainly involved in inflammation 

mediated by chemokine and cytokine 

signaling pathway, and various signaling 
pathways. 

 

 

Table 5-7d. Association analyses for T cell – gene ontologies of the most differentially expressed genes, functional classifications of the 

gene lists and pathways involved in the gene lists (ET=essential thrombocythemia; PV=polycythemia vera; MF=primary myelofibrosis; 

NC=normal control). (Analysis C) 
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5.3.2 RNA-seq on Validation cohort 

5.3.2.1   Sample details 

A total of 48 (i.e. 16 x 3 cell types) RNA samples of the 12 patients (4 ET, 4 PV and 4 PMF) and 

4 normal controls were processed using Clontech/Nextera kit in a single batch and sequenced using 

the HiSeq Rapid Run (Table 5.1). 

 

5.3.2.2   Quality of raw data 

Between 4 to 7 million reads reads were generated and trimmed. Following trimming, >60% of 

the reads were aligned to the Human Genome version 37 (Hg19) for 46 out of the 48 samples, and 

the majority of the samples achieved between 80 to 90% mapping. Only 2 samples achieved <60% 

mapping: 30.6% for one PMN sample from a normal control and 55.4% for one T cell sample from 

an ET patient (Figure 5.46). All the samples were used for data analysis.  

5.3.2.3   Data analysis 

i) Data normalization and log2 transformation 

In Partek, the data from BAM files was initially normalized (using RPKM normalization) and log2 

transformed in order to minimize systematic non-biological differences so that true biological 

differences can be revealed. Figure 5.47 shows the distributions of normalized expression values 

for each array in a Box Whisker Plot.  
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               Figure 5-46. Quality control of RNA-seq raw data. 
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Figure 5-47.  Distributions of normalized expression values for  

each sample in a Box Whisker Plot. 
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ii) Quality control of samples 

As with Microarray, Principal Components Analysis (PCA) was performed on Cell type in 

combination with disease, sex or race of the dataset (Figure 5.48 and 5.49). In all the 3 PCAs, there 

were clear clustering of PMN from the MNC and T cells. However, clustering of the different 

disease subtypes, sexes and races within each cell type were not as apparent.   

 

iii) Sources of variation  

Figure 5.50 shows the various sources of variation in the dataset: cell type being the most 

prominent source of variation followed by disease.  

 

iv) Statistical analysis 

Depending on whether one or two variables were examined, statistical analyses of the batch-

corrected data were performed using 1-way and 2-way ANOVA tests respectively. A p-value of 

<0.05 and/or a fold change of >2 or <-2 were taken to indicate genes which were differentially 

expressed in the groups analyzed. In each case, multiple-test corrections using False Discovery 

Rate (FDR) were applied to keep the overall rate of false positives low. 5 different interpretations 

were performed as shown in Table 5.2. Within each interpretation, either Association or Class 

Prediction, or both, analyses were performed as listed below: 

1. Cell type, Disease – Class Prediction (1-way ANOVA) 

2. Cell type* Disease – Class Prediction (2-way ANOVA) 

3. PMN – Association & Class Prediction (1-way ANOVA) 

4. MNC – Association & Class Prediction (1-way ANOVA) 

5. T cell – Association & Class Prediction (1-way ANOVA) 
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    Figure 5-48. PCA of Cell type + Disease. 
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Figure 5-49. PCAs of Cell type + Sex (above) and Cell type + Race (below).  
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Figure 5-50. Sources of variation of the dataset: Cell type is the most prominent  

source of variation followed by Disease. 
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For the first interpretation, 2 variables (Cell type and Disease) were examined individually using 

a 1-way ANOVA test taking into account 1 ANOVA factor:  Cell type or Disease. For the second 

interpretation, the 2 variables (Cell type and Disease) were examined in combination using a 2-

way ANOVA test taking into account 2 ANOVA factors:  Cell type and Disease. Only Class 

Prediction (and not Association) analyses were performed on the first and second interpretation. 

For the third to fifth interpretation, both Association and Class Prediction analyses were performed 

on the various disease subtypes within each cell type (PMN, MNC and T cell) using 1-way 

ANOVA tests taking into account 1 ANOVA factor: ET, PV, MF and/or NC. 

 

v) Differentially expressed gene lists & Hierarchical clustering 

Following statistical analyses from the step above, “unfiltered” differentially expressed genes were 

generated in Partek from the different interpretations. These genes were subsequently “filtered” to 

generate separate gene lists with p<0.05 (adjusted for FDR) for each interpretation. In order to 

determine the relationships between the different cell and disease subtypes, hierarchical clustering 

was performed on the significantly (p<0.05) differentially expressed gene lists. Hierarchical 

clustering determines the misclassification of samples within each class providing an independent 

assessment of relationships among the specimens based on their expression profiles. Results of the 

5 different interpretations are presented in the following sections: 
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To determine the relationships between the different disease subtypes, hierarchical clustering was 

done on the differentially expressed gene lists produced from statistical analyses in the step above. 

Results of the 5 different interpretations are presented in the following sections: 

 

1. Cell type, Disease 

PCA of the Cell type (Figure 5.51a and 5.51b) data showed clear clustering of the Cell 

types. There were 11,485 genes which were significantly (p-value <0.05) differentially 

expressed in Cell type. Hierarchical clustering of the differentially expressed gene lists 

showed clear clustering for Cell type. The most significantly differentially expressed gene 

was MXD1 gene for Cell type (p-value 3.70E-30). Dot plot for the intensity values of the 

different cell types (Figure 5.51c) showed clear clustering of the different cell types for the 

MXD1 gene with the strongest expression in PMN, distinct from MNC and T cells. 

  

PCA of the Disease (Figure 5.52a and 5.52b) data showed no clustering of Diseases. There 

were 231 genes which were significantly (p-value <0.05) differentially expressed in 

Disease. Hierarchical clustering of the differentially expressed gene lists showed no 

obvious clustering for Disease. The most significantly differentially expressed gene was 

AHSP gene for Disease (p-value 1.63E-11).   
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Figure 5-51a. PCA and differentially expressed gene list (p<0.05) for the Class Prediction  

analysis of Cell type using 1-way ANOVA analysis. 
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Figure 5-51b.  Hierarchical Clustering and GO enrichment (biological process) for the Class 

Prediction analysis of Cell type using 1-way ANOVA analysis. 
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Figure 5-51c.  Dot plot for the intensity values of the different cell types showing clear clustering 

of the different cell types for the MXD1 gene with the strongest expression in PMN, distinct from 

MNC and T cells. 
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Figure 5-52a. PCA and differentially expressed gene list (p<0.05) for the Class Prediction  

analysis of Disease using 1-way ANOVA analysis. 
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Figure 5-52b.  Hierarchical Clustering and GO enrichment (biological process) for the Class 

Prediction analysis of Disease using 1-way ANOVA analysis. 
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2. Cell type* Disease 

PCA of the Cell type*Disease data showed some clustering of the PMF samples from the 

other disease subtypes in all cell types (Figure 5.53a and 5.53b). There were 60 genes which 

were significantly (p-value <0.05) differentially expressed in Cell type*Disease. However, 

hierarchical clustering of the differentially expressed gene list for Cell type*Disease did 

not show any clear clustering of the disease subtypes. The most significantly differentially 

expressed gene was PIEZO2 gene (p-value 7.77E-15).   

 

There were 3 genes which were commonly differentially expressed in Cell type, Disease 

and Cell type*Disease (see Venn Diagram in Figure 5.53c). The most significantly 

differentially expressed gene was PIEZO2 gene (p-value 7.77E-15).  

 

As initial analyses above showed clear clustering for Cell type but not Disease or Cell 

type*Disease, subsequent Association and Class Prediction analyses were performed 

within individual Cell types (PMN, MNC and T cell) with an aim to identify distinct 

signatures for different Disease subtypes within each Cell type. In the Association analysis, 

each disease subtype (ET, PV and PMF) was compared with normal control. In the Class 

Prediction analysis, all the 3 disease subtypes were analysed along with normal control.  
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Fig 5-53a.  PCA and differentially expressed gene list (p<0.05) for the Class Prediction analysis 

of Cell type*Disease using 2-way ANOVA analysis.  
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Fig 5-53b.  Hierarchical Clustering and GO enrichment (biological process) for the Class 

Prediction analysis of Cell type*Disease using 2-way ANOVA analysis. 
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Fig 5-53c. Differentially expressed gene lists (p<0.05) for the Class Prediction analyses of Cell 

type, Disease and Cell type*Disease. There were 3 genes (overlapping area between the 3 datasets) 

which were commonly differentially expressed for the 3 gene lists, with GYG1 gene being the 

most differentially expressed. 
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3. PMN  

Association analysis 

The PCAs showed clustering of ET vs. NC, PV vs. NC and PMF vs. NC (Figure 5.54a and 

5.54b). There were 2, 58 and 133 genes which were significantly differentially expressed 

in ET vs. NC, PV vs. NC and PMF vs. NC respectively (p-value <0.05). Hierarchical 

clustering of the individual gene lists for PMN showed distinct clustering of ET vs. NC, 

PV vs. NC and PMF vs. NC (p-value <0.05). The most significantly overexpressed genes 

were ZSWIM3 gene for ET vs. NC and PV vs. NC (p-value 1.88-07 for both) and 

HIST1H4K gene for PMF vs. NC (p-value 1.23E-11).  

 

Class prediction analysis 

The PCA showed some clustering of PV and PMF from ET and NC (Figure 5.54c and 

5.54d). There were 105 genes which were significantly differentially expressed (p-value 

<0.05). Hierarchical clustering of the gene list showed distinct clustering of all the Disease 

subtypes and NC. The most significantly differentially expressed gene was HIST1H4K 

gene (p-value 1.23E-11).  
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Fig 5-54a.  PCAs and differentially expressed gene lists (p<0.05) for the Association 

analyses of different disease subtypes in PMN using 1-way ANOVA analysis.  
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Fig 5-54b.  Hierarchical Clustering and GO enrichments (biological process) for the 

Association analyses of PMN using 1-way ANOVA analysis. 
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Fig 5-54c.  PCA and differentially expressed gene list (p<0.05) for the Class Prediction  

analysis of PMN using 1-way ANOVA analysis.  
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Fig 5-54d.  Hierarchical Clustering and GO enrichment (biological process) for the Class 

Prediction analysis of PMN using 1-way ANOVA analysis. 
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4. MNC 

Association analysis 

The PCAs showed clustering of ET vs. NC, PV vs. NC and PMF vs. NC (Figure 5.55a and 

5.55b) which were more prominent when compared to PMN. There were 1, 2 and 151 

genes which were significantly differentially expressed in ET vs NC, PV vs. NC and PMF 

vs. NC respectively (p-value <0.05). Hierarchical clustering of the individual gene lists for 

MNC showed distinct clustering of ET vs. NC, PV vs. NC and PMF vs. NC. The most 

significantly overexpressed genes were SLMO2-ATP5E gene for ET vs. NC (p-value 

3.93E-08), CENPA gene for PV vs. NC (p-value 1.67E-13) and SHOX2 gene for PMF vs. 

NC (p-value 2.90E-14).  

 

Class prediction analysis 

The PCA showed distinct clustering of PMF from NC (Figure 5.55c and 5.55d). There 

were 76 genes which were significantly differentially expressed (p-value <0.05). 

Hierarchical clustering of the gene list showed distinct clustering of all the Disease 

subtypes and NC. The most significantly differentially expressed gene was SHOX2 gene 

(2.90E-14).  
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Fig 5-55a.  PCAs and differentially expressed gene lists (p<0.05) for the Association 

analyses of different disease subtypes in MNC using 1-way ANOVA analysis.  
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Fig 5-55b.  Hierarchical Clustering and GO enrichments (biological process) for  

the Association analyses of MNC using 1-way ANOVA analysis. 
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Fig 5-55c.  PCA and differentially expressed gene list (p<0.05) for the Class Prediction  

analysis of MNC using 1-way ANOVA analysis.  
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Fig 5-55d.  Hierarchical Clustering and GO enrichment (biological process) for  

the Class Prediction analysis of MNC using 1-way ANOVA analysis. 
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5. T cell 

Association analysis 

The PCAs showed clustering of ET vs. NC, PV vs. NC and PMF vs. NC (Figure 5.56a and 

5.56b). There were 3, 9 and 2 genes which were significantly differentially expressed in 

ET vs NC, PV vs. NC and PMF vs. NC respectively (p-value <0.05). Hierarchical 

clustering of the individual gene lists for T cell showed distinct clustering of ET vs. NC, 

PV vs. NC and PMF vs. NC. The most significantly underexpressed gene was IL17D gene 

(p-value 8.42E-19) for ET vs. NC, PV vs. NC and PMF vs. NC.  

 

Class prediction analysis  

The PCA showed no distinct clustering pattern of the Disease subtypes and NC (Figure 

5.56c and 5.56d). There were 9 genes which were significantly differentially expressed (p-

value <0.05). Hierarchical clustering of the gene list showed distinct clustering of all the 

Disease subtypes and NC. The most significantly differentially expressed gene was IL17D 

gene (8.42E-19).  

 

vi) GO, GO Enrichment & Pathway analyses of gene lists 

The gene ontologies for the most differentially expressed genes as well as the GO enrichments & 

Pathway analyses of the gene lists for the Association & Class Prediction analyses of all 5 

interpretations were performed using PANTHER Classification System and the KEGG database. 

The results are summarized in Tables 5.8a to 5.8d. 
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Fig 5-56a.  PCAs and differentially expressed gene lists (p<0.05) for the Association 

analyses of different disease subtypes in T cell using 1-way ANOVA analysis.  
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Fig 5-56b.  Hierarchical Clustering and GO enrichments (biological process) for  

the Association analyses of T cell using 1-way ANOVA analysis. 
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Fig 5-56c.  PCA and differentially expressed gene list (p<0.05) for the  

Class Prediction analysis of MNC using 1-way ANOVA analysis.  
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Fig 5-56d.  Hierarchical Clustering and GO enrichment (biological process) for  

the Class Prediction analysis of T cell using 1-way ANOVA analysis. 
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Interpretation 

 

Analysis 

Most 

differentially 

expressed 

gene 

 

Gene ontology of the most differentially expressed gene 

 

GO enrichment (gene list) 

 

Pathways  (gene list) 

 

Cell type 

Class Prediction analysis 

PMN/MNC/ 

T cell 

MXD1 

 
The MAX Dimerization Protein 1 gene is situated on 

chromosome 2p13-p12 and was most significantly 

differentially expressed with a p-value of 3.70E-30. This gene 
encodes a member of the MYC/MAX/MAD network of basic 

helix-loop-helix leucine zipper transcription factors which 

mediate cellular proliferation, differentiation and apoptosis. 
Mutations in this gene may play a role in acute leukemia, and 

the encoded protein is a potential tumor suppressor. 

 

 
GO enrichment (biological processes) of 

the differentially expressed genes showed 

highest enrichment scores for metabolic 
process (254.49), cellular component 

organization or biogenesis (88.44) and 

immune system process (80.01). 
 

 
The differentially expressed genes were 

mainly involved in inflammation 

mediated by chemokine and cytokine 
signaling pathway, Wnt and Integrin 

signaling pathway, metabolic pathways, 

pathways in cancer and PI3K-Akt 
signaling pathway. 

 

Disease ET/PV/MF/NC AHSP 

 

The Alpha Haemoglobin Stabilizing Protein gene is situated on 

chromosome 16p11.2 and was most significantly differentially 
expressed with a p-value of 1.63E-11. GO annotations related 

to this gene include unfolded protein binding and haemoglobin 

binding. The protein encoded by this gene acts as a chaperone 
to prevent the harmful aggregation of alpha-haemoglobin 

during normal erythroid cell development.  

 

 

GO enrichment (biological processes) of 

the differentially expressed genes showed 
highest enrichment scores for cell killing 

(11.45), multicellular organismal process 

(11.44) and immune system process 
(10.79). 

 

 

The differentially expressed genes were 

mainly involved in inflammation 
mediated by chemokine and cytokine 

signaling pathway, CCKR & Endothelin 

signaling pathways, metabolic pathways, 
platelet activation and transcriptional 

misregulation in cancer. 

 

Cell type *Disease 

 

PMN*ET/ 

PMN*PV/ 

PMN*MF/ 

MNC*ET/ 

MNC*PV/ 

    MNC*MF/ 

T cell*ET/ 

T cell*PV/ 

    T cell*MF 

PIEZO2 

 
The Piezo-Type Mechanosensitive Ion Channel Component 2 

gene is situated on chromosome 18p11.22 and was most 

significantly differentially expressed with a p-value of 7.77E-

15. The protein encoded by this gene contains more than 30 

transmembrane domains and likely functions as part of 

mechanically-activated cation channels which serve to connect 
mechanical forces to biological signals.  

 

 
GO enrichment (biological processes) of 

the differentially expressed genes showed 

highest enrichment scores for 
reproductive process (5.62), single-

organism process (5.13) and 

developmental process (4.43). 
 

 
The differentially expressed genes were 

mainly involved metabolic pathways, 

proteoglycans in cancer, leucocyte 
transendothelial migration, pathways in 

cancer, mTOR signaling pathway and 

osteoclast differentiation.  
 

 

Table 5-8a. Class Prediction analyses for Cell type, Disease and Cell type*Disease – gene ontologies of the most differentially expressed 

genes, GO enrichments of the gene lists and pathways involved in the gene lists (PMN=polymorphonuclear cells; MNC=mononuclear 

cells; ET=essential thrombocythemia; PV=polycythemia vera; MF=primary myelofibrosis; NC=normal control).  
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Interpretation 

 

Analysis 

Most 

differentially 

expressed 

gene 

 

Gene ontology of the most differentially expressed gene 

 

GO enrichment (gene list) 

 

Pathways  (gene list) 

PMN 

Association analysis 

 

ET vs NC 

 

ZSWIM3 

 

The Zinc Finger, SWIM-Type Containing 3 gene is situated on 

chromosome 20q13.12 and was most significantly 
differentially expressed with a p-value of 1.88E-07. It is 

protein coding gene. 

 

 

GO enrichment (biological processes) of the 

differentially expressed genes showed 
highest enrichment scores for localization 

(0.97), metabolic process (0.25) and 

biological regulation (0.2).  
 

 

No pathway was identified.  

PV vs NC ZSWIM3 

 

The Zinc Finger, SWIM-Type Containing 3 gene is situated on 

chromosome 20q13.12 and was most significantly 
differentially expressed with a p-value of 1.88E-07. It is 

protein coding gene. 

 

 

GO enrichment (biological processes) of the 

differentially expressed genes showed 
highest enrichment scores for immune 

system process (9.53), multi-organism 

process (5.78) and localization (5.25). 
 

 

The differentially expressed genes 

were mainly involved in metabolic 
pathways, phagosome, carbon 

metabolism and HIF-1 signaling 

pathway. 

MF vs NC HIST1H4K 

 

The Histone Cluster 1, H4k gene is situated on chromosome 
6p22.1 and was most significantly differentially expressed with 

a p-value of 1.23E-11.  This gene is intronless and encodes a 

member of the histone H4 family. Transcripts from this gene 
lack polyA tails but instead contain a palindromic termination 

element. This gene is found in the small histone gene cluster on 

chromosome 6p22-p21.3.  

 

 

GO enrichment (biological processes) of the 
differentially expressed genes showed 

highest enrichment scores for immune 

system process (9.74), multi-organism 
process (5.37) and response to stimulus 

(4.95) 

 

The differentially expressed genes 
were mainly involved in metabolic 

pathways, carbon metabolism, 

glycolysis/gluconeogenesis, HIF-1 and 
NOD-like receptor signaling 

pathways. 

 

 

Class Prediction analysis 

ET/PV/MF/NC HIST1H4K 

 

The Histone Cluster 1, H4k gene is situated on chromosome 
6p22.1 and was most significantly differentially expressed with 

a p-value of 1.23E-11.  This gene is intronless and encodes a 

member of the histone H4 family. Transcripts from this gene 
lack polyA tails but instead contain a palindromic termination 

element. This gene is found in the small histone gene cluster on 

chromosome 6p22-p21.3.  
 

 

GO enrichment of the differentially 
expressed genes showed highest enrichment 

scores for immune system process (16.06), 

multi-organism process (6.12) and 
locomotion (3.29). 

 

 

The differentially expressed genes 
were mainly involved in metabolic 

pathways, regulation of actin 

cytoskeleton, carbon metabolism, 
proteasome and leucocyte 

transendothelial migration. 

 

Table 5-8b. Association & Class Prediction analyses for PMN – gene ontologies of the most differentially expressed genes, GO 

enrichments of the gene lists and pathways involved in the gene lists (PMN=polymorphonuclear cells; ET=essential thrombocythemia; 

PV=polycythemia vera; MF=primary myelofibrosis; NC=normal control). 
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Interpretation 

 

Analysis 

Most 

differentially 

expressed 

gene 

 

Gene ontology of the most differentially expressed gene 

 

GO enrichment (gene list) 

 

Pathways  (gene list) 

MNC 

Association analysis 

ET vs NC SLMO2-

ATP5E 

The SLMO2-ATP5E gene is situated on chromosome 7q31.33 and 

was most significantly differentially expressed with a p-value of 

3.93E-08. This locus represents naturally occurring read-through 
transcription between the neighbouring SLMO2 (slowmo homolog 2 

(Drosophila)) and ATP5E (ATP synthase, H+ transporting, 

mitochondrial F1 complex, epsilon subunit) genes on chromosome 
20. The read-through transcript is a candidate for nonsense-mediated 

mRNA decay, and is unlikely to produce a protein product. 

No GO enrichment was identified.  No pathway was identified.  

PV vs NC CENPA 

The Centromere Protein A gene is situated on chromosome 2p23.3 

and was most significantly differentially expressed with a p-value of 

1.67E-13. CENPA encodes a centromere protein which contains a 

histone H3 related histone fold domain that is required for targeting 

to the centromere. GO annotations related to this gene include protein 
heterodimerization activity and chromatin binding. 

GO enrichment (biological processes) 

of the differentially expressed genes 
showed highest enrichment scores for 

locomotion (2.39), multi-organism 

process (2.03) and multicellular 
organismal process (1.15). 

The differentially expressed genes 

were mainly involved in proteoglycans 
in cancer, complement and coagulation 

cascades, microRNAs in cancer, 

transcriptional misregulation in cancer 
and NF-kappa B signaling pathway. 

 

MF vs NC SHOX2 

The Short Stature Homeobox 2 gene is situated on chromosome 
3q25.32 and was most significantly differentially expressed with a p-

value of 2.90E-14. This gene is a member of the homeobox family 

of genes that encode proteins containing a 60-amino acid residue 
motif that represents a DNA binding domain. Homeobox genes have 

been characterized extensively as transcriptional regulators involved 

in pattern formation in both invertebrate and vertebrate species. 

GO enrichment (biological processes) 
of the differentially expressed genes 

showed highest enrichment scores for 

locomotion (10.69), biological 
adhesion (7.60) and single-organism 

process (7.15). 

The differentially expressed genes 
were mainly involved in metabolic 

pathways, proteoglycans in cancer, 

regulation of actin cytoskeleton, 
pathways in cancer and transcriptional 

misregulation in cancer. 

 

Class Prediction analysis 

ET/PV/MF/NC SHOX2 

The Short Stature Homeobox 2 gene is situated on chromosome 

3q25.32 and was most significantly differentially expressed with a p-

value of 2.90E-14. This gene is a member of the homeobox family 
of genes that encode proteins containing a 60-amino acid residue 

motif that represents a DNA binding domain. Homeobox genes have 

been characterized extensively as transcriptional regulators involved 
in pattern formation in both invertebrate and vertebrate species. 

GO enrichment of the differentially 

expressed genes showed highest 

enrichment scores for locomotion 
(10.91), biological adhesion (8.18) and 

multicellular organismal process 

(6.78).  

The differentially expressed genes 

were mainly involved in platelet 

activation, proteoglycans in cancer, 
transcriptional misregulation in cancer, 

GnRH signaling pathway, pathways in 

cancer and leucocyte transendothelial 
migration. 

 

 

Table 5-8c. Association & Class Prediction analyses for MNC – gene ontologies of the most differentially expressed genes, GO 

enrichments of the gene lists and pathways involved in the gene lists (MNC=mononuclear cells; ET=essential thrombocythemia; 

PV=polycythemia vera; MF=primary myelofibrosis; NC=normal control). 
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Interpretation 

 

Analysis 

Most 

differentially 

expressed 

gene 

 

Gene ontology of the most differentially expressed gene 

 

GO enrichment (gene list) 

 

Pathways  (gene list) 

T cell 

Association analysis 

ET vs NC IL17D 

The Interleukin 7D gene is situated on chromosome 13q11 and was 

most significantly differentially expressed with a p-value of 8.42E-

19. The protein encoded by this gene is a cytokine that shares the 
sequence similarity with IL17. The treatment of endothelial cells 

with this cytokine has been shown to stimulate the production of 

other cytokines including IL6, IL8 and CSF2/GM-CSF. The 
increased expression of IL8 induced by this cytokine was found to be 

NF-kappa B-dependent. 

GO enrichment (biological processes) 

of the differentially expressed genes 

showed highest enrichment scores for 
response to stimulus (0.29). 

The differentially expressed genes 

were mainly involved in JAK-STAT 

signaling pathway. 

PV vs NC IL17D 

The Interleukin 7D gene is situated on chromosome 13q11 and was 

most significantly differentially expressed with a p-value of 8.42E-

19. The protein encoded by this gene is a cytokine that shares the 

sequence similarity with IL17. The treatment of endothelial cells 

with this cytokine has been shown to stimulate the production of 
other cytokines including IL6, IL8 and CSF2/GM-CSF. The 

increased expression of IL8 induced by this cytokine was found to be 

NF-kappa B-dependent. 

GO enrichment (biological processes) 

of the differentially expressed genes 
showed highest enrichment scores for 

response to stimulus (2.68), immune 

system process (1.62) and locomotion 
(1.05). 

The differentially expressed genes 

were mainly involved in phagosome, 
metabolic pathways, platelet 

activation, complement and 

coagulation cascades, and JAK-STAT 
signaling pathway. 

MF vs NC IL17D 

The Interleukin 7D gene is situated on chromosome 13q11 and was 

most significantly differentially expressed with a p-value of 8.42E-

19. The protein encoded by this gene is a cytokine that shares the 
sequence similarity with IL17. The treatment of endothelial cells 

with this cytokine has been shown to stimulate the production of 

other cytokines including IL6, IL8 and CSF2/GM-CSF. The 

increased expression of IL8 induced by this cytokine was found to be 

NF-kappa B-dependent. 

GO enrichment (biological processes) 

of the differentially expressed genes 

showed highest enrichment scores for 
localization (0.97), response to 

stimulus (0.51) and metabolic process 

(0.25). 

 

The differentially expressed genes 

were mainly involved in JAK-STAT 

signaling pathway and nitrogen 
metabolism. 

Class Prediction analysis 

ET/PV/MF/NC IL17D 

The Interleukin 7D gene is situated on chromosome 13q11 and was 
most significantly differentially expressed with a p-value of 8.42E-

19. The protein encoded by this gene is a cytokine that shares the 

sequence similarity with IL17. The treatment of endothelial cells 
with this cytokine has been shown to stimulate the production of 

other cytokines including IL6, IL8 and CSF2/GM-CSF. The 

increased expression of IL8 induced by this cytokine was found to be 
NF-kappa B-dependent. 

GO enrichment of the differentially 
expressed genes showed highest 

enrichment scores for immune system 

process (1.62), response to stimulus 
(1.58) and locomotion (1.05).  

 

The differentially expressed genes 
were mainly involved in JAK-STAT 

and RIG-I-like receptor signaling 

pathways, inflammatory mediator 
regulation of TRP channels, 

complement and coagulation cascades 

and glycosphingolipid biosynthesis. 

 

Table 5-8d. Association & Class Prediction analyses for T cell – gene ontologies of the most differentially expressed genes, GO 

enrichments of the gene lists and pathways involved in the gene lists (ET=essential thrombocythemia; PV=polycythemia vera; 

MF=primary myelofibrosis; NC=normal control). 
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5.3.3 Validation of gene expression results 

5.3.3.1   Sample details 

From the “unfiltered” datasets obtained following ANOVA tests of the microarray and RNA-seq 

datasets, a total of 34,694 gene transcripts from the microarray dataset (Patient cohort) were 

combined with 18,372 gene transcripts from the RNA-seq dataset (Validation cohort). There were 

14,410 gene transcripts which were commonly differentially expressed between the 2 “unfiltered” 

datasets as shown in the Venn diagram in Figure 5.57. Subsequent validation of the gene 

expression results were carried out by combining the “filtered” differentially expressed gene lists 

(p<0.05) of the microarray dataset with the “filtered” differentially expressed gene lists (p<0.05) 

of the RNA-seq datasets individually for the 5 different interpretations. This resulted in individual 

common differentially expressed gene lists which will be discussed in the following sections. 

 

5.3.3.2   Data analysis of common gene lists 

Results from the study of the common differentially expressed gene lists from the 5 different 

interpretations are discussed below and illustrated in Tables 5.9a to 5.9d:    
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Fig 5-57. Venn Diagram of the two “unfiltered” datasets from Microarray (34,694 gene transcripts) 

and RNA-seq (18,372 gene transcripts).There are 14,410 gene transcripts which are commonly 

differentially expressed between the 2 datasets as shown by the overlapping area.  
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Interpretation 

 

Analysis 

Most 

differentially 

expressed 

gene 

 

Gene ontology of the most differentially expressed gene 

 

GO enrichment (gene list) 

 

Pathways  (gene list) 

 

Cell type 

Class Prediction analysis 

PMN/MNC/ 

T cell 

EMR3 

The most significantly differentially expressed gene was 
EMR3 gene (p-value 1.67E-74) which is situated on 

chromosome 19p13.12. The EMR3 mRNA displays a 

predominantly leukocyte-restricted expression pattern, with 
highest levels in neutrophils, monocytes and macrophages. 

This gene encodes a member of the class B seven-span 

transmembrane (TM7) receptor family expressed 

predominantly by cells of the immune system. This protein 

may play a role in myeloid-myeloid interactions during 

immune and inflammatory responses. 

GO enrichment (Figure 5.62b) for biological 
processes showed highest enrichment scores for 

metabolic process (310.2), cellular process (174.2) 

and cellular component organization or biogenesis 
(131.14). GO enrichment for cellular component 

showed highest enrichment scores for organelle 

(470.37), organelle part (389.63) and cell part 

(265.59).  GO enrichment for molecular function 

showed highest enrichment scores for binding 

(298.55), catalytic activity (158) and enzyme 
regulator activity (15.22).   

The differentially expressed 
genes were mainly involved in 

metabolic pathways, pathways in 

cancer, PI3K-Akt and MAPK 
signaling pathways.  

 

Disease ET/PV/MF/NC MPO 

The Myeloperoxidase gene is situated on chromosome 17q23.1 

and was the most significantly differentiated with (p-value 

4.68E-09). It is a heme protein synthesized during myeloid 

differentiation that constitutes the major component of 

neutrophil azurophilic granules. Produced as a single chain 
precursor, myeloperoxidase is subsequently cleaved into a 

light and heavy chain. The mature myeloperoxidase is a 

tetramer composed of 2 light chains and 2 heavy chains. This 
enzyme produces hypohalous acids central to the microbicidal 

activity of neutrophils. It is a protein coding gene and among 

its related pathways are amb2 Integrin signaling and 

transcriptional misregulation in cancer. GO annotations related 

to this gene include chromatin binding and heme binding. 

GO enrichment (Figure 5.63b) for biological 

processes showed highest enrichment scores for 
cell killing (11.76), multicellular organismal 

process (11.35) and immune system process 

(11.30). GO enrichment for cellular component of 
the differentially expressed genes in the gene list 

showed highest enrichment scores for extracellular 

region part (27.37), extracellular region (8.74) and 
extracellular matrix (7.50).  GO enrichment for 

molecular function of the differentially expressed 

genes in the gene list showed highest enrichment 

scores for antioxidant activity (4.00), enzyme 

regulator activity (3.06) and binding (2.59).  

The differentially expressed 

genes were mainly involved in 
transcriptional misregulation in 

cancer, metabolic pathways, 

phagosome and HIF-1 signaling 
pathway. 

 

Cell type *Disease 

PMN*ET/ 

PMN*PV/ 

PMN*MF/ 

MNC*ET/ 

MNC*PV/ 

    MNC*MF/ 

T cell*ET/ 

T cell*PV/ 

    T cell*MF 

GYG1 

The most significantly differentially expressed gene was 

GYG1 gene (p-value 8.57E-12) situated on chromosome 
3q24-q25.1. It encodes a member of the glycogenin family. 

Glycogenin is a glycosyltransferase that catalyzes the 
formation of a short glucose polymer from uridine diphosphate 

glucose in an autoglucosylation reaction. This reaction is 

followed by elongation and branching of the polymer, 
catalyzed by glycogen synthase and branching enzyme, to form 

glycogen. The gene is expressed in muscle and other tissues. 

Mutations in this gene result in glycogen storage disease XV. 
 

GO enrichment (Figure 5.64b) for molecular 

function showed highest enrichment scores for 
nucleic acid binding transcription factor activity 

(3.19), protein binding transcription factor activity 
(1.82) and catalytic activity (1.40).  

The differentially expressed 

genes were mainly involved in 
carbon metabolism, HIF-1 

signaling pathway,proteoglycans 
in cancer, metabolic 

pathways,biosynthesis of amino 

acids and microRNAs in cancer. 
 

Table 5-9a. Class Prediction analyses for Cell type, Disease and Cell type*Disease – gene ontologies of the most differentially expressed 

genes, GO enrichments of the gene lists and pathways involved in the gene lists (PMN=polymorphonuclear cells; MNC=mononuclear 

cells; ET=essential thrombocythemia; PV=polycythemia vera; MF=primary myelofibrosis; NC=normal control).  
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Interpretation 

 

Analysis 

Most 

differentially 

expressed 

gene 

 

Gene ontology of the most differentially expressed gene 

 

GO enrichment (gene list) 

 

Pathways  (gene list) 

PMN 

Association analysis 

 

ET vs NC 

 
- 

 
- 

 
- 

 
- 

 

PV vs NC 

 

GPR84 

The most significantly differentially expressed gene was 

GPR84 gene (p-value 7.48E-09) which is situated on 

chromosome 12q13.13. The resting expression of GPR84 is 

usually low but it is highly inducible in inflammation. Its 

expression on neutrophils and macrophages can be 

increased with lipopolysaccharide (endoxin) stimulation 
and reduced with GM-CSF stimulation. 

GO enrichment (Figure 5.65b) for biological process 

showed highest enrichment scores for response to 

stimulus (4.72), biological regulation (3.84) and 

locomotion (3.80). GO enrichment for cellular 

component showed highest enrichment scores for 

membrane (5.01), extracellular region part (4.69) and 
cell part (2.84). GO enrichment for molecular function 

showed highest enrichment scores for receptor activity 

(2.26), molecular transducer activity (2.15) and 
transporter activity (1.46).  

The differentially expressed 

genes were mainly involved in 

metabolic pathways, HIF-1 and 

NOD-like receptor signaling 

pathways, biosynthesis of 

amino acids and microRNAs in 
cancer. 

 

MF vs NC GPR84 

The most significantly differentially expressed gene was 

GPR84 gene (p-value 7.48E-09) which is situated on 

chromosome 12q13.13. The resting expression of GPR84 is 
usually low but it is highly inducible in inflammation. Its 

expression on neutrophils and macrophages can be increased 

with lipopolysaccharide (endoxin) stimulation and reduced 
with GM-CSF stimulation. 

GO enrichment (Figure 5.65b) for biological process 

showed highest enrichment scores for metabolic 

process (2.52), biological regulation (2.16) and 
immune system process (1.96). GO enrichment for 

cellular component showed highest enrichment scores 

for extracellular region part (8.14), membrane (4.64) 
and membrane-enclosed lumen (3.92). GO enrichment 

for molecular function showed highest enrichment 

scores for antioxidant activity (3.66), binding (2.61) 
and catalytic activity (2.12). 

The differentially expressed 

genes were mainly involved in 

metabolic pathways, HIF-1 
signaling pathway, complement 

& coagulation cascades, 

biosynthesis of amino acids, 
carbon metabolism and 

glycolysis/gluconeogenesis. 

 
 

Class Prediction analysis 

ET/PV/MF/NC GPR84 

The most significantly differentially expressed gene was 

GPR84 gene (p-value 7.48E-09) which is situated on 
chromosome 12q13.13. The resting expression of GPR84 is 

usually low but it is highly inducible in inflammation. Its 

expression on neutrophils and macrophages can be increased 
with lipopolysaccharide (endoxin) stimulation and reduced 

with GM-CSF stimulation. 

GO enrichment (Figure 5.66b) for biological process 

showed highest enrichment scores for immune system 
process (7.20), multi-organ process (6.92) and 

locomotion (6.19). GO enrichment for cellular 

component showed highest enrichment scores for 
membrane (5.88), extracellular region part (5.20) and 

cell part (2.64). GO enrichment for molecular function 

showed highest enrichment scores for antioxidant 
activity (3.06), binding (2.91) and receptor activity 

(2.44).  

The differentially expressed 

genes were mainly involved in 
metabolic pathways, HIF-1 and 

NOD-like receptor signaling 

pathways, biosynthesis of 
amino acids, microRNAs in 

cancer and natural killer cell 

mediated cytotoxicity. 
 

 

Table 5-9b. Association and Class Prediction analyses for PMN – gene ontologies of the most differentially expressed genes, GO 

enrichments of the gene lists and pathways involved in the gene lists (PMN=polymorphonuclear cells; ET=essential thrombocythemia; 

PV=polycythemia vera; MF=primary myelofibrosis; NC=normal control). 
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Interpretation 

 

Analysis 

Most 

differentially 

expressed 

gene 

 

Gene ontology of the most differentially expressed gene 

 

GO enrichment (gene list) 

 

Pathways  (gene list) 

MNC 

Association analysis 

 

ET vs NC 

 

- 

 

- 

 

- 

 

- 

 

PV vs NC 

 

- 

 

- 

 

- 

 

- 

MF vs NC HBG1 

The most significantly differentially expressed gene was HBG1 

gene (p-value 1.47E-07) which is situated on chromosome 

11p15.5. The haemoglobin gamma globin genes (HBG1 and 

HBG2) are normally expressed in the fetal liver, spleen and 

bone marrow. Two gamma chains together with two alpha 

chains constitute fetal hemoglobin (HbF) which is normally 
replaced by adult hemoglobin (HbA) at birth. In some beta-

thalassemias and related conditions, gamma chain production 

continues into adulthood. Among its related pathways are 
p70S6K signaling and IL-2 pathway. GO annotations related to 

this gene include iron ion binding and oxygen binding. 

GO enrichment (Figure 5.67b) for biological 

process showed highest enrichment scores 

for locomotion (6.34), biological adhesion 

(5.07) and multicellular organismal process 

(5.01). GO enrichment for cellular 

component showed highest enrichment 
scores for extracellular region part (10.74), 

extracellular region (4.73) and extracellular 

matrix (4.25). GO enrichment for molecular 
function showed highest enrichment scores 

for enzyme regulator activity (2.41), nucleic 

acid binding transcription factor activity 
(1.12) and binding (1.06).  

The differentially expressed genes 

were mainly involved in metabolic 

pathways, focal adhesion, tight 

junction, regulation of actin 

cytoskeleton, ECM-receptor 

interaction, PI3K-Akt signaling 
pathway, transcriptional misregulation 

in cancer and pathways in cancer. 

 

Class Prediction analysis 

ET/PV/MF/NC STOM 

The most significantly differentially expressed gene was 

STOM gene (p-value 5.68E-06) which is situated on 
chromosome 9q34.1. The stomatin gene encodes a member of 

a highly conserved family of integral membrane proteins. The 

encoded protein localizes to the cell membrane of red blood 
cells and other cell types, where it may regulate ion channels 

and transporters.  

GO enrichment (Figure 5.68b) for biological 

process showed highest enrichment scores 
for reproductive process (2.89), localization 

(1.86) and cellular component organization 

or biogenesis (1.71). GO enrichment for 
cellular component showed highest 

enrichment scores for membrane part (3.04), 

membrane (2.84) and extracellular matrix 
(2.11). GO enrichment for molecular 

function showed highest enrichment scores 

for transporter activity (0.98), binding (0.47) 
and catalytic activity (0.41).  

The differentially expressed genes 

were mainly involved in complement 
& coagulation cascades, platelet 

activation, PI3K-Akt signaling 

pathway, tight junction, ECM-receptor 
interaction and focal adhesion. 

 

 

Table 5-9c. Association and Class Prediction analyses for MNC – gene ontologies of the most differentially expressed genes, GO 

enrichments of the gene lists and pathways involved in the gene lists (MNC=mononuclear cells; ET=essential thrombocythemia; 

PV=polycythemia vera; MF=primary myelofibrosis; NC=normal control). 
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Interpretation 

 

Analysis 

Most 

differentially 

expressed 

gene 

 

Gene ontology of the most differentially expressed gene 

 

GO enrichment (gene list) 

 

Pathways  (gene list) 

T cell 

Association analysis 

 

 

ET vs NC 

 

 

- 

 

- 

 

- 

 

- 

 

 

PV vs NC 

 

 

- 

 

- 

 

- 

 

- 

 

 

PV vs NC 

 

 
- 

 
- 

 
- 

 
- 

Class Prediction analysis 

 

 

PV vs NC 

 

 

- 

 

- 

 

- 

 

- 

 

 

Table 5-9d. Association and Class Prediction analyses for T cell – no significantly differentially expressed genes were common between 

the 2 datasets (ET=essential thrombocythemia; PV=polycythemia vera; MF=primary myelofibrosis; NC=normal control). 
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1. Cell type, Disease 

Venn diagram for the Class Prediction analyses of Cell type revealed 8778 gene entities 

which were commonly differentially expressed between the 2 datasets (Figure 5.58a). The 

most significantly differentially expressed gene was EMR3 gene (p-value 1.67E-74) which 

is situated on chromosome 19p13.12. Gene ontology for this gene was discussed previously 

in section 5.3.1.3. GO enrichment for biological processes (Figure 5.58b) showed highest 

enrichment scores for metabolic process (310.2), cellular process (174.2) and cellular 

component organization or biogenesis (131.14). GO enrichment for cellular component 

(Figure 5.58c) showed highest enrichment scores for organelle (470.37), organelle part 

(389.63) and cell part (265.59).  GO enrichment for molecular function (Figure 5.58c) 

showed highest enrichment scores for binding (298.55), catalytic activity (158) and enzyme 

regulator activity (15.22).  Pathway analysis showed that the genes were mainly involved 

in metabolic pathways, pathways in cancer, PI3K-Akt and MAPK signaling pathway.  

 

Venn diagram for the Class Prediction analyses of Disease revealed 60 gene entities which 

were commonly differentially expressed between the 2 datasets (Figure 5.59a). The most 

significantly differentially expressed gene was MPO gene (p-value 4.68E-09) which is 

situated on chromosome 17q23.1. The Myeloperoxidase gene is a heme protein synthesized 

during myeloid differentiation that constitutes the major component of neutrophil 

azurophilic granules. Produced as a single chain precursor, myeloperoxidase is 

subsequently cleaved into a light and heavy chain. The mature myeloperoxidase is a 

tetramer composed of 2 light chains and 2 heavy chains. This enzyme produces hypohalous 

acids central to the microbicidal activity of neutrophils. It is a protein coding gene and 
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among its related pathways are amb2 Integrin signaling and transcriptional misregulation 

in cancer. GO annotations related to this gene include chromatin binding and heme binding. 

GO enrichment for biological processes (Figure 5.59b) showed highest enrichment scores 

for cell killing (11.76), multicellular organismal process (11.35) and immune system 

process (11.30). GO enrichment for cellular component (Figure 5.59c) of the differentially 

expressed genes in the gene list showed highest enrichment scores for extracellular region 

part (27.37), extracellular region (8.74) and extracellular matrix (7.50).  GO enrichment 

for molecular function (Figure 5.59c) of the differentially expressed genes in the gene list 

showed highest enrichment scores for antioxidant activity (4.00), enzyme regulator activity 

(3.06) and binding (2.59). Pathway analysis showed that the genes were mainly involved 

in transcriptional misregulation in cancer, metabolic pathways, phagosome and HIF-1 

signaling pathway. 
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     Fig 5-58a. Venn Diagram and the common differentially expressed gene list of the  

Class Prediction analysis for Cell type. 
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     Fig 5-58b. GO enrichment (biological process) of the Class Prediction analysis for Cell type.  
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Fig 5-58c. GO enrichment (cellular component & molecular function) of  

the Class Prediction analysis for Cell type.  
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Fig 5-59a. Venn Diagram and the common differentially expressed gene list of the  

Class Prediction analysis for Disease. 
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Fig 5-59b. GO enrichment (biological process) of the Class Prediction analysis for Disease.  
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Fig 5-59c. GO enrichment (cellular component & molecular function) of the Class Prediction 

analysis for Cell type*Disease.  
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2. Cell type*Disease 

Venn diagram for the Class Prediction analyses of Cell type*Disease revealed 6 gene 

entities which were commonly differentially expressed between the 2 datasets (Figure 

5.60a). The most significantly differentially expressed gene was GYG1 gene (p-value 

8.57E-12) situated on chromosome 3q24-q25.1. Gene ontology for this gene was discussed 

previously in section 5.3.1.3. GO enrichment for biological process (Figure 5.60b) showed 

highest enrichment scores for cellular component organization or biogenesis (2.10), 

developmental process (1.90) and biological regulation (1.71). GO enrichment for cellular 

component (Figure 5.60c) showed highest enrichment scores for extracellular region part 

(4.23), organelle (3.31) and cell junction (3.21). GO enrichment for molecular function 

(Figure 5.60c) showed highest enrichment scores for nucleic acid binding transcription 

factor activity (3.19), protein binding transcription factor activity (1.82) and catalytic 

activity (1.40). Pathway analysis showed that the genes were mainly involved in carbon 

metabolism, HIF-1 signaling pathway, proteoglycans in cancer, metabolic pathways, 

biosynthesis of amino acids and microRNAs in cancer. 

 

 

 

 



397 

 

 

 

                  

                 

Fig 5-60a. Venn Diagram and the common differentially expressed gene list  

of the Class Prediction analysis for Cell type*Disease. 
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Fig 5-60b. GO enrichment (biological process) of the Class Prediction analysis for Cell 

type*Disease.  
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Fig 5-60c. GO enrichment (cellular & molecular function) of the Class Prediction analysis  

for Cell type*Disease.  

 



400 

 

 

 

3. PMN 

Association analysis 

Venn diagram for the Association analyses of PMN revealed 14 and 7 gene entities which 

were commonly differentially expressed between the 2 datasets for PV vs NC and PMF vs 

NC respectively (Figure 5.61a). The most significantly overexpressed gene was GPR84 

gene for both PV vs NC and PMF vs NC (p-value 7.48E-09 for both) which is situated on 

chromosome 12q13.13. Gene ontology for this gene was discussed previously in section 

5.3.1.3.  

 

For PV vs NC, GO enrichment for biological process (Figure 5.61b) showed highest 

enrichment scores for response to stimulus (4.72), biological regulation (3.84) and 

locomotion (3.80). GO enrichment for cellular component (Figure 5.61c) showed highest 

enrichment scores for membrane (5.01), extracellular region part (4.69) and cell part (2.84). 

GO enrichment for molecular function (Figure 5.61c) showed highest enrichment scores 

for receptor activity (2.26), molecular transducer activity (2.15) and transporter activity 

(1.46). Pathway analysis showed that the genes were mainly involved in metabolic 

pathways, HIF-1 and NOD-like receptor signaling pathways, biosynthesis of amino acids 

and microRNAs in cancer. 

 

For PMF vs NC, GO enrichment for biological process (Figure 5.61b) showed highest 

enrichment scores for metabolic process (2.52), biological regulation (2.16) and immune 

system process (1.96). GO enrichment for cellular component (Figure 5.61c) showed  
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Fig 5-61a. Venn Diagram and the common differentially expressed gene lists of the  

Association analyses for the different disease subtypes in PMN. 
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Fig 5-61b. GO enrichment (biological process) of the Association analyses for the different disease 

subtypes in PMN. 
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Fig 5-61c. GO enrichment (cellular component & molecular function) of the Association analyses 

for the different disease subtypes in PMN. 
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highest enrichment scores for extracellular region part (8.14), membrane (4.64) and 

membrane-enclosed lumen (3.92). GO enrichment for molecular function (Figure 5.61c) 

showed highest enrichment scores for antioxidant activity (3.66), binding (2.61) and 

catalytic activity (2.12). Pathway analysis showed that the genes were mainly involved in 

metabolic pathways, HIF-1 signaling pathway, complement & coagulation cascades, 

biosynthesis of amino acids, carbon metabolism and glycolysis/gluconeogenesis. 

 

Class Prediction analysis 

Venn diagram for the Class Prediction analyses of PMN revealed 13 gene entities which 

were commonly differentially expressed between the 2 datasets (Figure 5.62a). The most 

significantly differentially expressed gene was GPR84 gene (p-value 7.48E-09) which is 

situated on chromosome 12q13.13. Gene ontology for this gene was discussed previously 

in section 5.3.1.3. GO enrichment for biological process (Figure 5.62b) showed highest 

enrichment scores for immune system process (7.20), multi-organ process (6.92) and 

locomotion (6.19). GO enrichment for cellular component (Figure 5.62c) showed highest 

enrichment scores for membrane (5.88), extracellular region part (5.20) and cell part (2.64). 

GO enrichment for molecular function (Figure 5.62c) showed highest enrichment scores 

for antioxidant activity (3.06), binding (2.91) and receptor activity (2.44). Pathway analysis 

showed that the genes were mainly involved in metabolic pathways, HIF-1 and NOD-like 

receptor signaling pathways, biosynthesis of amino acids, microRNAs in cancer and 

natural killer cell mediated cytotoxicity. 
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Fig 5-62a. Venn Diagram and the common differentially expressed gene list of  

the Class Prediction analysis for PMN. 

. 
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Fig 5-62b. GO enrichment (biological process) of the Class Prediction analysis for PMN. 
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Fig 5-62c. GO enrichment (cellular component & molecular function) of the  

Class Prediction analysis for PMN. 
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4. MNC  

Association analysis 

Venn diagram for the Association analyses of MNC revealed 51 gene entities which were 

commonly differentially expressed between the 2 datasets for PMF vs NC (Figure 5.63a). 

The most significantly overexpressed gene was HBG1 gene for PMF vs NC (p-value 

1.47E-07) which is situated on chromosome 11p15.5. The haemoglobin gamma globin 

genes (HBG1 and HBG2) are normally expressed in the fetal liver, spleen and bone 

marrow. Two gamma chains together with two alpha chains constitute fetal hemoglobin 

(HbF) which is normally replaced by adult hemoglobin (HbA) at birth. In some beta-

thalassemias and related conditions, gamma chain production continues into adulthood. 

Among its related pathways are p70S6K signaling and IL-2 pathway. GO annotations 

related to this gene include iron ion binding and oxygen binding. GO enrichment for 

biological process (Figure 5.63b) showed highest enrichment scores for locomotion (6.34), 

biological adhesion (5.07) and multicellular organismal process (5.01). GO enrichment for 

cellular component (Figure 5.63c) showed highest enrichment scores for extracellular 

region part (10.74), extracellular region (4.73) and extracellular matrix (4.25). GO 

enrichment for molecular function (Figure 5.63c) showed highest enrichment scores for 

enzyme regulator activity (2.41), nucleic acid binding transcription factor activity (1.12) 

and binding (1.06). Pathway analysis showed that the genes were mainly involved in 

metabolic pathways, focal adhesion, tight junction, regulation of actin cytoskeleton, ECM-

receptor interaction, PI3K-Akt signaling pathway, transcriptional misregulation in cancer 

and pathways in cancer. 
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Fig 5-63a. Venn Diagram and the common differentially expressed gene list of the  

Association analyses for the different disease subtypes in MNC. 
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Fig 5-63b. GO enrichment (biological process) of the Association analyses for the different disease 

subtypes in MNC. 
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Fig 5-63c. GO enrichment (cellular component & molecular function) of the Association 

analyses for the different disease subtypes in MNC. 
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Class Prediction analysis 

Venn diagram for the Class Prediction analyses of MNC revealed 7 gene entities which 

were commonly differentially expressed between the 2 datasets (Figure 5.64a). The most 

significantly differentially expressed gene was STOM gene (p-value 5.68E-06) which is 

situated on chromosome 9q34.1. Gene ontology for this gene was discussed previously in 

section 5.3.1.3. GO enrichment for biological process (Figure 5.64b) showed highest 

enrichment scores for reproductive process (2.89), localization (1.86) and cellular 

component organization or biogenesis (1.71). GO enrichment for cellular component 

(Figure 5.64c) showed highest enrichment scores for membrane part (3.04), membrane 

(2.84) and extracellular matrix (2.11). GO enrichment for molecular function (Figure 

5.64c) showed highest enrichment scores for transporter activity (0.98), binding (0.47) and 

catalytic activity (0.41). Pathway analysis showed that the genes were mainly involved in 

complement & coagulation cascades, platelet activation, PI3K-Akt signaling pathway, 

tight junction, ECM-receptor interaction and focal adhesion. 

 

5. T cell 

There were no significantly differentially expressed genes which were common between 

the 2 datasets. 
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Fig 5-64a. Venn Diagram and the common differentially expressed gene list of the  

Class Prediction analysis for MNC. 
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Fig 5-64b. GO enrichment (biological process) of the Class Prediction analysis for MNC. 
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Fig 5-64c. GO enrichment (cellular component & molecular function) of the  

Class Prediction analysis for MNC. 
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5.3.3.3   Correlation between Microarray and RNA-seq datasets 

Correlation of the average gene expression intensity values between the Microarray and RNA-

seq datasets for all the 5 interpretations are discussed in the following sections:   

 

1. PMN 

The correlations between the two datasets were very good for the different disease 

subgroups with Pearson correlation coefficients (r) ranging from 0.8802 for PMN MF to 

0.9168 for PMN ET (Figure 5.65a, 5.65b, 5.65c, 5.65d). 

 

2. MNC 

The correlations between the two datasets were very good for the different disease 

subgroups with r ranging from 0.8017 for MNC MF to 0.8333 for MNC NC (Figure 5.66a, 

5.66b, 5.66c and 5.66d). 

 

3. T cell  

The correlations between the two datasets were very good for the different disease 

subgroups with r ranging from 0.7986 for T cell PV to 0.8839 for T cell NC (Figure 5.67a, 

5.67b, 5.67c and 5.67d). 

 . 
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Figure 5-65a. Scatterplot showing good correlations of the average gene expression intensity 

values between the Microarray and RNA-seq datasets for PMN ET for the genes in the common 

differentially expressed gene lists for all the different interpretations and types of analyses.   
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Figure 5-65b. Scatterplot showing good correlations of the average gene expression intensity 

values between the Microarray and RNA-seq datasets for PMN PV for the genes in the common 

differentially expressed gene lists for all the different interpretations and types of analyses (above) 

& for the Association analysis of PV vs NC in PMN (below).  



419 

 

 

 

                            

                            

 

Figure 5-65c. Scatterplot showing good correlations of the average gene expression intensity 

values between the Microarray and RNA-seq datasets for PMN MF for the genes in the common 

differentially expressed gene lists for all the different interpretations and types of analyses (above) 

& for the Association analysis of MF vs NC in PMN (below).  
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Figure 5-65d. Scatterplot showing good correlations of the average gene expression intensity 

values between the Microarray and RNA-seq datasets for PMN NC for the genes in the common 

differentially expressed gene lists for all the different interpretations and types of analyses.   
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Figure 5-66a. Scatterplot showing good correlations of the average gene expression intensity 

values between the Microarray and RNA-seq datasets for MNC ET for the genes in the common 

differentially expressed gene lists for all the different interpretations and types of analyses.   

 

 

 



422 

 

 

 

 

 

 

Figure 5-66b. Scatterplot showing good correlations of the average gene expression intensity 

values between the Microarray and RNA-seq datasets for MNC PV for the genes in the common 

differentially expressed gene lists for all the different interpretations and types of analyses.   
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Figure 5-66c. Scatterplot showing good correlations of the average gene expression intensity 

values between the Microarray and RNA-seq datasets for MNC MF for the genes in the common 

differentially expressed gene lists for all the different interpretations and types of analyses (above) 

& for the Association analysis of MF vs NC in MNC (below).  
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Figure 5-66d. Scatterplot showing good correlations of the average gene expression intensity 

values between the Microarray and RNA-seq datasets for MNC NC for the genes in the common 

differentially expressed gene lists for all the different interpretations and types of analyses.   
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Figure 5-67a. Scatterplot showing good correlations of the average gene expression intensity 

values between the Microarray and RNA-seq datasets for T cell ET for the genes in the common 

differentially expressed gene lists for all the different interpretations and types of analyses.   
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Figure 5-67b. Scatterplot showing good correlations of the average gene expression intensity 

values between the Microarray and RNA-seq datasets for T cell PV for the genes in the common 

differentially expressed gene lists for all the different interpretations and types of analyses.   
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Figure 5-67c. Scatterplot showing good correlations of the average gene expression intensity 

values between the Microarray and RNA-seq datasets for T cell MF for the genes in the common 

differentially expressed gene lists for all the different interpretations and types of analyses.   
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Figure 5-67d. Scatterplot showing good correlations of the average gene expression intensity 

values between the Microarray and RNA-seq datasets for T cell NC for the genes in the common 

differentially expressed gene lists for all the different interpretations and types of analyses.   
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5.4 DISCUSSION 

5.4.1 Quality of data 

This is the first study to use microarray and next generation sequencing platforms to compare cell 

type-specific expression of genes between different subtypes of MPN. Microarray is a well-

established platform which is commonly used for high-throughput gene expression profiling 

studies. With the rapid advancement of next generation sequencing, high-throughput RNA 

sequencing with differential expression studies are increasingly used for gene expression studies. 

As RNA sequencing is highly sensitive, paired-end (instead of single-end) sequences were used in 

this study to reduce the rate of false-positive results. 

 

For the microarray experiments on the Patient cohort, the samples were processed using 11 

beadchips. The non-biological differences generated from each batch were minimized using 

Quantile normalization at the beginning of all the 3 different bioinformatic pipelines. Using Partek, 

batch effect was shown to be one of the main sources of variation after cell type. Additional batch 

correction was effectively performed using a specific function in the software to minimize these 

differences. For the Beadarray R packages, quality control of the gene expression probes removed 

a significant number of probes from the dataset. Only 20.6% (9741 out of 47,323) probes remained 

and were used for downstream data analyses which could account for the significant difference 

between the gene lists produced by the different bioinformatics pipelines.  

 

For the RNA-seq experiments on the Validation cohort, the samples were all processed in a single 

batch which significantly reduced the amount of non-biological differences compared to 

microarray. Mapping to the human genome was satisfactory for most of the samples. RPKM 



430 

 

 

 

normalization was used to minimize the degree of non-biological differences in Partek. Unlike the 

microarray, no other bioinformatics pipelines were used for analysis of the RNA-seq dataset. 

 

5.4.2 Data analysis 

In the initial PCAs performed on the samples, clear clustering of the different cell types but not 

the different diseases were seen. When cell types and diseases were analysed together, there 

seemed to be some clustering of PMF away from ET and PV within each cell type although this 

was not very obvious. Subsequent data analyses were performed within each cell type with the aim 

to identify specific genetic profiles which were specific to certain disease subgroups. 

 

Data analyses focused mainly on 2 types of analyses: Class Prediction and Association analyses. 

The aim of Class Prediction analysis was to identify genes or set of genes which were able to 

predict a particular cell type and/or disease. The aim of Association analysis was to identify genes 

which were able to differentiate between 2 parameters analysed. Pairwise comparisons for cell 

types were made with T cells and for diseases were made with normal controls.  

 

Three different bioinformatic pipelines were used to analyse the gene expression microarray 

dataset: Partek, Beadarray R package with and without SVA and Beadarray R package with chip 

ID (Wald test). For Partek, statistical analyses were done using ANOVA and the gene lists were 

interpreted using hierarchical clustering. For the two Beadarray R packages, statistical analyses 

were done using regression analyses and the results were interpreted using QQ plots. The use of 

different statistical methods may explain why the differentially expressed gene lists generated by 

the different bioinformatic pipelines and their significance levels were different. The Beadarray R 
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package with Chip ID (Wald test) seemed to be a better bioinformatic pipeline as compared to 

SVA for smaller sample size in this study as illustrated by the better correlation between 

pDiseaseLR and pDisease.    

 

5.4.3 Gene expression profiling using microarray 

Class Prediction analyses were only performed using Partek. Association analyses were performed 

using Partek and the two Beadarray R packages. 

 

Class Prediction analyses using Partek software 

Class Prediction analyses were performed for all the 5 interpretations: Cell type or Disease, Cell 

type*Disease, PMN, MNC and T cell. Only the gene list for Cell type showed clear hierarchical 

clustering with the EMR3 gene being the most significantly differentially expressed gene in PMN 

as shown by the dot plot (Figure 5.9c) This gene normally displays a predominantly leucocyte-

restricted gene expression pattern, with the highest levels in neutrophils, monocytes and 

macrophages. Its protein plays a role in myeloid-myeloid interactions during immune and 

inflammatory responses. These processes could result in the increased number of PMN seen in 

MPN. Further data analyses are required to improve the statistical model used for Class Prediction 

analyses for the other interpretations (i.e. Disease, Cell type*Disease, PMN, MNC and T cell).   
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Association analyses using Partek software 

Association analyses were performed for 3 interpretations: PMN, MNC and T cell. Hierarchical 

clustering of the gene lists for all the pairwise comparisons in the Association analyses for all the 

disease subgroups in PMN and MNC showed clear clustering between diseases and normal 

controls. For T cells, the lack of significant differential expression validates the techniques used 

and indicates that they are not part of the neoplastic clone.  

 

For PMN, no gene was significantly differentially expressed in ET. There were more differentially 

expressed genes in PV (141 genes) as compared to PMF (15 genes). The most significantly 

overexpressed gene in PMN was GPR84 for PV and PMF. This gene encodes for the G protein-

coupled receptor and it is conceivable that its expression on PMN may be increased in PV and 

PMF resulting in an increased production of myeloid cells in MPN. GO enrichments of the gene 

lists were similar for the 2 diseases (i.e. immune system process, biological regulation, response 

to stimuli and locomotion) although the enrichment scores were higher for PV. However, the 

pathways involved were different between the 2 diseases. Pathways involved in PV include the 

HIF-1 and MAPK signaling pathways. Interestingly, pathways involved in PMF were primarily 

involved in cell cycle, HIF-1 signaling, complement & coagulation cascades, and biosynthesis of 

amino acids. It is possible that involvement in the coagulation pathway may contribute to the more 

severe clinical phenotype seen in PMF as compared to the more recognized pathways seen in PV.  

 

For MNC, the least number of significantly differentially expressed genes was detected in ET (5 

genes), followed by PV (170 genes) and finally MF (562 genes). The most significantly 

differentially expressed gene was the XK gene for ET and PROS1 for PV and PMF. The PROS1 
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gene encodes for Protein S which interestingly is also involved in the coagulation pathway. 

Mutations in this gene can result in Protein S deficiency which can lead to increased risk of 

thrombosis which is a well-recognized clinical feature of MPN, especially in PV. Unlike PMN, 

GO enrichments of the gene lists were different for all the 3 different disease subtypes. There was 

some overlap between the pathways for PV and PMF but slightly different pathways for ET were 

demonstrated. The clear difference in gene ontology, GO enrichment and pathways separates ET 

from PV and PMF and can possibly explain the mildest clinical phenotype seen in this disease 

subtype.   

 

Association analyses using Beadarray R packages 

For both Beadarray R packages, Association analyses were performed for all the 5 interpretations: 

Cell type or Disease, Cell type*Disease, PMN, MNC and T cell. Significantly fewer gene 

expression probes following quality control remained for data analyses with the Beadarray R 

packages as compared to Partek. For no SVA analyses, the most remarkable observation is the 

continuum of progressive skewness in the QQ plots and the number of differentially expressed 

genes from ET to PV to PMF for PMN and MNC. For PMN, the difference between PV and MF 

was more clearly illustrated in the chip ID (Wald test) analysis, and more in keeping with the 

Partek analysis for PV in PMN, with the QQ plots showing more skewness for PV compared to 

PMF. Similarly, the lack of deviation from the “standard” red line for T cells validates the 

techniques used and indicates that they are not part of the neoplastic clone. For Cell type and 

Disease, the former demonstrated more significant skewness from the “standard” red line 

compared to Disease which is in keeping with the result from Partek whereby Cell type showed 

more significant difference/clustering as compared to Disease. When both Cell type and Disease 
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were interpreted together (Cell type*Disease), the difference between the different Cell 

type*Disease comparisons was much more obvious in the chip ID (Wald test) analysis as 

compared to the SVA analysis. This observation could be due to the former pipeline being more 

applicable for smaller sized samples used in this study.  

 

The differentially expressed gene lists and their significance levels for the Association analyses of 

the 5 different interpretations were different between the two Beadarray R packages although they 

have similar functional classifications (i.e. metabolic & cellular process and biological regulation) 

and some overlap in their pathways as shown in Tables 5.6a to 5.6d and 5.7a to 5.7d.  

 

Overall, Chip ID (Wald test) is thought to be the better bioinformatic pipeline for a smaller sized 

sample group. However, further data analyses are required, preferably merged with the validation 

RNA-seq dataset using R language, in order to explore the 2 different statistical models and the 

differentially expressed gene lists further.  

 

As the Beadarray R packages still require further work and exploration, Partek analysis was 

eventually selected out of the 3 bioinformatic pipelines and subsequently merged with the Partek 

analyses for RNA-seq for the validation process. 
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5.4.4 Gene expression profiling using RNA-seq 

RNA-seq was used as the validation platform for the gene expression microarray results. Both 

Class prediction and Association analyses were done in Partek only.  

 

Class Prediction analyses using Partek software 

Class Prediction analyses were done for the 5 different interpretations: Cell type or Disease, Cell 

type*Disease, PMN, MNC and T cell. In contrast with microarray, several interpretations 

including Cell type, PMN, MNC and T cell showed clear hierarchical clustering with MXD1, 

HIST1H4K, SHOX2 and IL17D genes being the most significantly differentially expressed genes 

respectively. The higher sensitivity level of RNA-seq may account for the better ability to predict 

the different disease subtypes compared to microarray. As shown by the dot plot, (Figure 5.51c), 

MXD1 gene was the most significantly differentially expressed gene in PMN. This gene is 

involved in cellular proliferation, differentiation and apoptosis. The encoded protein is a potential 

tumor suppressor. These processes could result in the increased number of PMN seen in MPN. 

The other genes mentioned above did not demonstrate as clear-cut predominance in PMN as the 

MXD1 gene. It is likely that the Class Prediction for the other interpretations involve a set of genes 

which will require more detailed statistical analyses. Further data analyses are also required to 

interpret and improve the statistical model used for Class Prediction for the remaining (Disease 

and Cell type*Disease) interpretations.   

 

Association analyses using Partek software 

Association analyses were done for 3 interpretations: PMN, MNC and T cell. Hierarchical 

clustering of the gene lists for all the pairwise comparisons in the Association analyses for all the 



436 

 

 

 

disease subgroups in PMN, MNC and T cell showed clear clustering between diseases and normal 

controls.  

 

For PMN, the least number of significantly differentially expressed genes was detected in ET (2 

genes), followed by PV (58 genes) and finally PMF (133 genes). The most significantly 

overexpressed genes were ZSWIM3 for ET and PV and HIST1H4K for PMF. Interestingly, the 

HIST1H4K gene in PMF is found in the small histone gene cluster on chromosome 6 and may 

give rise to PMF via epigenetic mechanisms involving histones as described earlier in section 

1.4.3. GO enrichments of the gene lists were similar for PV and PMF (immune system process, 

multi-organism process, localization and response to stimulus), as seen in microarray, but with 

similar enrichment scores for both disease groups. Also in keeping with the microarray results, the 

pathways involved were different between the 2 diseases although there was more overlap of the 

pathways for RNA-seq. Pathways involved in PV include the metabolic pathways, phagosome, 

carbon metabolism and HIF-1 signaling pathway. Interestingly, pathways involved in PMF were 

metabolic pathways, carbon metabolism, glycolysis/gluconeogenesis, HIF-1 and NOD-like 

receptor signaling pathways. GO enrichment of the 2 genes on the gene list for ET (localization, 

metabolic process and biological regulation) was very different from PV and PMF and no pathway 

was identified for ET. The clear difference in the number of differentially expressed genes, GO 

enrichment and pathways separates ET from PV and PMF and can possibly explain the mildest 

clinical phenotype seen in this disease subtype.   

  

For MNC, the most remarkable observation is the marked difference between the number of 

differentially expressed genes in PMF (151 genes) as compared to ET (1 gene) and PV (2 genes). 
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The most significantly overexpressed genes were SLMO2-ATP5E for ET, CENPA for PV and 

SHOX2 for MF. The SHOX2 gene is a member of the homeobox family genes that encode a DNA 

binding domain. Homeobox genes are characterized extensively as transcriptional regulators and 

could well be an interesting candidate gene involved in the molecular pathogenesis of PMF. Unlike 

PMN, GO enrichments of the gene lists were different for PV and PMF, which is also in keeping 

with the microarray results. The pathways for PV and PMF were slightly different. Interestingly, 

blood coagulation, complement and coagulation cascades again feature in the list of pathways for 

PV, as with the microarray results, and warrant further investigation especially in view of the well-

recognised association of thrombosis with PV. No GO enrichment and pathway were identified 

for ET. The clear difference in gene ontology and the lack of GO enrichment and pathways 

separates ET from PV and PMF and can possibly explain the mildest clinical phenotype seen in 

this disease subtype.   

 

For T cells, there were some significantly differentially expressed genes detected although the 

numbers were very small for ET (3 genes), PV (9 genes) and MF (2 genes). GO enrichments of 

the gene lists showed some overlap between the biological processes for ET, PV and PMF. 

Interestingly, the pathways for ET, PV and PMF were all involved in JAK-STAT signaling. The 

small number of significant differentially expressed genes in T cells validates the techniques used 

and indicates that they are most likely not part of the neoplastic clone.  
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5.4.5 Validation of gene expression results 

Correlation between the average intensity values of the Microarray dataset and the average 

intensity values of the RNA-seq dataset for the validated common gene lists for the 12 different 

cell type/disease combinations (as listed in section 5.2.4.2) were all very good as illustrated by the 

scatterplots and Pearson correlation coefficient (r). 

 

Class Prediction analyses 

For the Class Prediction analyses, it was possible to confirm differential expression of 8778, 60, 

6, 13 and 7 genes in Cell type, Disease, Cell type*Disease, PMN and MNC respectively The most 

significantly differentially expressed genes from the common gene lists were EMR3, MPO, 

GYG1, GPR84 and STOM genes for Cell type, Disease, Cell type*Disease, PMN and MNC 

respectively. The validated differentially expressed genes in PMN and MNC were mutually 

exclusive. The differentially expressed genes for PMN were involved in cell signaling, cellular 

processes and metabolic pathways whereas the differentially expressed genes for MNC were 

involved in complement & coagulation cascades, focal adhesion, tight junction and cell signaling 

pathways. There was no commonly differentially expressed genes for T cells. 

 

The EMR3 gene was discussed above in section 5.4.3 to be a good predictor for PMN. Further 

studies are required on large cohorts of patients to investigate the predictive power of this gene. 

 

Association analyses 

For the Association analyses, it was possible to confirm differential expression of 0, 14 and 7 gene 

in ET, PV and PMF respectively for PMN and 51 genes in only PMF for MNC.  The most 
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significantly differentially expressed genes from the common gene lists were GPR84 gene for PV 

and PMF in PMN and HBG1 gene for PMF in MNC. The validated differentially expressed genes 

for PMN and MNC were mutually exclusive except for the STOM gene in PMF. The differentially 

expressed genes in PV and PMF for PMN were involved in cell signaling, cellular processes and 

metabolic pathways whereas the differentially expressed genes for PMF in MNC were involved in 

regulation of actin cytoskeleton, focal adhesion and cell signaling pathways. There was no 

commonly differentially expressed genes for T cells. 

 

For PMN, the GPR84 gene was discussed in section 5.4.3 above and was found to be the most 

differentially expressed for both the Class Prediction and the Association analyses for PV and 

PMF. As with the microarray data, there were more validated differentially expressed genes in PV 

as compared to PMF suggesting that PMN may play a more important role in the pathogenesis of 

PV as compared to PMF.  Further data analysis is also warranted in exploring the use of GPR84 

gene as a predictor or biomarker for the different disease subtypes in MPN. 

 

For MNC, the HBG1 gene is involved in the production of haemoglobin gamma chain and is the 

most significantly differentially expressed gene in PMF. In keeping with both the microarray and 

RNA-seq results, there is a marked difference in the number of validated differentially expressed 

genes in PMF as compared to ET and PV. In fact, no genes were differentially expressed for ET 

and PV in the validated gene expression gene list. 

 

The STOM gene is commonly differentially expressed between PMN and MNC in PMF. This gene 

encodes a member of a highly conserved family of integral membrane proteins which localizes to 
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the cell membrane of red blood cells and other cell types, where it may regulate ion channels and 

transporters.  

 

It is interesting to note that both HBG1 and STOM genes in MNC are related to red cells. It is 

conceivable that the genes which are involved in the molecular pathogenesis of PMF are found in 

red cells and may be used as a good predictor of disease. 
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Chapter 6 

DNA METHYLATION 
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6.1 INTRODUCTION 

Although mutations in a large number of genes have now been implicated in the pathogenesis of 

MPN, they do not yet explain the differentiation into the separate MPN syndromes and do not give 

full prediction of the wide variation in prognosis. It is therefore hypothesized that epigenetic 

mechanisms may help explain these phenomena at a cell-type specific level. Thus the fourth part 

of this study is to investigate whether there are any epigenetic alterations which may contribute to 

the molecular pathogenesis of MPN. 

 

6.1.1 Aims 

The aims of this part of the study were to: 

1) Perform DNA methylation studies on different cell types (PMN, MNC and T cells) on 

>485,000 annotated CpG sites on the Patient cohort using microarray. 

2) Perform Association analyses comparing the methylation status in different MPN 

subgroups (ET, PV and PMF) from the Patient cohort with normal controls using 2 

different pipelines in R. 

3) Validate the results of the Patient cohort DNA methylation analysis in the Validation cohort 

using Fluidigm/NGS on 48 targeted CpG sites and correlating with the microarray results. 

4) Perform GO, GO enrichment studies & Pathway analyses on the genes associated with the 

microarray, Fluidigm/NGS and the validated differentially methylated CpG lists. 
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6.2 MATERIALS AND METHODS 

6.2.1 Patient and Validation cohorts 

DNA methylation profiling was performed on genomic DNA using microarray on the Patient 

cohort and specific CpG sites, using Fluidigm/NGS on the Validation cohort. 

 

6.2.2 Microarray on Patient cohort 

6.2.2.1   Performance of Microarray 

Using the microarray, DNA samples from 3 cell types (PMN, MNC and T cells) from the 29 

patients (11 ET, 11 PV and 7 PMF) and 11 normal controls in the Patient cohort were processed 

on the Illumina HumanMethylation 450k BeadChips. Due to difficulty in recruiting patients, 

technical replicates from 1 ET, 1 PV and 1 PMF patients and 1 NC for all 3 cell types were used, 

making a total of 32 “patients” (12 ET, 12 PV and 8 PMF) and 12 “normal controls” (Table 6.1). 

 

6.2.2.2   Data analysis of Microarray 

Quality control was initially performed on the raw data generated from the Illumina 

HumanMethylation 450k BeadChips in GenomeStudio. The QC passed data was subsequently 

analysed using 2 different methods as shown in flow chart in Figure 6.1 and referred to as Analysis 

A and Analysis B hereafter: 

A) WateRmelon R package with and without Surrogate Variable Analysis (SVA) 

B) WateRmelon R package  with chip ID (Wald test) 
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Patient cohort 

 

       

Datasets 

 

ET 
 

 

PV 
 

 

PMF 

 

NC 

 

Total 

Clinical phenotypes 
 

11 11 7 11 40 

MPN panel1 

 

11 11 7 3 32 

Gene Expression2 

 

11 11 7 (+4) 11 44 

Methylation1 

 

11 (+1) 11 (+1) 7 (+1) 11 (+1) 44 

 

 

Validation cohort 

 

       

Datasets 

 

ET 
 

 

PV 
 

 

PMF 

 

NC 

 

Total 

Clinical phenotypes 
 

4 4 4 4 16 

MPN panel1 

 

- - - - - 

Gene Expression2 

 

4 4 4 4 16 

Methylation1 

 

4 4 4 4 16 

 

(  ) technical replicate  

1   DNA sample 

2   RNA sample 

 

Table 6-1. Details of the number of samples which were processed for each disease subtype and 

clinical phenotypes of the patients. 
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Figure 6-1. Distributions of normalized expression values for each array in a Box Whisker Plot. 
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A) WateRmelon R package with and without Surrogate Variable Analysis (SVA) 

In the first method, no background subtraction and no log2 transformation were performed on the 

DNA methylation microarray data in GenomeStudio.  Statistical analysis performed using the first 

method involved the following steps (Figure 6.1): 

i) Data normalization (using Dasen Normalization method) 

ii) Quality control of CpG probes 

iii) Visualisation of data  

iv) Statistical analysis & Batch correction – 5 interpretations (Table 5.3) 

v) QQ plots & Differentially methylated CpG sites and associated gene lists 

vi) GO, Functional Classifications & Pathway analyses of CpG and associated gene lists 

 

B) WateRmelon R package with chip ID (Wald test) 

There were some problems encountered with the first method (A) above whereby batch correction 

using SVA cannot be applied uniformly across the different interpretations because the number of 

samples in the study was too small. The pipeline was therefore modified in this second method (B) 

wherein chip ID (Wald) test was used for batch correction. In this second method, no background 

subtraction and no log2 transformation were performed on the DNA methylation microarray data 

in GenomeStudio.  Statistical analysis performed using the second method then involved the 

following steps (Figure 6.1): 

i) Data normalization (using Dasen Normalization method) 

ii) Quality control of CpG probes 

iii) Visualisation of data  

iv) Statistical analysis & Batch correction – 5 interpretations (Table 5.3) 
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v) QQ plots & Differentially methylated CpG sites and associated gene lists 

vi) GO, Functional Classifications & Pathway analyses of CpG and associated gene lists 

 

6.2.3 Fluidigm/NGS on Validation cohort 

6.2.3.1   Performance of Fluidigm/NGS 

DNA samples from 3 cell types (PMN, MNC and T cells) of the 12 patients (4 ET, 4 PV and 4 

PMF) and 3 normal controls in the Validation cohort were processed using the Fluidigm Access 

Array/Miseq platform. Due to difficulty in recruiting PMF patients, DNA samples from 4 out of 7 

PMF patients in the Patient cohort were processed in the Validation cohort (Table 6.1). 

 

6.2.3.2   Data analysis of Fluidigm/NGS 

Quality assessment of targeted DNA sequencing sample reads was performed using Trim_Galore 

(version 0.2.5) and involved the following steps: 

i) Illumina adapters were removed using paired option in Trim Galore (v0.2.5) (179).  

ii) Reads with quality Phred score cut-off < 20 were removed.  

iii) The overall quality of the sequence data was assessed for suitability using FastQC (v0.9.4) 

(www.bioinformatics.babraham.ac.uk/projects/fastqc).  

iv) BSMAP (v2.74) (180) was used to align reads to the human genome with quality threshold 

cut-off at 20 with maximum mismatches at 8% and mapping strand information set to 0 

where PE sequencing maps read1 to ++ and -+ strand and read2 to +- and -- strand.  

v) Reads were sorted, and BAM files indexed and finally sequencing lanes merged using 

PICARD tools (v1.107) (http://picard.sourceforge.net).  

http://www.bioinformatics.babraham.ac.uk/projects/fastqc
http://picard.sourceforge.net/
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vi) Methylation ratios were extracted from BSMAP mapping files using methratio.py from 

BSMAP (v2.74) (180) where the minimum sequencing depth for reported loci was 5x. 

 

 

6.2.4   Validation of DNA methylation results 

6.2.4.1   Validation procedure  

A total of 48 differentially methylated CpG sites were selected for validation.The Fluidigm 

platform was used to validate the methylation status of CpG sites identified from two groups: 

1. Firstly, the most significantly differentially methylated CpG sites (p<0.05) from the DNA 

methylation microarray results from the Patient cohort were selected for validation using 

the Fluidigm/NGS platform. Primer design was one of the main challenges of the Fluidigm 

experiments as primers cannot be designed for many of the top ranking CpG sites due to 

the nature of the adjacent sequence. A total of 43 CpG sites from the different Association 

analyses of the disease subgroups for the 3 different interpretations (PMN, MNC and T 

cells) of the DNA methylation microarray dataset were eventually selected for validation 

with Fluidigm/NGS.  

2. Secondly, 5 gene-associated CpG sites from the different Class Prediction analyses of the 

disease subgroups for the 3 different interpretations (2 from Cell type*Disease, 1 from 

PMN, 2 from MNC) of the validated gene expression common gene lists were selected for 

validation with Fluidigm/NGS.  
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6.2.4.2   Data analysis of CpG sites and associated genes 

The 48 differentially methylated CpG sites and associated genes were studied and involved the 

following steps: 

i) Gene lists, GO and Functional classifications 

The 48 CpG sites from the different interpretations of the gene expression & DNA 

methylation microarray results above were explored further by studying the gene 

ontologies of the genes associated with the most significantly differentially methylated 

CpG sites and the functional classifications of the gene lists. 

 

ii) Correlation between the Microarray and Fluidigm/NGS datasets for the 48 CpG sites 

selected. This was performed using the following steps: 

1. The average of the beta values of all the patients was calculated for each disease 

subgroup (ET, PV, PMF and NC) within the different cell types (PMN, MNC and 

T cells) for each CpG site in the Microarray (Patient cohort) dataset: PMN ET, 

PMN PV, PMN PMF, PMN NC, MNC ET, MNC PV, MNC PMF, MNC NC, T 

cell ET, T cell PV, T cell PMF and T cell NC. 

2. The average of the methylation ratios of all the patients was calculated for each 

disease subgroup (ET, PV, PMF and NC) within the different cell types (PMN, 

MNC and T cells) for each CpG site in the Fluidigm/NGS (Validation cohort) 

dataset: PMN ET, PMN PV, PMN PMF, PMN NC, MNC ET, MNC PV, MNC 

PMF, MNC NC, T cell ET, T cell PV, T cell PMF and T cell NC. 
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3. The average beta values of the different subgroups in the Microarray dataset were 

plotted against the average methylation ratios of the different subgroups in the 

Fluidigm/NGS dataset.   

4. Squared Pearson Correlation Coefficient (R2) was calculated and the regression line 

plotted on the graph.  

 

In order to validate the Microarray dataset, the average methylation ratios of the 48 CpG sites 

from the Fluidigm/NGS dataset for the different subgroups need to correlate with the average beta 

values of the same CpG sites in the microarray dataset (i.e. similarly hyper- or hypomethylated in 

both datasets). This will be shown by a straight line across the scatterplot with a squared Pearson 

correlation coefficient (R2) of between 0.75 and 1.0 as shown below for the subgroup PMN ET. 

Each dot in the scatterplot represents the correlation between the Microarray and Fluidigm/NGS 

datasets for one CpG site as shown below.  

 

                      



451 

 

 

 

6.3 RESULTS 

6.3.1 Microarray on patient cohort 

6.3.1.1   Sample details 

A total of 132 (i.e. 44 x 3 cell types) DNA samples from the 29 patients + 3 technical replicates  

(1 ET, 1 PV and 1 PMF) and 11 (+ 1 technical replicate) normal controls were processed using 11 

Illumina HumanMethylation 450k BeadChips in 6 different batches (Table 6.1). 12 samples were 

processed on each beadchip. 

 

6.3.1.2   Quality of raw data 

The quality of the DNA methylation microarray raw data was checked using Illumina’s 

GenomeStudio which displayed a graphic Control Summary Report for the patients’ samples based 

on the performance of the built-in controls (Figure 6.2a) and the number of detected CpG sites 

(Figure 6.2b). There are 2 sets of controls: sample dependent (“bi-sulfite”, “specificity”, 

“negative” and “non-polymorphic”) controls and sample independent (“staining”, “extension”, 

“target removal” and “hybridization”) controls.  

 

6.3.1.3   Data analysis 

During preliminary data analysis, the results from 2 patients (technical replicates for 1 ET and 1 

PV) were found to be significant outliers. The results for all 3 cell types from these 2 patients were 

subsequently removed from downstream data analysis (Table 6.2). For the remaining 126 samples, 

2 different methods were used for downstream data analyses as described in the following sections: 



452 

 

 

 

           
 

          
         

 

Figure 6-2a. Quality control of DNA methylation microarray raw data  

(Control Summary Report). 
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Figure 6-2b. Quality control of DNA methylation microarray raw data showing >485,000 detected 

CpG sites using the Illumina HumanMethylation 450k BeadChips. 
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Patient cohort 

 
       

Datasets 

 

ET 
 

 

PV 
 

 

PMF 

 

NC 

 

Total 

Clinical phenotypes 
 

11 11 7 11 40 

MPN panel1 

 

11 11 7 3 32 

Gene Expression2 

 

10 11 7 (+3) 11 42 

Methylation1 

 

11 11 7 (+1) 11 (+1) 42 

 

 

Validation cohort  

 

       

Datasets 

 

ET 
 

 

PV 
 

 

PMF 

 

NC 

 

Total 

Clinical phenotypes 
 

4 4 4 4 16 

MPN panel1 

 

- - - - - 

Gene Expression2 

 

4 4 4 4 16 

Methylation1 

 

4 4 4 4 16 

 

(  ) technical replicate  

1   DNA sample 

2   RNA sample   

  

Table 6-2. Details of the number of samples and clinical phenotypes of the patients which were 

used for downstream data analysis. 
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A) WateRmelon R package with and without Surrogate Variable Analysis (SVA) 

i) Data normalization  

Using WateRmelon R package, the raw data was initially normalized, using Dasen normalization, 

to minimize systematic non-biological differences and to reveal true biological differences. The 

normalization is specific to the data type. 

 

ii) Quality control of CpG probes  

The quality control criteria used for the CpG probes were as follows (Figure 6.3): 

- colMean < 0.05 (fraction of failed sample per CpG) 

- rowMean < 0.02 (fraction of failed CpG per sample) 

The number of remaining CpG probes before and after QC is as follows: 

- Before QC: 126 samples x 485,577 probes 

- After QC:    126 samples x 443,587 probes 

 

iii) Visualisation of data 

In order to visualise the data, multidimensional scaling (MDS) of cell type, disease, race and sex 

were performed on the dataset (Fig. 6.4a and 6.4b). MDS is a means of visualizing the level of 

similarity of individual cases of a dataset. MDSs of Cell type and Disease showed clear clustering 

for Cell type but no obvious clustering for Disease. MDSs of Race and Sex also did not show any 

obvious clustering. 
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                   Figure 6-3  Quality control of CpG probes. (Analysis A & B) 
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Fig 6-4a.  MDSs for Cell type and Disease. The 9 different views of the MDSs  

show obvious clustering for the different cell types but not the different diseases.  

(Analysis A & B) 
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Fig 6-4b.  MDSs for Race and Sex. The 9 different views of the MDSs do not  

show any obvious clustering of the different races and sexes respectively. 

(Analysis A & B) 
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iv) Statistical analysis & Batch correction 

Five different interpretations were performed (Table 5.3). Only Association analysis was done for 

each interpretation. Statistical analysis was performed using a regression model whereby batch 

effect was corrected using SVA. Batch effect was corrected from the dataset using SVA for the 

first 2 interpretations but not for the subsequent 3 interpretations involving individual cell types. 

The regression model used was as follows: 

 

Probe = Cell type + Disease + Race + Sex + Age + SV1 + …….. + SV37 

 

A p-value of <1E-04 was taken as CpG sites which were differentially methylated in the groups 

analyzed. “Cell type” is labelled as “Group” in the R package analyses. Likelihood ratios (LR) 

were used to test the total effect of multiple cell types, disease groups and race groups (denoted as 

pGroupLR, pDiseaseLR and pRaceLR) at the beginning of each interpretation. 

 

For the first interpretation (Overview with no interaction), a "mix-model" SVA was performed on 

all the 126 samples (Figure 6.5 to 6.7). For the second interpretation (Cell type*Disease 

interaction), a modified-"mix-model" SVA was performed on all the 126 samples (Figure 6.8). For 

the third to fifth interpretation (PMN, MNC and T cell), the "mix-model" and modified "mix-

model" SVA did not work on the 42 samples in each cell type. A "linear regression" SVA was 

therefore used instead to try to overcome this problem. This generated one pDiseaseLR and three 

individual pDisease for ET, PV and MF for each cell type. However, the correlation between the 

pDiseaseLR and the individual pDisease was very poor (Figure 6.9 to 6.11). In the next approach, 

the 42 samples were broken down further to perform pairwise comparisons within each cell type 
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(i.e. ET vs NC, PV vs NC and MF vs NC within PMN; and the same for MNC and T cell). 

However, when this was attempted, both the "mix-model" and "linear regression" SVAs did not 

work. Finally, the pairwise comparisons were performed without SVA. This resulted in generation 

of a pDiseaseLR for each pairwise comparison for each disease subtype. Without the SVA, the 

individual pDiseaseLR correlated very well with the individual pDisease within each cell type 

(Figure 6.12 to 6.17). 

 

v) QQ plots & Differentially methylated CpG sites and associated gene lists 

The differentially methylated CpG sites and associated gene lists for the 5 different interpretations 

are presented in the following sections: 

1. Cell type, Disease 

QQ plots of Cell type (Figure 6.5, 6.6a and 6.6b) showed positive deviation from the 

“standard” red line for PMN and MNC. There were 41,197 CpG sites which were 

significantly differentially methylated in Cell type (pGroupLR<1E-10). The most 

significantly differentially methylated CpG site was cg26227523 associated with the 

PSTPIP1 gene for Cell type (pGroupLR 1.43E-47).  

 

QQ plots of Disease (Figure 6.5, 6.7a and 6.7b) showed positive deviation from the 

“standard” red line for all 3 diseases (ET, PV and PMF). There were 41,197 CpG sites 

which were significantly differentially methylated in Disease (pDiseaseLR<1E-10). The 

most significantly differentially methylated CpG site was cg01262208 associated with the 

LOC100130274 gene for Disease (pDiseaseLR=8.38E-22 and FDR_pDiseaseLR=3.72E-

16).  
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Figure 6-5.  QQ plots of pDiseaseLR, pRaceLR and pGroupLR generated from Association 

analysis using the “mix model” SVA regression model adjusted for SVA, Sex, Age, Disease, 

Group and Race. pGroupLR shows the greatest degree of positive deviation from the “standard” 

red line. Likelihood ratios (LR) are used to test the total effect of multiple cell types, disease groups 

and race groups (denoted as pGroupLR, pDiseaseLR and pRaceLR) at the beginning of the 

statistical analysis. (Analysis A) 
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Figure 6-6a. QQ plots of individual pGroupPMN and pGroupMNC generated from the Association 

analysis of Cell type using the “mix model” SVA regression model adjusted for SVA, Sex, Age, 

Disease, Group and Race. Both pGroupPMN and pGroupMNC show significant positive deviation 

from the “standard” red line consistent with pGroupLR in Figure 6.5. 

(Analysis A) 
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Figure 6-6b.  Differentially methylated CpG and associated gene list generated from the 

Association analysis of Cell type using the “mix model” SVA regression model adjusted for SVA, 

Sex, Age, Disease, Group and Race (pGroupLR<1E-10). (Analysis A) 
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Figure 6-7a.  Individual QQ plots of pDiseaseET, pDiseasePV and pDiseaseMF generated from 

the Association analysis of Disease using the “mix model” SVA regression model adjusted for 

SVA, Sex, Age, Disease, Group and Race. For all 3 disease, there are some degree of positive 

deviation from the “standard” red line consistent with pDiseaseLR in Figure 6.5. (Analysis A) 
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Figure 6-7b.  Differentially methylated CpG and associated gene list generated from the 

Association analysis of Disease using the “mix model” SVA regression model adjusted for SVA, 

Sex, Age, Disease, Group and Race (pDiseaseLR<1E-10). (Analysis A) 
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2. Cell type* Disease 

QQ plots of Cell type*Disease showed positive deviation from the “standard” red line for 

PMN and MNC (Figure 6.8a and 6.8b). However, the QQ plots for all 3 diseases (ET, PV 

and PMF) (Figure 6.8a and 6.8c) and for the different combinations of the interaction 

between Cell type and Disease (Group*Disease) stayed very close to the “standard” red 

line (Figure 6.8a and 6.8d) which were both inconsistent with the positive deviation seen 

in pDiseaseLR and pGroup*DiseaseLR seen in Figure 6.8a. There were 39,735 CpG sites 

which were significantly (pDiseaseLR<1E-10) differentially methylated (Figure 6.8e). The 

most significantly differentially methylated CpG site was cg26227523 associated with the 

PSTPIP1 gene (pGroupLR 5.07E-44) and the second most significantly differentially 

methylated CpG site was cg06692785 associated with the KIAA1614 gene 

(pDiseaseLR=7.89E-27 and FDR_pDiseaseLR=1.75E-21). There was no gene associated 

with the most significantly methylated CpG site (cg24377495) for pDiseaseLR<1E-10 

(pDiseaseLR=6.32E-30 and FDR_pDiseaseLR=2.80E-24). 

 

As explained above, due to the problems encountered using SVA on smaller samples 

(Figure 6.9 to 6.11), subsequent Association analyses were performed without SVA within 

individual Cell types (PMN, MNC and T cell comparisons) with an aim to identify distinct 

signatures for different Disease subtypes within each Cell type. In the Association analyses, 

each Disease subtype (ET, PV and PMF) was compared with normal control.  

 

 



467 

 

 

 

 

 

Figure 6-8a.  QQ plots of pDiseaseLR, pRaceLR, pGroupLR and pGroup*DiseaseLR generated 

from Association analysis using the modified-“mix model” SVA regression model adjusted for 

SVA, Sex, Age, Disease, Group, Group*Disease and Race. pGroupLR shows the greatest degree 

of positive deviation from the “standard” red line. When Cell type interacts with Disease 

(pGroup*DiseaseLR), the degree of skewness is significantly reduced. Likelihood ratios (LR) are 

used to test the total effect of multiple cell types, disease groups and race groups (denoted as 

pGroupLR, pDiseaseLR, pGroup*DiseaseLR and pRaceLR) at the beginning of the statistical 

analysis. (Analysis A) 
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Figure 6-8b.  QQ plots of individual pGroupPMN and pGroupMNC generated from the 

Association analysis of Cell type*Disease using the modified-“mix model” SVA regression model 

adjusted for SVA, Sex, Age, Disease, Group, Group*Disease and Race. Both pGroupPMN and 

pGroupMNC show significant positive deviation from the “standard” red line consistent with 

pGroupLR in Figure 6.8a. (Analysis A) 
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Figure 6-8c.  QQ plots of individual pDiseaseET, pDiseasePV and pDiseaseMF generated from 

the Association analysis of Cell type*Disease using the modified-“mix model” SVA regression 

model adjusted for SVA, Sex, Age, Disease, Group, Group*Disease and Race. The individual 

pDiseaseET, pDiseasePV and pDiseaseMF stay very close to the “standard” red line which is 

inconsistent with the positive deviation seen in pDiseaseLR in Figure 6.8a. (Analysis A) 
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Figure 6-8d.  Individual QQ plots of individual ET*PMN (pDiseaseET*pGroupPMN), PV*PMN 

(pDiseasePV*pGroupPMN), MF*PMN (pDiseaseMF*pGroupPMN), ET*MNC 

(pDiseaseET*pGroupMNC), PV*MNC (pDiseasePV*pGroupMNC) and MF*MNC 

(pDiseaseMF*pGroupMNC) generated from the Association analysis of Cell type*Disease using 

the modified- “mix model” SVA regression model adjusted for SVA, Sex, Age, Disease, Group, 

Group*Disease and Race. All the different Cell type*Disease combinations stay very close to the 

“standard” red line which are inconsistent with the positive deviation seen in pGroup*DiseaseLR 

in Figure 6.8a. (Analysis A) 

 

 



471 

 

 

 

                      

                       

Figure 6-8e.  Differentially methylated CpG and associated gene lists generated from the 

Association analysis of Cell type*Disease using the modified-“mix model” SVA regression model 

adjusted for SVA, Sex, Age, Disease, Group, Group*Disease and Race (pGroupLR<1E-10, 

pDiseaseLR<1E-10). (Analysis A) 



472 

 

 

 

                 

                 

Figure 6-9.  QQ plots of pDiseaseLR for PMN & individual pDiseaseET, pDiseasePV and 

pDiseaseMF generated from the Association analysis of PMN using the “linear regression” SVA 

regression model adjusted for SVA, Sex, Age, Disease and Race. There is some degree of positive 

deviation for pDiseaseMF (but not pDiseaseET and pDiseasePV) from the “standard” red line but 

not as much as pDiseaseLR (above). (Analysis A) 



473 

 

 

 

                

                

Figure 6-10.  QQ plots of pDiseaseLR for MNC & individual pDiseaseET, pDiseasePV and 

pDiseaseMF generated from the Association analysis of MNC using the “linear regression” SVA 

regression model adjusted for SVA, Sex, Age, Disease and Race. The individual pDiseaseET, 

pDiseasePV and pDiseaseMF stay very close to the “standard” red line which is inconsistent with 

the positive deviation seen in pDiseaseLR (above). (Analysis A) 
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Figure 6-11.  QQ plots of pDiseaseLR for T cell & individual pDiseaseET, pDiseasePV and 

pDiseaseMF generated from the Association analysis of T cell using the “linear regression” SVA 

regression model adjusted for SVA, Sex, Age, Disease and Race. The individual pDiseaseET, 

pDiseasePV and pDiseaseMF stay very close to the “standard” red line which is inconsistent with 

the positive deviation seen in pDiseaseLR (above). (Analysis A) 
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3. PMN 

QQ plots showed a continuum of progressive skewness from the “standard” red line from 

ET to PV to PMF (Figure 6.12). There were 1889, 6545 and 11,372 CpG sites which were 

significantly (pDiseaseLR<1E-04) differentially methylated in ET, PV and PMF 

respectively (Figure 6.13). The most significantly differentially methylated CpG sites were 

cg02479691 associated with the ZNF707 gene (pDiseaseLR=4.61E-11, 

FDR_pDiseaseLR=2.04E-05), cg08555772 associated with the ARMC4 gene 

(pDiseaseLR =3.90E-12, FDR_pDiseaseLR=1.73E-06) and cg09576209 associated with 

the CACNA1C gene (pDiseaseLR=3.30E-12, FDR_pDiseaseLR=1.47E-06) for ET, PV 

and PMF respectively.  

 

4. MNC 

QQ plots showed a continuum of progressive skewness from the “standard” red line from 

ET to PV to PMF (Figure 6.14). There were 732, 7700 and 49,219 CpG sites which were 

significantly (pDiseaseLR<1E-04) differentially methylated in ET, PV and PMF (Figure 

6.15) respectively. The most significantly differentially methylated CpG sites were 

cg27582013 associated with the CROCC gene (pDiseaseLR=1.43E-09, 

FDR_pDiseaseLR=6.34E-04) and cg24727203 associated with the PPP1R3B gene 

(pDiseaseLR =6.16E-11, FDR_pDiseaseLR=2.73E-05) for ET and PV respectively. For 

PMF, there was no gene associated with the most significantly methylated CpG site for 

PMF (cg07713318). The second most significantly differentially methylated CpG site was 

cg08810842 associated with the EGR3 gene (pDiseaseLR=8.97E-13, 

FDR_pDiseaseLR=1.99E-07).  
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Figure 6-12.  QQ plots of individual pDiseaseLR & pDisease for ET, PV and MF generated from 

the Association analysis of individual pairs of Disease in PMN without SVA in the regression 

model adjusted for Sex, Age, Disease and Race. There is a continuum of progressive skewness 

from ET to PV to MF in pDisease which is consistent with the appearance seen in pDiseaseLR 

(above). (Analysis A) 
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Figure 6-13.  Differentially methylated CpG and associated gene lists generated for ET, PV and 

MF from the Association analysis of individual pairs of Disease in PMN without SVA in the 

regression model adjusted for Sex, Age, Disease and Race (pDiseaseLR<1E-4). (Analysis A) 
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Figure 6-14.  QQ plots of individual pDiseaseLR & pDisease for ET, PV and MF generated from 

the Association analysis of individual pairs of Disease in MNC without SVA in the regression 

model adjusted for Sex, Age, Disease and Race. There is a continuum of progressive skewness 

from ET to PV to MF in pDisease which is consistent with the appearance seen in pDiseaseLR 

(above). (Analysis A) 

 



479 

 

 

 

               

               

Figure 6-15.  Differentially methylated CpG and associated gene lists generated for ET, PV and 

MF from the Association analysis of individual pairs of Disease in MNC without SVA in the 

regression model adjusted for Sex, Age, Disease and Race (pDiseaseLR<1E-4). (Analysis A) 
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5. T cell 

QQ plots for all the 3 diseases (ET, PV and PMF) stayed close to the standard red line. 

(Figure 6.16). There were 297, 1091 and 987 CpG sites which were significantly (p-

value<1E-04) differentially methylated in ET, PV and PMF (Figure 6.17) respectively. The 

most significantly differentially methylated CpG sites were cg07342080 associated with 

the SIX5 gene (pDiseaseLR=8.49E-08, FDR_pDiseaseLR=0.038) and cg26152597 

associated with the ZBTB20 gene (pDiseaseLR =4.70E-09, FDR_pDiseaseLR=2.09E-03) 

for ET and PMF respectively. For PV, there was no gene associated with the most 

significantly methylated CpG site for PV (cg16704560). The second most significantly 

differentially methylated CpG site was cg07851738 associated with the ADCY8 gene 

(pDiseaseLR=1.17E-08, FDR_pDiseaseLR=2.59E-03).  

 

vi) GO, Functional Classification & Pathway analyses of CpG sites & associated gene lists 

From the Association analyses of the 5 different interpretations, the gene ontologies for the genes 

associated with the most differentially methylated CpG sites as well as the Functional 

classifications (biological processes) & Pathway analyses of the associated gene lists were 

analysed using PANTHER Classification System System and the KEGG database. The results are 

summarized in Tables 6.3a to 6.3d. 

 

A total of 43 CpG sites from the differentially methylated CpG lists for the different disease 

subtypes (ET, PV and PMF) within each cell type (PMN, MNC and T cells) were 

subsequently selected for validation using Fluidigm/NGS (section 6.3.2). 
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Figure 6-16.  QQ plots of individual pDiseaseLR & pDisease for ET, PV and MF generated from 

the Association analysis of individual pairs of disease in T cell without SVA in the regression 

model adjusted for Sex, Age, Disease and Race. There is minimal skewness from the “standard” 

red lines for all the 3 diseases which is consistent with the appearance seen in pDiseaseLR (above). 

(Analysis A) 
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Figure 6-17.  Differentially methylated CpG and associated gene lists generated for ET, PV and 

MF from the Association analysis of individual pairs of Disease in T cell without SVA in the 

regression model adjusted for Sex, Age, Disease and Race (pDiseaseLR<1E-4). (Analysis A) 
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Interpretation 

 

Analysis 

Gene 

associated with 

the most 

differentially 

methylated 

CpG site 

 

Gene ontology of the gene associated with the most differentially 

methylated CpG site 

 

Functional classification (gene list) 

 

Pathways  (gene list) 

 

Cell type 

Association analysis 

PMN/MNC 

vs 

T cell 

PSTPIP1 

 

The Proline-Serine-Threonine Phosphatase Interacting Protein 1 gene is 

situated at chromosome 15q24.3 and was the gene associated with the most 
significantly differentially methylated CpG site with pGroupLR of 1.43E-

47. The protein encoded by this gene binds to the cytoplasmic tail of CD2, 

an effector of T cell activation and adhesion, negatively affecting CD2-
triggered T cell activation. The encoded protein appears to be a scaffold 

protein and a regulator of the actin cytoskeleton.  

 

 

Functional classification (biological 

processes) of the differentially 
expressed genes were mainly 

involved in metabolic & cellular 

processes and biological regulation. 

 

The differentially expressed 

genes were mainly involved in 
metabolic pathways, pathways 

in cancer, PI3K-Akt signaling 

pathways and cytokine-
cytokine receptor interaction. 

Disease 
ET/PV/MF 

vs 

NC 

LOC100130274 

or CCDC166 

 

The Coiled-Coil Domain Containing 166 (CCDC166) gene is situated at 

chromosome 8q24.3 and was the gene associated with the most significantly 
differentially methylated CpG site with pDiseaseLR=8.38E-22 and 

FDR_pDiseaseLR=3.72E-16. This is a protein coding gene.  

 

 

Functional classification (biological 

processes) of the differentially 
expressed genes were mainly 

involved in metabolic & cellular 

processes and biological regulation. 

 

The differentially expressed 

genes were mainly involved in 
metabolic pathways, pathways 

in cancer, PI3K-Akt signaling 

pathways and cytokine-
cytokine receptor interaction. 

 

Cell type *Disease 

PMN*ET/ 

PMN*PV/ 

PMN*MF/ 

MNC*ET/ 

MNC*PV/ 

MNC*MF 

vs 

T cell*NC 

PSTPIP1 

 

KIAA1614 

 

The Proline-Serine-Threonine Phosphatase Interacting Protein 1 gene is 

situated at chromosome 15q24.3 and was the gene associated with the most 

significantly differentially methylated CpG site with pGroupLR of 5.07E-

44. Gene ontology for this gene has been discussed earlier. 

 

The KIAA1614 gene is situated on chromosome 1q25.3 and was the gene 
associated with the most significantly differentially methylated CpG site 

with pDiseaseLR=7.89E-27 and FDR_pDiseaseLR=1.75E -21. This is a 

protein coding gene. 
 

 

Functional classification (biological 

processes) of the differentially 

expressed genes were mainly 
involved in metabolic & cellular 

processes and biological regulation. 

 

The differentially expressed 

genes were mainly involved in 

metabolic pathways, pathways 
in cancer, PI3K-Akt and MAPK 

signaling pathways, and 

cytokine-cytokine receptor 
interaction. 

 

 

Table 6-3a Association analyses for Cell type, Disease and Cell type*Disease – gene ontologies of the genes associated with the most 

differentially methylated genes, functional classifications of the gene lists and pathways involved in the gene lists 

(PMN=polymorphonuclear cells; MNC=mononuclear cells; ET=essential thrombocythemia; PV=polycythemia vera; PMF=primary 

myelofibrosis; NC=normal control). (Analysis A) 
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Interpretation 

 

Analysis 

 

Gene 

associated 

with the most 

differentially 

methylated 

CpG site 

 

 

Gene ontology of the gene associated with the most 

differentially methylated CpG site 

 

Functional classification (gene list) 

 

Pathways  (gene list) 

PMN 

Association analysis 

ET vs NC ZNF707 

 

The Zinc Finger Protein 707 gene is situated at chromosome 

8q24.3 and was the gene associated with the most significantly 

differentially methylated CpG site with pDiseaseLR=4.61E-11 

and FDR_pDiseaseLR=2.04E-05. This is a protein coding 

gene.   
 

 

Functional classification (biological 

processes) of the differentially expressed 

genes were mainly involved in metabolic 

& cellular processes and biological 

regulation. 
 

 

The differentially expressed genes were 

mainly involved in metabolic pathways, 

pathways in cancer and PI3K-Akt 

signaling pathways.  

 

PV vs NC ARMC4 

 

The Armadillo Repeat Containing 4 gene is situated at 

chromosome 10p12.1 and was the gene associated with the 
most significantly differentially methylated CpG site with 

pDiseaseLR=3.90E-12 and FDR_pDiseaseLR=1.73E-06. 

Diseases associated with ARMC4 include ciliary dyskinesia. 

 

Functional classification (biological 

processes) of the differentially expressed 
genes were mainly involved in metabolic 

& cellular processes and biological 

regulation. 

 

The differentially expressed genes were 

mainly involved in metabolic pathways, 
pathways in cancer and PI3K-Akt 

signaling pathways.  

 

MF vs NC CACNA1C 

 

The Calcium Channel, Voltage-Dependent, L type, Alpha 1C 

Subnunit gene is situated on chromosome 12p13.3 and was the 
gene associated with the most significantly differentially 

methylated CpG site with pDiseaseLR=3.30E-12 and 

FDR_pDiseaseLR=1.47E-06. This is a protein coding gene. 
GO annotations related to this gene include calmodulin binding 

and alpha-actinin binding. Among its related pathways are 

MAPK signaling pathway and L1CAM interactions. Voltage-
sensitive calcium channels mediate the entry of calcium ions 

into excitable cells and are also involved in a variety of 

calcium-dependent processes, including muscle contraction, 
hormone or neurotransmitter release, gene expression, cell 

motility, cell division and cell death. 

 

 

Functional classification (biological 

processes) of the differentially expressed 
genes were mainly involved in metabolic 

& cellular processes and biological 

regulation. 

 

The differentially expressed genes were 

mainly involved in metabolic pathways, 
pathways in cancer and PI3K-Akt 

signaling pathways.  

 

 

Table 6-3b Association analyses for PMN – gene ontologies of the genes associated with the most differentially methylated genes, 

functional classifications of the gene lists and pathways involved in the gene lists (PMN=polymorphonuclear cells; ET=essential 

thrombocythemia; PV=polycythemia vera; PMF=primary myelofibrosis; NC=normal control). (Analysis A) 
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Interpretation 

 

Analysis 

Gene 

associated 

with the most 

differentially 

methylated 

CpG site 

 

Gene ontology of the gene associated with the most 

differentially methylated CpG site 

 

Functional classification (gene list) 

 

Pathways  (gene list) 

MNC 

Association analysis 

ET vs NC CROCC 

The Ciliary Rootlet Coiled-Coil, Rootletin gene is situated at 

chromosome 1p36.13 and was the gene associated with the 
most significantly differentially methylated CpG site with 

pDiseaseLR=1.43E-09 and FDR_pDiseaseLR=6.34E-04. 

The protein encoded by this gene forms the major structural 

component of the ciliary rootlet, a cytoskeletal-like structure in 

ciliated cells which originates from the basal body at the 

proximal end of a cilium and extends proximally toward the 
cell nucleus. It contributes to centrosome cohesion before 

mitosis. 

Functional classification (biological 

processes) of the differentially expressed 
genes were mainly involved in metabolic 

& cellular processes and biological 

regulation. 

The differentially expressed were mainly 

involved in metabolic pathways, 
pathways in cancer and PI3K-Akt 

signaling pathways.  

 

PV vs NC PPP1R3B 

 

The Protein Phosphatase 1, Regulatory Subunit 3B gene is 
situated at chromosome 8p23.1 and was the gene associated 

with the most significantly differentially methylated CpG site 

with pDiseaseLR =6.16E-11 and FDR_pDiseaseLR=2.73E-

05. This gene encodes the catalytic subunit of serine/threonine 

phosphatase, protein phosphatase-1. The encoded protein is 

expressed in liver and skeletal muscle tissue and may be 
involved in regulating glycogen synthesis in these tissues  

 

 

Functional classification (biological 
processes) of the differentially expressed 

genes were mainly involved in metabolic 

& cellular processes and biological 
regulation. 

 

The differentially expressed genes were 
mainly involved in metabolic pathways, 

pathways in cancer and PI3K-Akt 

signaling pathways.  
 

MF vs NC EGR3 

The Early Growth Response 3 gene is situated on chromosome 
8p23-p21 and the gene associated with the second most 

significantly differentially methylated CpG site with 

pDiseaseLR=8.97E-13 and FDR_pDiseaseLR=1.99E-07. 
This gene encodes a transcriptional regulator that belongs to the 

EGR family of C2H2-type zinc-finger proteins. It is an 

immediate-early growth response gene which is induced by 
mitogenic stimulation. The protein encoded by this gene 

participates in the transcriptional regulation of genes in 

controlling biological rhythm. It may also play a role in a wide 
variety of processes including muscle development, 

lymphocyte development, endothelial cell growth and 

migration, and neuronal development.  

Functional classification (biological 
processes) of the differentially expressed 

genes were mainly involved in metabolic 

& cellular processes and biological 
regulation. 

The differentially expressed genes were 
mainly involved in metabolic pathways, 

pathways in cancer and PI3K-Akt 

signaling pathways.  
 

 

Table 6-3c Association analyses for MNC – gene ontologies of the genes associated with the most differentially methylated genes, 

functional classifications of the gene lists and pathways involved in the gene lists (MNC=mononuclear cells; ET=essential 

thrombocythemia; PV=polycythemia vera; PMF=primary myelofibrosis; NC=normal control). (Analysis A) 
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Interpretation 

 

Analysis 

Gene 

associated 

with the most 

differentially 

methylated 

CpG site 

 

Gene ontology of the gene associated with the most 

differentially methylated CpG site 

 

Functional classification (gene 

list) 

 

Pathways  (gene list) 

T cell 

Association analysis 

ET vs NC SIX5 

The Six Homeobox 5 gene is situated at chromosome 19q13.32 and 

was the gene associated with the most significantly differentially 

methylated CpG site with pDiseaseLR=8.49E-08 and 

FDR_pDiseaseLR=0.038. The protein encoded by this gene is a 

homeodomain-containing transcription factor that appears to 
function in the regulation of organogenesis. This gene is located 

downstream of the dystrophia myotonica-protein kinase gene. 

Mutations in this gene are a cause of branchiootorenal syndrome 
type 2. 

Functional classification (biological 

processes) of the differentially 

expressed genes were mainly 

involved in metabolic & cellular 

processes and biological regulation. 
 

The differentially expressed genes were 

mainly involved in metabolic pathways, 

Rap1 signaling pathway, and pathways in 

cancer. 

 

PV vs NC ADCY8 

 

The Adenylate Cyclase 8 gene is situated at chromosome 8q24 and 

was the gene associated with the most significantly differentially 
methylated CpG site with pDiseaseLR=1.17E-08 and 

FDR_pDiseaseLR=2.59E-03. Adenylate cyclase is a membrane 

bound enzyme that catalyses the formation of cyclic AMP from 
ATP. The enzymatic activity is under the control of several 

hormones, and different polypeptides participate in the transduction 

of the signal from the receptor to the catalytic moiety. Stimulatory 

or inhibitory receptors (Rs and Ri) interact with G proteins (Gs and 

Gi) that exhibit GTPase activity and they modulate the activity of 
the catalytic subunit of the adenylyl cyclase.  

 

Functional classification (biological 

processes) of the differentially 
expressed genes were mainly 

involved in metabolic & cellular 

processes and biological regulation. 

 

The differentially expressed genes were 

mainly involved in metabolic pathways, 
pathway in cancer and MAPK signaling 

pathway. 

 

MF vs NC ZBTB20 

 

This Zinc Finger And BTB Domain Containing 20 gene is situated 

at chromosome 3q13.2 and was the gene associated with the most 
significantly differentially methylated CpG site with 

pDiseaseLR=4.70E-09 and FDR_pDiseaseLR=2.09E-03. The 

protein encoded by this gene may be a transcription factor that may 
be involved in hematopoiesis, oncogenesis, and immune response.  

 

 

Functional classification (biological 

processes) of the differentially 
expressed genes were mainly 

involved in metabolic & cellular 

processes and biological regulation. 

 

The differentially expressed genes were 

mainly involved in metabolic pathways, 
pathways in cancer, cAMP and PI3K-Akt 

signaling pathways.  

 

 

Table 6-3d Association analyses for T cell – gene ontologies of the genes associated with the most differentially methylated genes, 

functional classifications of the gene lists and pathways involved in the gene lists (ET=essential thrombocythemia; PV=polycythemia 

vera; PMF=primary myelofibrosis; NC=normal control). (Analysis A) 
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B) WateRmelon R package with chip ID (Wald test) 

Due to the problems encountered with SVA, the pipeline was modified whereby batch correction 

was done using chip ID (Wald test) in order to improve data analyses across all the 5 

interpretations. Unlike SVA, data analyses with chip ID (Wald test) showed much better 

correlation between pDiseaseLR and the individual pDisease for all the 5 interpretations. 

 

i) Data normalization  

Using WateRmelon R package, the raw data was initially normalized, using Dasen normalization, 

to minimize systematic non-biological differences and to reveal true biological differences. The 

normalization is specific to the data type. 

 

ii) Quality control of CpG probes  

The quality control criteria used for the CpG probes were as follows (Figure 6.3): 

- colMean < 0.05 (fraction of failed sample per CpG) 

- rowMean < 0.02 (fraction of failed CpG per sample) 

 

The number of remaining CpG probes before and after QC is as follows: 

- Before QC: 126 samples x 485,577 probes 

- After QC:    126 samples x 443,587 probes 

 

iii) Visualisation of data 

In order to visualise the data, multidimensional scaling (MDS) of cell type, disease, race and sex 

were performed on the dataset (Fig. 6.4a and 6.4b). MDSs of Cell type and Disease showed clear 
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clustering for Cell type but no obvious clustering for Disease. MDSs of Race and Sex also did not 

show any obvious clustering. 

 

iv) Statistical analysis & Batch correction 

Five different interpretations were performed (Table 5.3). Only Association analysis was done for 

each interpretation. Statistical analysis was performed using a regression model whereby batch 

effect was corrected using chip ID (Wald test) for all 5 interpretations.  

 

A p-value of <1E-04 was taken to indicate CpG sites which were differentially methylated in the 

groups analyzed. “Cell type” is labelled as “Group” in the R package analyses. Likelihood 

ratios (LR) were used to test the total effect of multiple cell types, disease groups and race groups 

(denoted as pGroupLR, pDiseaseLR and pRaceLR) at the beginning of each interpretation. 

 

For the first interpretation (Overview with no interaction) (Figure 6.18 to 6.20) and second 

interpretation (Cell type*Disease) (Figure 6.21), statistical analysis was done on all the 126 

samples. For the third to fifth interpretation (PMN, MNC and T cell), statistical analysis was done 

on 42 samples in each cell type (Figure 6.22 to 6.27). The chip ID (Wald test) corrected the 

problem we encountered with the SVA analysis for the 42 sample individual cell type analysis. 

QQ plots showed a continuum of progressive skewness from ET to PV to PMF for PMN and MNC 

(Figure 6.22 to 6.25). These changes were not seen in the T cells which therefore served as a good 

negative control (Figure 6.26 and 6.27). Pairwise comparisons were subsequently also performed 

for individual cell types (Figure 6.28 to 6.33) in order to compare with the previous analysis 

without SVA (Figure 6.12 to 6.17) 



489 

 

 

 

v) QQ plots & Differential CpG sites and associated gene lists 

The differential CpG and associated gene lists for the 5 different interpretations are presented in 

the following sections: 

 

1. Cell type, Disease 

QQ plots of Cell type (Figure 6.18, 6.19a and 6.19b) showed positive deviation from the 

“standard” red line for PMN and MNC. There were 19,703 CpG sites which were 

significantly differentially methylated in Cell type (pGroupLR<1E-04). The most 

significantly differentially methylated CpG site was cg26818197 associated with the 

CDK19 gene for Cell type (pGroupLR 2.40E-53).  

 

QQ plots of Disease (Figure 6.18, 6.20a and 6.20b) showed positive deviation from the 

“standard” red line for all 3 diseases (ET, PV and PMF). There were 19,703 CpG sites 

which were significantly differentially methylated in Disease (pDiseaseLR<1E-04). The 

most significantly differentially methylated CpG site was cg09805709 associated with the 

PLEKHG5 gene for Disease (pDiseaseLR=4.69E-22 and FDR_pDiseaseLR=2.08E-16).  
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Figure 6-18.  QQ plots of pDiseaseLR, pRaceLR and pGroupLR generated from Association 

analysis using the chip ID (Wald test) regression model adjusted for Sex, Age, Disease, Group and 

Race. pGroupLR shows the greatest degree of positive deviation from the “standard” red line. 

Likelihood ratios (LR) are used to test the total effect of multiple cell types, disease groups and 

race groups (denoted as pGroupLR, pDiseaseLR and pRaceLR) at the beginning of the statistical 

analysis. (Analysis B) 
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Figure 6-19a.  QQ plots of individual pGroupPMN and pGroupMNC generated from the 

Association analysis of Cell type using the chip ID (Wald test) regression model adjusted for Sex, 

Age, Disease, Group and Race. Both pGroup PMN and pGroupMNC show significant positive 

deviation from the “standard” red line consistent with pGroupLR in Figure 6.18. 

(Analysis B) 
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Figure 6-19b.  Differentially methylated CpG and associated gene list generated from the 

Association analysis of Cell type using the chip ID (Wald test) regression model adjusted for Sex, 

Age, Disease, Group and Race (pGroupLR<1E-4). (Analysis B) 
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Figure 6-20a.  Individual QQ plots of pDiseaseET, pDiseasePV and pDiseaseMF generated from 

the Association analysis of Disease using the chip ID (Wald test) regression model adjusted for 

Sex, Age, Disease, Group and Race. There is some degree of positive deviation in all 3 diseases 

from the “standard” red line consistent with pDiseaseLR in Figure 6.18. (Analysis B) 
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Figure 6-20b.  Differentially methylated CpG and associated gene list generated from the 

Association analysis of Disease using the Chip ID (Wald test) regression model adjusted for Sex, 

Age, Disease, Group and Race (pDiseaseLR<1E-4). (Analysis B) 
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2. Cell type* Disease 

QQ plots of Cell type*Disease showed positive deviation from the “standard” red line for 

PMN and MNC (Figure 6.21a and 6.21b). The QQ plots for PV and PMF (Figure 6.21a 

and 6.21c) as well as for PV and PMF combinations of the interaction between Cell type 

and Disease (i.e. PV*PMN, MF*PMN, PV*MNC and MF*MNC) (Figure 6.21a and 6.21d) 

showed some degree of positive deviation from the “standard” red line consistent with the 

positive deviation seen in pDiseaseLR and pGroup*DiseaseLR respectively in Figure 

6.21a. This has corrected the problem we encountered with the SVA analysis previously 

whereby no correlation was seen with the LR QQ plots. There were 15,617 CpG sites which 

were significantly (pDiseaseLR<1E-04) differentially methylated (Figure 6.21). The most 

significantly differentially methylated CpG sites were cg20267828 associated with the 

THEMIS gene (pGroupLR 1.78E-51) and cg1563973 associated with the MUC4 gene 

(pDiseaseLR=3.28E-27 and FDR_pDiseaseLR=1.45E-21).  

 

As the Chip ID (Wald test) corrected the problem encountered with the previous SVA 

analyses, subsequent Association analyses were performed with chip ID (Wald test) within 

individual Cell types (PMN, MNC and T cells) with an aim to identify distinct signatures 

for different Disease subtypes within each Cell type. In the Association analyses, each 

Disease subtype (ET, PV and PMF) was compared with normal control.  
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Figure 6-21a.  QQ plots of pDiseaseLR, pRaceLR, pGroupLR and pGroup*DiseaseLR generated 

from Association analysis using the Chip ID (Wald test) regression model adjusted for Sex, Age, 

Disease, Group, Group*Disease and Race. pGroupLR shows the greatest degree of positive 

deviation from the “standard” red line. When Cell type interacts with Disease 

(pGroup*DiseaseLR), the degree of skewness is significantly reduced. Likelihood ratios (LR) are 

used to test the total effect of multiple cell types, disease groups and race groups (denoted as 

pGroupLR, pDiseaseLR, pGroup*DiseaseLR and pRaceLR) at the beginning of the statistical 

analysis. (Analysis B) 
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Figure 6-21b.  QQ plots of individual pGroupPMN and pGroupMNC generated from the 

Association analysis of Cell type*Disease using the Chip ID (Wald test) regression model adjusted 

for Sex, Age, Disease, Group, Group*Disease and Race. Both pGroupPMN and pGroupMNC 

show significant positive deviation from the “standard” red line consistent with pGroupLR in 

Figure 6.21a. (Analysis B) 
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Figure 6-21c.  QQ plots of individual pDiseaseET, pDiseasePV and pDiseaseMF generated from 

the Association analysis of Cell type*Disease using the Chip ID (Wald test) regression model 

adjusted for Sex, Age, Disease, Group, Group*Disease and Race. The plots for pDiseasePV and 

pDiseaseMF show some degree of positive deviation from the “standard” red line for PV and MF 

consistent with pDiseaseLR in Figure 6.21a. (Analysis B) 
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Figure 6-21d.  Individual QQ plots of individual ET*PMN (pDiseaseET*pGroupPMN), PV*PMN 

(pDiseasePV*pGroupPMN), MF*PMN (pDiseaseMF*pGroupPMN), ET*MNC 

(pDiseaseET*pGroupMNC), PV*MNC (pDiseasePV*pGroupMNC) and MF*MNC 

(pDiseaseMF*pGroupMNC) generated from the Association analysis of Cell type*Disease using 

the Chip ID (Wald test) regression model adjusted for Sex, Age, Disease, Group, Group*Disease 

and Race. The plots for pDiseasePV*pGroupPMN, pDiseaseMF*pGroupPMN, 

pDiseasePV*pGroupMNC and pDiseaseMF*pGroupMNC show some degree of progressive 

positive deviation from the “standard” red line for PV and MF consistent with pDiseaseLR in 

Figure 6.21a. (Analysis B) 
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Figure 6-21e.  Differentially methylated CpG and associated gene lists generated from the 

Association analysis of Cell type*Disease using the Chip ID (Wald test) regression model adjusted 

for Sex, Age, Disease, Group, Group*Disease and Race (pGroupLR<1E-4, pDiseaseLR<1E-4). 

(Analysis B) 
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3. PMN  

QQ plots showed a continuum of progressive skewness from the “standard” red line from 

ET to PV to PMF (Figure 6.22). There were 5097 CpG sites which were significantly 

(pDiseaseLR<1E-04) differentially methylated in ET, PV and PMF (Figure 6.23). For ET, 

the most significantly differentially methylated CpG sites was cg25970356 associated with 

the MYO1E gene (pDiseaseET=4.91E-07). For PV and PMF, there were no genes 

associated with the most significantly differentially methylated CpG sites (cg02679376 for 

PV and cg23409168 for PMF). The second and the fifth most significantly differentially 

methylated CpG sites were cg8619515 and cg08854834 associated with the CLEC16A 

(pDiseasePV=1.18E-08) and the C21orf7 genes (pDiseaseMF=4.22E-09) respectively for 

PV and PMF respectively. 

 

 

4. MNC 

QQ plots showed a continuum of progressive skewness from the “standard” red line from 

ET to PV to PMF (Figure 6.24). There were 23,941 CpG sites which were significantly 

(pDiseaseLR<1E-04) differentially methylated in ET, PV and PMF (Figure 6.25). The 

most significantly differentially methylated CpG sites were cg16265717 associated with 

the LEPR gene (pDiseaseET=9.18E-07), cg12188860 associated with the TOP1MT gene 

(pDiseasePV=9.70E-07) and cg16265717 associated with the LEPR gene 

(pDiseaseMF=1.69E-10) for ET, PV and PMF respectively.  
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5. T cell 

QQ plots for all the 3 diseases (ET, PV and PMF) stayed close to the standard red line. 

(Figure 6.26). There were 256 CpG sites which were significantly (p-value<1E-04) 

differentially methylated in ET, PV and PMF (Figure 6.27). The most significantly 

differentially methylated CpG sites were cg13457790 associated with the TCF3 gene 

(pDiseaseET=7.12E-06), cg02418294 associated with the PRDM2 gene 

(pDiseasePV=1.12E-05) and cg07014308 associated with the C6orf25 gene 

(pDiseaseMF=1.50E-06) for ET, PV and PMF respectively.  
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Figure 6-22.  QQ plots of individual pDiseaseLR & pDisease for ET, PV and MF generated from 

the Association analysis of Disease in PMN with Chip ID (Wald test) in the regression model 

adjusted for Sex, Age, Disease and Race. There is a continuum of progressive skewness from ET 

to MF to PV in pDisease which is consistent with the appearance seen in pDiseaseLR (above). 

(Analysis B) 
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Figure 6-23.  Differentially methylated CpG and associated gene lists generated for ET, PV and 

MF from the Association analysis of Disease in PMN using the Chip ID (Wald test) regression 

model adjusted for SVA, Sex, Age, Disease and Race (pDiseaseLR<1E-4). (Analysis B) 
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Figure 6-24.  QQ plots of individual pDiseaseLR & pDisease for ET, PV and MF generated from 

the Association analysis of Disease in MNC with Chip ID (Wald test) in the regression model 

adjusted for Sex, Age, Disease and Race. There is a continuum of progressive skewness from ET 

to PV to MF in pDisease which is consistent with the appearance seen in pDiseaseLR (above). 

(Analysis B) 
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Figure 6-25.  Differentially methylated CpG and associated gene lists generated for ET, PV and 

MF from the Association analysis of Disease in MNC using the Chip ID (Wald test) regression 

model adjusted for SVA, Sex, Age, Disease and Race (pDiseaseLR<1E-4). (Analysis B) 
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Figure 6-26.  QQ plots of individual pDiseaseLR & pDisease for ET, PV and MF generated from 

the Association analysis of Disease in T cell with Chip ID (Wald test) in the regression model 

adjusted for Sex, Age, Disease and Race. There is minimal skewness from the “standard” red lines 

for all the 3 diseases which is consistent with the appearance seen in pDiseaseLR (above). 

(Analysis B) 
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Figure 6-27.  Differentially methylated CpG and associated gene lists generated for ET, PV and 

MF from the Association analysis of Disease in T cell using the Chip ID (Wald test) regression 

model adjusted for SVA, Sex, Age, Disease and Race (pDiseaseLR<1E-4). (Analysis B) 
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In order to compare with the data analyses performed without SVA in the previous section, 

the 42 samples were broken down further and pairwise comparisons (PMN, MNC and T 

cell comparisons) were done within each cell type (i.e. ET vs NC, PV vs NC and MF vs 

NC within PMN; and the same for MNC and T cell). This has resulted in a strange 

appearance whereby pDiseaseET and pDiseasePV deviated below the “standard” red cell 

which is inconsistent with the continuum of progressive skewness from the “standard” red 

line from ET to PV to PMF seen in pDiseaseLR (Figure 6.28 to 6.33).  

 

It was therefore decided that subsequent GO, Functional classifications & Pathway 

analyses of the differentially methylated CpG and associated gene lists will be done on the 

results obtained from the analysis of the 42 samples (rather than the pairwise comparisons) 

due to the unexplained appearance seen with the pairwise comparisons and also data 

analysis on a larger sample size was thought to be more statistically more significant. 
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Figure 6-28.  QQ plots of individual pDiseaseLR & pDisease for ET, PV and MF generated from 

the Association analysis of individual pairs of Disease in PMN with Chip ID (Wald test) in the 

regression model adjusted for Sex, Age, Disease and Race. The lines for pDiseaseET and 

pDiseasePV seem to have deviated below the “standard” red line which is inconsistent with the 

continuum of progressive skewness from ET to PV to MF seen in pDiseaseLR (above). 

(Analysis B) 
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Figure 6-29.  Differentially methylated CpG and associated gene lists generated for ET, PV and 

MF from the Association analysis of individual pairs of Disease in PMN using the Chip ID (Wald 

test) regression model adjusted for SVA, Sex, Age, Disease and Race (pDiseaseLR<1E-4). 

(Analysis B) 
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Figure 6-30.  QQ plots of individual pDiseaseLR & pDisease for ET, PV and MF generated from 

the Association analysis of individual pairs of Disease in MNC with Chip ID (Wald test) in the 

regression model adjusted for Sex, Age, Disease and Race. The lines for pDiseaseET and 

pDiseasePV seem to have deviated below the “standard” red line which is inconsistent with the 

continuum of progressive skewness from ET to PV to MF seen in pDiseaseLR (above).  

(Analysis B) 
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Figure 6-31.  Differentially methylated CpG and associated gene lists generated for ET, PV and 

MF from the Association analysis of individual pairs of Disease in MNC using the Chip ID (Wald 

test) regression model adjusted for SVA, Sex, Age, Disease and Race (pDiseaseLR<1E-4). 

(Analysis B) 
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Figure 6-32.  QQ plots of individual pDiseaseLR & pDisease for ET, PV and MF generated from 

the Association analysis of individual pairs of Disease in T cell with Chip ID (Wald test) in the 

regression model adjusted for Sex, Age, Disease and Race. The lines for pDiseaseET and 

pDiseasePV seem to have deviated below the “standard” red line which is inconsistent with the 

continuum of progressive skewness from ET to PV to MF seen in pDiseaseLR (above). 

(Analysis B) 
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Figure 6-33.  Differentially methylated and associated gene lists generated for ET, PV and MF 

from the Association analysis of individual pairs of Disease in T cell using the Chip ID (Wald test) 

regression model adjusted for SVA, Sex, Age, Disease and Race (pDiseaseLR<1E-4). 

(Analysis B) 
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vi) GO, Functional Classification & Pathway analyses of CpG sites & associated gene lists 

From the Association analyses of the 5 different interpretations, the gene ontologies for the genes 

associated with the most differentially methylated CpG sites as well as the Functional 

classifications (biological processes) & Pathway analyses of the associated gene lists were 

analysed using PANTHER Classification System and System and the KEGG database. The results 

are summarized in Tables 6.4a to 6.4d. 
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Interpretation 

 

Analysis 

Gene 

associated 

with the most 

differentially 

methylated 

CpG site 

 

Gene ontology of the gene associated with the most differentially methylated 

CpG site 

 

Functional classification  

(gene list) 

 

Pathways  (gene list) 

 

Cell type 

Association analysis 

PMN/MNC 

vs 

T cell 

CDK19 

 

The Cyclin-Dependent Kinase 19 gene is situated at chromosome 6q21 and was the 

gene associated with the most significantly differentially methylated CpG site with 
pGroupLR=2.40E-53. This gene encodes a protein that is one of the components 

of the Mediator co-activator complex. The Mediator complex is a multi-protein 

complex required for transcriptional activation by DNA binding transcription factors 
of genes transcribed by RNA polymerase II. 

 

Functional classification (biological 

processes) of the differentially 
expressed genes were mainly 

involved in metabolic & cellular 

processes and biological regulation. 

 

The differentially 

expressed genes were 
mainly involved in 

metabolic pathways, 

pathways in cancer and 
PI3K-Akt signaling 

pathways. 

Disease 
ET/PV/MF 

vs 

NC 

PLEKHG5 

 
The Pleckstrin Homology Domain Containing, Family G (with RhoGef Domain 

Member 5 gene is situated at chromosome 1p36.31 and was the gene associated with 

the most significantly differentially methylated CpG site with pDiseaseLR=4.69E-

22 and FDR_pDiseaseLR=2.08E-16. This gene encodes a protein that activates the 

nuclear factor kappa B (NFKB1) signaling pathway. Among its related pathways are 

signaling by FGFR and GPCR. 

 
Functional classification (biological 

processes) of the differentially 

expressed genes were mainly 
involved in metabolic & cellular 

processes and biological regulation. 

 
The differentially 

expressed genes were 

mainly involved in 
metabolic pathways, 

pathways in cancer and 

PI3K-Akt signaling 
pathways. 

Cell type *Disease 

PMN*ET/ 

PMN*PV/ 

PMN*MF/ 

MNC*ET/ 

MNC*PV/ 

MNC*MF 

vs 

T cell*NC 

THEMIS 

 

 

 

 

MUC4 

 

The Thymocyte Selection Associated gene is situated on chromosome 6q22.33 and 

was the gene associated with the most significantly differentially methylated CpG 

site with pGroupLR=1.78E-51. This gene encodes a protein that plays a regulatory 

role in both positive and negative T-cell selection during late thymocyte 
development. The protein functions through T-cell antigen receptor signaling, and 

is necessary for proper lineage commitment and maturation of T cells.  

 
The Mucin 4, Cell Surface Associated gene is situated at chromosome 3q29 and was 

the gene associated with the most significantly differentially methylated CpG site 

with pDiseaseLR=3.28E-27 and FDR_pDiseaseLR=1.45E-21. This gene encodes 
an integral membrane glycoprotein found on the cell surface. The glycoproteins play 

important roles in the protection of the epithelial cells and have been implicated in 

epithelial renewal and differentiation. It may play a role in tumor progression by 
promoting tumor growth may be mainly due to repression of apoptosis as opposed 

to proliferation.  

 

Functional classification (biological 

processes) of the differentially 

expressed genes were mainly 

involved in metabolic & cellular 
processes and biological regulation. 

 

 

The differentially 

expressed genes were 

mainly involved in 

metabolic pathways, 
pathways in cancer and 

PI3K-Akt signaling 

pathways. 

Table 6-4a Association analyses for Cell type, Disease and Cell type*Disease – gene ontologies of the genes associated with the most 

differentially methylated genes, functional classifications of the gene lists and pathways involved in the gene lists 

(PMN=polymorphonuclear cells; MNC=mononuclear cells; ET=essential thrombocythemia; PV=polycythemia vera; PMF=primary 

myelofibrosis; NC=normal control). (Analysis B) 
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Interpretation 

 

Analysis 

Gene 

associated 

with the most 

differentially 

methylated 

CpG site 

 

Gene ontology of the gene associated with the most 

differentially methylated CpG site 

 

Functional classification (gene list) 

 

Pathways  (gene list) 

PMN 

Association analysis 

ET vs NC MYO1E 

 

The Myosin 1E gene is situated at chromosome 15q21-q22 and 
was the gene associated with the most significantly 

differentially methylated CpG site with pDiseaseET=4.91E-

07. Myosins are actin-based motor molecules with ATPase 

activity and serve in intracellular movements. In dendritic cells, 

they may control the movement of classII-containing 

cytoplasmic vesicles along the actin cytoskeleton by 
connecting them with the actin network. 

 

 

Functional classification (biological 
processes) of the differentially expressed 

genes were mainly involved in metabolic 

& cellular processes and biological 

regulation. 

 

The differentially expressed genes were 
mainly involved in metabolic pathways, 

pathways in cancer and PI3K-Akt 

signaling pathways.  

 

 

 

PV vs NC 

 

 

 

CLEC16A 

The C-Type Lectin Domain Family 16, Member A gene is 

situated at chromosome 16p13.13 and was the gene associated 

with the second most significantly differentially methylated 
CpG site with pDiseasePV=1.18E-08. This gene encodes for a 

protein which is a regulator of mitophagy which is a selective 

form of autophagy necessary for mitochondrial quality control.  

 

Functional classification (biological 
processes) of the differentially expressed 

genes were mainly involved in metabolic 

& cellular processes and biological 
regulation. 

 

The differentially expressed genes were 
mainly involved in metabolic pathways, 

pathways in cancer and PI3K-Akt 

signaling pathways. 
 

 

 

 

MF vs NC 

 

 

 

 

C21orf7 

The C21orf7 gene is situated at chromosome 21q22.3 and was 

the gene associated with the fifth most significantly 
differentially methylated CpG site with pDiseaseMF=4.22E-

09. It is also known as the MAP3K7 C-Terminal Like 

(MAP3K7CL) gene which is a protein coding gene. Among its 
related pathways are Integrated Breast Cancer Pathway. 

 
Functional classification (biological 

processes) of the differentially expressed 

genes were mainly involved in metabolic 
& cellular processes and biological 

regulation. 

 

The differentially expressed genes were 

mainly involved in metabolic pathways, 

pathways in cancer and PI3K-Akt 
signaling pathways. 

 

 

Table 6-4b Association analyses for PMN – gene ontologies of the genes associated with the most differentially methylated genes, 

functional classifications of the gene lists and pathways involved in the gene lists (PMN=polymorphonuclear cells; ET=essential 

thrombocythemia; PV=polycythemia vera; PMF=primary myelofibrosis; NC=normal control). (Analysis B) 
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Interpretation 

 

Analysis 

Gene 

associated 

with the most 

differentially 

methylated 

CpG site 

 

Gene ontology of the gene associated with the most 

differentially methylated CpG site 

 

Functional classification (gene list) 

 

Pathways  (gene list) 

MNC 

Association analysis 

ET vs NC LEPR 

The Leptin Receptor gene is situated at chromosome 1p31 and 

was the gene associated with the most significantly 
differentially methylated CpG site with pDiseaseET=9.18E-

07.  The protein encoded by this gene belongs to the gp 130 

family of cytokine receptors that are known to stimulate gene 

transcription via activation of cytosolic STAT proteins. This 

protein is a receptor for leptin (an adipocyte-specific hormone 

that regulates body weight), and is involved in the regulation of 
fat metabolism, as well as in a novel hematopoietic pathway 

that is required for normal lymphopoiesis. 

Functional classification (biological 

processes) of the differentially expressed 
genes were mainly involved in metabolic 

& cellular processes and biological 

regulation. 

 

The differentially expressed genes were 

mainly involved in metabolic pathways, 
pathways in cancer and PI3K-Akt 

signaling pathways. 

PV vs NC TOP1MT 

The Topoisomerase (DNA) I, Mitochondrial gene is situated at 

chromosome 8q24.3 and was the gene associated with the most 
significantly differentially methylated CpG site with 

pDiseasePV=9.70E-07. This gene encodes a mitochondrial 

DNA topoisomerase that plays a role in the modification of 
DNA topology. The encoded protein is a type 1B 

topoisomerase and catalyzes the transient breaking and 

rejoining of DNA to relieve tension and DNA supercoiling 
generated in the mitochondrial genome during replication and 

transcription.  

Functional classification (biological 

processes) of the differentially expressed 
genes were mainly involved in metabolic 

& cellular processes and biological 

regulation. 
 

The differentially expressed genes were 

mainly involved in metabolic pathways, 
pathways in cancer and PI3K-Akt 

signaling pathways. 

 

MF vs NC LEPR 

The Leptin Receptor gene is situated at chromosome 1p31 and 
was the gene associated with the most significantly 

differentially methylated CpG site with pDiseaseMF=1.69E-

10.  The protein encoded by this gene belongs to the gp 130 
family of cytokine receptors that are known to stimulate gene 

transcription via activation of cytosolic STAT proteins. This 

protein is a receptor for leptin (an adipocyte-specific hormone 
that regulates body weight), and is involved in the regulation of 

fat metabolism, as well as in a novel hematopoietic pathway 

that is required for normal lymphopoiesis.  

Functional classification (biological 
processes) of the differentially expressed 

genes were mainly involved in metabolic 

& cellular processes and biological 
regulation. 

The differentially expressed genes were 
mainly involved in metabolic pathways, 

pathways in cancer and PI3K-Akt 

signaling pathways. 

 

Table 6-4c Association analyses for MNC – gene ontologies of the genes associated with the most differentially methylated genes, 

functional classifications of the gene lists and pathways involved in the gene lists (MNC=mononuclear cells; ET=essential 

thrombocythemia; PV=polycythemia vera; PMF=primary myelofibrosis; NC=normal control). (Analysis B) 
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Interpretation 

 

Analysis 

Gene 

associated 

with the most 

differentially 

methylated 

CpG site 

 

Gene ontology of the gene associated with the most differentially 

methylated CpG site 

 

Functional classification 

(gene list) 

 

Pathways  (gene list) 

T cell 

Association analysis 

ET vs NC TCF3 

The Transcription Factor 3 gene is situated at chromosome 19p13.3 and 

was the gene associated with the most significantly differentially 
methylated CpG site with pDiseaseET=7.12E-06. This gene encodes a 

member of the E protein (class 1) family of helix-loop-helix transcription 

factors. E proteins play a critical role in lymphopoiesis, and the encoded 
protein is required for B and T lymphocyte development. Deletion of this 

gene or diminished activity of the encoded protein may play a role in 

lymphoid malignancies. 

Functional classification 

(biological processes) of the 
differentially expressed genes 

were mainly involved in 

metabolic & cellular processes 
and biological regulation.- 

The differentially expressed genes were 

mainly involved in metabolic pathways, 
pathways in cancer and PI3K-Akt 

signaling pathways. 

 

PV vs NC PRDM2 

The PR Domain Containing 2, With ZNF Domain gene is situated at 
chromosome 1p36.21 and was the gene associated with the most 

significantly differentially methylated CpG site with 

pDiseasePV=1.12E-05. This tumor suppressor gene is a member of a 
nuclear histone/protein methyltransferase superfamily. It encodes a zinc 

finger protein that can bind to retinoblastoma protein, estrogen receptor, 

and the TPA-responsive element of the heme-oxygenase-1 gene. 
Although the functions of this protein have not been fully characterized, 

it may (1) play a role in transcriptional regulation during neuronal 

differentiation and pathogenesis of retinoblastoma, (2) act as a 
transcriptional activator of the heme-oxygenase-1 gene, and (3) be a 

specific effector of estrogen action. 

Functional classification 
(biological processes) of the 

differentially expressed genes 

were mainly involved in 
metabolic & cellular processes 

and biological regulation.- 

The differentially expressed genes were 
mainly involved in metabolic pathways, 

pathways in cancer and PI3K-Akt 

signaling pathways. 

MF vs NC C6orf25 

This Chromosome 6 Open Reading Frame 25 gene is situated at 
chromosome 6p21.33 and was the gene associated with the most 

significantly differentially methylated CpG site with 

pDiseaseMF=1.50E-06. This gene is a member of the immunoglobulin 
superfamily and is located in the major histocompatibility complex 

(MHC) class III region. The protein encoded by this gene is a 

glycosylated, plasma membrane-bond cell surface receptor, but soluble 
isoforms encoded by some transcript variants have been found in the 

endoplasmic reticulum and Golgi before being secreted. 

Functional classification 
(biological processes) of the 

differentially expressed genes 

were mainly involved in 
metabolic & cellular processes 

and biological regulation.- 

The differentially expressed genes were 
mainly involved in metabolic pathways, 

pathways in cancer and PI3K-Akt 

signaling pathways. 

 

Table 6-4d Association analyses for T cell – gene ontologies of the genes associated with the most differentially methylated genes, 

functional classifications of the gene lists and pathways involved in the gene lists (ET=essential thrombocythemia; PV=polycythemia 

vera; PMF=primary myelofibrosis; NC=normal control). (Analysis B) 



521 

 

6.3.2 Fluidigm/NGS on Validation cohort 

6.3.2.1   Sample details 

A total of 48 CpG sites from 45 (i.e. 15 x 3 cell types) DNA samples of the 12 patients (4 ET, 4 

PV and 4 PMF) and 3 normal controls were processed using Fluidigm Access Arrays™ in a single 

batch and sequenced using the MiSeq (Table 6.1). 

 

6.3.2.2   Quality of raw data 

The quality of data from Fluidigm experiment was very good. Bisulfite conversion rates were 

>97% for all DNA samples. Q score applied to all the Miseq reads was set to 20 and the reads with 

a lower Q score were rejected. Depth of coverage statistics for the filtered read mappings were 

calculated with the DepthOfCoverage command of the Genome Analysis Toolkit version 1.1.23. 

 

6.3.2.3   Data analysis 

Methylation ratios were extracted from BSMAP mapping files using methratio.py from BSMAP 

(v2.74) (180) where the minimum sequencing depth for reported loci was 5x. 
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6.3.3 Validation of DNA methylation results 

6.3.3.1   Sample details 

A total of 48 CpG sites were selected in section 6.2.4.1 for validation using the Fluidigm/NGS 

platform. The list of CpG sites and their associated genes for the different interpretations and 

analyses are shown in Figure 6.34 and 6.35. 

 

6.3.3.2   Data analysis of CpG sites and associated genes  

Results from the first group of 43 significantly differentially methylated CpG sites selected from 

the different Association analyses of the disease subgroups for the 3 different interpretations 

(PMN, MNC and T cells) of the DNA methylation microarray dataset are listed in Figure 6.34 and 

discussed below:  

 

1. PMN 

For ET vs NC, the most significantly differentially methylated CpG site was cg02479691 

associated with the ZNF707 gene. The Zinc Finger Protein 707 gene is situated on 

chromosome 8q24. It is a protein coding gene and among its related pathways is gene 

expression. Pathway analysis of the gene list showed that they were mainly involved in 

fatty acid metabolism/biosynthesis, AMPK signaling pathway and metabolic pathways. 
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Figure 6-34. List of the top significantly differentially methylated CpG sites and associated genes 

for the Association analyses of ET vs NC, PV vs NC and PMF vs NC in PMN (14 CpG sites), 

MNC (15 CpG sites) and T cells (14 CpG sites) from the DNA methylation microarray CpG lists 

were selected for validation using the Fluidigm/NGS platform. 
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For PV vs NC, the most significantly differentially methylated CpG site was cg06221222 

associated with the BCAR3 gene. The Breast Cancer Anti-Estrogen Resistance 3 gene is 

situated on chromosome 1p22.1. This gene encodes a component of intracellular signal 

transduction that causes estrogen-independent proliferation in human breast cancer cells. 

When overexpressed, it confers anti-estrogen resistance in breast cancer cell lines. It may 

also be regulated by cellular adhesion to extracellular matrix proteins. Pathway analysis of 

the gene list showed that they were mainly involved in protein digestion and absorption. 

 

For PMF vs NC, the most significantly differentially methylated CpG site was cg09576209 

associated with the CACNA1C gene. Gene ontology for this gene was discussed earlier in 

section 6.3.1.3. Pathway analysis of the gene list showed that they were mainly involved 

in MAPK, GnRH and cAMP signaling pathways, 

 

2. MNC 

For ET vs NC, the most significantly differentially methylated CpG site was cg27582013 

associated with the CROCC gene situated on chromosome 1p36.13. Gene ontology for this 

gene was discussed earlier in section 6.3.1.3. Pathway analysis of the gene list showed that 

they were mainly involved in phosphatidylinositol signaling system, inositol phosphate 

metabolism and metabolic pathways. 

 

For PV vs NC, the most significantly differentially methylated CpG site was cg13759852 

associated with the PER1 gene. The Period Circadian Clock 1 gene is situated on 

chromosome 17p13.1. This gene is a member of the Period family of genes and is expressed 
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in a circadian pattern in the suprachiasmatic nucleus, the primary circadian pacemaker in 

the mammalian brain. Pathway analysis of the gene list showed that they were mainly 

involved in the circadian rhythm and entrainment. 

 

For PMF vs NC, the most significantly differentially methylated CpG site was cg09576209 

associated with the EGR3 gene. The Early Growth Response gene is situated on 

chromosome 8p21.3. This gene encodes a transcriptional regulator that belongs to the ECR 

family of C2H2-type zinc-finger proteins. It is an immediate-early growth response gene 

which is induced by mitogenic stimulation. The protein encoded by this gene participates 

in the transcriptional regulation of genes in controlling biological rhythm. It may also play 

a role in a wide variety of processes including muscle development, lymphocyte 

development, endothelial cell growth and migration, and neuronal development. 

 

3. T cell 

For ET vs NC, the most significantly differentially methylated CpG site was cg27462791 

associated with the SYT8 gene. The Synaptotagmin VIII gene is situated on chromosome 

11p15.5 and encodes a member of the synaptotagmin protein family which are membrane 

proteins that are important in neurotransmission and hormone secretion, both of which 

involve regulated exocytosis. Isoform 4 may play a role in the trafficking and exocytosis 

of secretory vesicles in non-neuronal tissues.  

 

For PV vs NC, the most significantly differentially methylated CpG site cg08946995 was 

not associated with any gene. The second the most significantly differentially methylated 
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CpG site was cg08946995 associated with the GPR176 gene. The G Protein-Coupled 

Receptor 176 gene is situated on chromosome 15q14-q15.1. Members of the G protein-

coupled receptor family, such as GPR176, are cell surface receptors involved in responses 

to hormones, growth factors, and neurotransmitters.  

 

For PMF vs NC, the most significantly differentially methylated CpG site was cg15210276 

was associated with the HAPLN4 gene. The Hyaluronan And Proteoglycan Link Protein 4 

gene is situated on chromosome 19p13.1. It is a protein coding gene related to the ERK 

signaling pathways. GO annotations related to this gene include hyaluronic acid binding. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



527 

 

 

 

Results from the second group of 5 gene-associated CpG sites selected from the different Class 

Prediction analyses of the disease subgroups for the 3 different interpretations (2 from Cell 

type*Disease, 1 from PMN, 2 from MNC) of the validated gene expression common gene lists are 

listed in Figure 6.35 and discussed below:  

 

 

        
 

 

 

Figure 6-35. List of corresponding CpG sites for the top validated significantly differentially 

expressed genes (using Microarray & RNA-seq) for the Class Prediction analyses of Cell 

type*Disease (2 CpG sites), PMN (1 CpG site) and MNC (2 CpG sites) . 

 

 

 

1. Cell type*Disease 

The corresponding CpG sites, cg00555456 and cg01683788, to two of the top differentially 

expressed genes in the validated gene expression common gene list, ACN9 and MSL3, for 

the Class Prediction analysis of Cell type*Disease were studied.  
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ACN9 gene is situated on chromosome 7q21.3. It plays an essential role in the assembly of 

succinate dehydrogenase, an enzyme complex that is a component of both the tricarboxylic 

acid cycle and the mitochondrial electron transport chain, and which couples the oxidation 

of succinate to fumarate with the reduction of ubiquinone (coenzyme Q) to ubiquinol.  

 

The Male-Specific Lethal 3 Homolog (MSL3) gene is situated on chromosome Xp22.3 

and encodes a nuclear protein that is similar to the product of the Drosophilia male-specific 

lethal-3 gene. The Drosophilia protein plays a critical role in a dosage-compensation 

pathway, which equalizes X-linked gene expression in males and females. Thus, the human 

protein is thought to play a similar function in chromatin remodeling and transcriptional 

regulation, and it has been found as part of a complex that is responsible for histone H4 

lysine-16 acetylation. Among its related pathways are RNA Polymerase I Promoter 

Opening and RNA Polymerase I Promoter Opening. GO annotations related to this gene 

include sequence-specific DNA binding transcription factor activity and methylated 

histone binding. 

 

 

2. PMN 

The corresponding CpG site, cg13951664, to one of the top differentially expressed genes 

in the validated gene expression common gene list, SAMSN1, for the Class Prediction 

analysis of PMN was studied.  
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The SH3 Domain And Nuclear Localisation Signals 1 gene is situated on chromosome 

21q11.2. It is a member of a novel gene family of putative adaptors and scaffold proteins 

containing SH3 and SAM (sterile alpha motif) domains. It is a negative regulator of B-cell 

activation and downregulates cell proliferation (in vitro). It also promotes RAC1-

dependent membrane ruffle formation and reorganization of the actin cytoskeleton. In 

addition, it regulates cell spreading and cell polarization and stimulates HDAC1 activity.  

 

3. MNC 

The corresponding CpG sites, cg00532474 and cg00244111, to two of the top differentially 

expressed genes in the validated gene expression common gene list, PSTPIP2 and 

TM4SF1, for the Class Prediction analysis of MNC were studied.  

 

The Proline-Serine-Threonine Phosphatase Interacting Protein 2 gene is a protein coding 

gene situated on chromosome 18q21.1. Diseases associated with this gene include mast-

cell leukemia and sapho syndrome. The protein binds to F-actin and may be involved in 

regulation of the actin cytoskeleton.  

 

The Transmembrane 4 L Six Family Member gene is situated on chromosome 3q21-q25. 

The protein encoded by this gene is a member of the transmembrane 4 superfamily. The 

encoded protein is a cell surface antigen and is highly expressed in different carcinomas.  
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6.3.3.3   Correlation between Microarray and Fluidigm/NGS datasets 

Correlation between the Microarray (Patient cohort) and Fluidigm/NGS (Validation cohort) 

datasets for each cell type (PMN, MNC and T cell) are discussed in the following sections:   

1. PMN 

The correlations between the two datasets were very good for the different disease 

subgroups with R2 ranging from 0.7834 for PMN MF to 0.9342 for PMN NC (Figure 6.36a 

and 6.36b). 

 

2. MNC 

The correlations between the two datasets were very good for the different disease 

subgroups with R2 ranging from 0.7239 for MNC MF to 0.9274 for MNC ET (Figure 6.37a 

and 6.37b). 

 

3. T cell  

The correlations between the two datasets were very good for the different disease 

subgroups with R2 ranging from 0.8447 for T cell MF to 0.906 for T cell PV (Figure 6.38a 

and 6.38b). 
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Figure 6-36a. Scatterplot showing good correlations between the average beta values of the 

Microarray dataset & the average methylation ratios of the Fluidigm/NGS dataset for PMN ET 

(above) and PMN PV (below) for all the 48 differentially methylated CpG sites.  
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Figure 6-36b. Scatterplot showing good correlations between the average beta values of the 

Microarray dataset & the average methylation ratios of the Fluidigm/NGS dataset for PMN MF 

(above) and PMN NC (below) for all the 48 differentially methylated CpG sites.  
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Figure 6-37a. Scatterplot showing good correlations between the average beta values of the 

Microarray dataset & the average methylation ratios of the Fluidigm/NGS dataset for MNC ET 

(above) and MNC PV (below) for all the 48 differentially methylated CpG sites.  
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Figure 6-37b. Scatterplot showing good correlations between the average beta values of the 

Microarray dataset & the average methylation ratios of the Fluidigm/NGS dataset for MNC MF 

(above) and MNC NC (below) for all the 48 differentially methylated CpG sites.  
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Figure 6-38a. Scatterplot showing good correlations between the average beta values of the 

Microarray dataset & the average methylation ratios of the Fluidigm/NGS dataset for T cell ET 

(above) and T cell PV (below) for all the 48 differentially methylated CpG sites.  
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Figure 6-38b. Scatterplot showing good correlations between the average beta values of the 

Microarray dataset & the average methylation ratios of the Fluidigm/NGS dataset for T cell MF 

(above) and T cell NC (below) for all the 48 differentially methylated CpG sites.  
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6.4 DISCUSSION 

6.4.1 Quality of raw data 

This is the first study to use microarray and Fluidigm/NGS platforms to compare cell type-specific 

DNA methylation status between different subtypes of MPN. Microarray is a well-established 

platform which is commonly used for high-throughput DNA methylation profiling studies. 

Bisulfite conversion of genomic DNA combined with NGS (BS-seq) is widely used to measure 

the methylation state of a whole genome at single-base resolution. As the number of CpG sites are 

significantly more than the number of gene transcripts for the human genome, it was not possible 

to perform NGS on the methylome using BS-seq due to technical and financial limitations. 

Nevertheless, Fluidigm Access Array target-specific primers and the Access Array system allowed 

for high-sample throughput targeted amplicon sequencing studies and provided a suitable 

alternative platform for the validation of the results obtained from the microarray studies. 

 

For the microarray experiments on the Patient cohort, the samples were processed using 11 

beadchips. The non-biological differences generated from each batch were minimized using Dasen 

normalization at the beginning of the 2 different bioinformatic pipelines. Following quality control 

of the CpG probes, 91.4% (443,587 out of 485,577) probes remained in the dataset and were used 

for downstream data analyses. 

 

For the Fluidigm/NGS experiments on the Validation cohort, all the 45 samples were all processed 

in a single batch which significantly reduced the amount of non-biological differences compared 

to microarray. The quality of raw data from the Fluidigm/NGS experiments was also very good 
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with bisulfite conversion rate of >97% and subsequent good quality reads generated from the 

Illumina Miseq platform. 

 

6.4.2 Data analysis 

In the initial MDSs performed on the samples, clear clustering of the different cell types but not 

the different diseases was seen. When cell types and diseases were analysed together, there seemed 

to be some clustering of PMF away from ET and PV within each cell type, although this was not 

very obvious. Subsequent data analyses were performed within each cell type with the aim to 

identify specific DNA methylation profiles which were specific to certain disease subgroups. 

 

Data analyses focused mainly on Association analysis. No Class Prediction analysis was done. The 

aim of Association analysis was to identify CpG sites and associated genes which were able to 

differentiate between 2 parameters analysed. Pairwise comparisons for cell types were made with 

T cells and for diseases were made with normal controls.  

 

Two different bioinformatic pipelines were used to analyse the DNA methylation dataset: 

WateRmelon R package with and without SVA and WateRmelon R package with chip ID (Wald 

test). For both WateRmelon R packages, statistical analyses were done using regression analyses 

and the results were interpreted using QQ plots. Because different statistical methods were used, 

the differentially methylated CpG sites and associated gene lists generated by the different 

bioinformatics pipelines and their significance levels were different. The WateRmelon R package 

with Chip ID (Wald test) seemed to be a better bioinformatic pipeline as compared to SVA for 
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smaller sample size in this study as illustrated by the better correlation between pDiseaseLR and 

pDisease.  

 

6.4.3 DNA methylation profiling using microarray 

Only Association analyses were performed using the two WateRmelon R packages. Partek analysis 

was not performed for the DNA methylation microarray dataset as the preferred Dasen 

normalization method for the analysis of DNA methylation microarray data was not found in the 

Partek software.  

 

Association analyses using WateRmelon R packages 

For both WateRmelon R packages, Association analyses were performed for all the 5 

interpretations: Cell type or Disease, Cell type*Disease, PMN, MNC and T cell. For both analyses, 

the most remarkable observation is the continuum of progressive skewness in the QQ plots and 

the number of differentially expressed genes from ET to PV to MF for both PMN and MNC. 

Similarly, the lack of deviation from the “standard” red line for T cells validates the techniques 

used and indicates that they are not part of the neoplastic clone. For Cell type and Disease, the 

former demonstrated more significant skewness from the “standard” red line compared to Disease, 

which is similar to the gene expression microarray results. When both Cell type and Disease were 

interpreted together (Cell type*Disease), the difference between the different Cell type*Disease 

comparisons was much more obvious in the chip ID (Wald test) analysis as compared to the SVA 

analysis. This observation could be due to the former pipeline being more applicable for smaller 

sized samples as seen in this study.  
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The differentially methylated CpG lists and their significance levels for the Association analyses 

of the 5 different interpretations were different between the two WateRmelon R packages. 

However, the associated gene lists for these CpG sites for all the different interpretations have 

similar functional classifications (i.e. metabolic & cellular processes and biological regulation) 

and some overlap in their pathways as shown in Tables 6.3a to 6.3d.  

 

Using the Illumina HumanMethylation450 v.1.2 annotation table, some of the most significantly 

differentially methylated CpG sites for the Association analyses of the SVA/no SVA bioinformatic 

pipeline were not associated with any genes. In such cases, the next most significantly 

differentially methylated CpG site with an associated gene was listed in the table instead. For Cell 

type, Disease and Cell type*Disease, Association analyses were done with SVA.  The number of 

significantly differentially methylated CpG sites were 41,197 entities for Cell type and Disease 

and 39,735 entities for Cell type*Disease. The genes associated with the most significantly 

differentially methylated CpG sites were PSTPIP1 and LOC100130274 for Cell type and Disease 

respectively and PSTPIP1 & KIAA1614 genes for  Cell type*Disease. For PMN, MNC and T cell, 

Association analyses with individual pairwise comparisons for each disease subtype were done 

without SVA due to the discrepancies seen earlier between pDiseaseLR and pDisease when SVA 

was used. For PMN, the least number of significantly differentially methylated CpG sites were 

detected in ET (1889 entities), followed by PV (6545 entities) and finally MF (11,372 entities). 

The genes associated with the most significantly differentially methylated CpG sites were 

ZNF707, ARMC4 and CACNA1C genes for ET, PV and MF respectively in PMN. For MNC, the 

least number of significantly differentially methylated CpG sites was detected in ET (732 entities), 

followed by PV (7700 entities) and finally MF (49,219 entities). The genes associated with the 



541 

 

 

 

most significantly differentially methylated CpG sites were CROCC, PPP1R3B and EGR3 genes 

for ET, PV and MF respectively in MNC. For T cell, the least number of significantly differentially 

methylated CpG sites was detected in ET (297 entities), followed by MF (987 entities) and finally 

PV (1091 entities).The genes associated with the most significantly differentially methylated CpG 

sites were SIX5, ADCY8 and ZBTB20 genes for ET, MF and PV respectively in T cell. Functional 

classifications of the biological processes for the gene lists were similar (i.e. metabolic & cellular 

processes and biological regulation) for all 3 diseases for PMN, MNC and T cell. The pathways 

for the gene lists for PMN and MNC were mainly involved in metabolic pathways, pathways in 

cancer and PI3K-Akt signaling pathways for all 3 diseases whereas the pathways for the gene lists 

in T cells were different for the 3 diseases.  The relatively lower number of significant differentially 

methylated CpG sites in T cells validates the techniques used and indicates that they are not part 

of the neoplastic clone.  

 

Using the Illumina HumanMethylation450 v.1.2 annotation table, some of the most significantly 

differentially methylated CpG sites for the Association analyses of the chip ID (Wald test) 

bioinformatic pipeline were also not associated with any genes. In such cases, the next most 

significantly differentially methylated CpG site with an associated gene was listed in the table 

instead. Association analyses were performed using chip ID (Wald test) for all 5 interpretations.  

The number of significantly differentially methylated CpG sites were 19,703 entities for Cell type 

and Disease and 15,617 entities for Cell type*Disease. The genes associated with the most 

significantly differentially methylated CpG sites were CDK19 and PLEKHG5 for Cell type and 

Disease respectively and THEMIS & MUC4 genes for  Cell type*Disease. The number of 

significantly differentially methylated CpG sites were 5097, 23,941 and 625 entities for PMN, 
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MNC and T cell respectively. For PMN, the gene associated with the most significantly 

differentially methylated CpG site was MYO1E gene for ET. No genes were associated with the 

most significantly differentially expressed CpG sites for PV and MF in PMN. The next most 

significantly differentially methylated CpG site with an associated gene was listed in the table 

instead. For MNC, the genes associated with the most significantly differentially expressed CpG 

sites were LEPR, TOP1MT and LEPR genes for ET, PV and MF respectively. For T cell, the 

genes associated with the most significantly differentially methylated CpG sites were TCF3, 

PRDM2 and C6orf25 genes for ET, MF and PV respectively. Functional classifications of the 

biological processes for the gene lists were similar (i.e. metabolic & cellular processes and 

biological regulation) for all 3 diseases for PMN, MNC and T cell. The pathways for the gene lists 

for PMN, MNC and T cell were mainly involved in metabolic pathways, pathways in cancer and 

PI3K-Akt signaling pathways for all 3 diseases. The relatively lower number of significant 

differentially methylated CpG sites in T cells validates the techniques used and indicates that they 

are not part of the neoplastic clone. In contrast to SVA, individual pairwise comparisons for the 

various disease subtypes using the chip ID (Wald test) did not reveal very satisfactory results which 

warrant further investigations.  

 

Although epigenome-wide association studies of DNA methylation provide a great amount of 

information, there are limits to the ability to interpret this data due to variability of DNA 

methylation across individuals, ethnicities, sex, age, tissue type and environment (181, 182). CpG 

dinucleotides are not randomly distributed throughout the genome, most have spontaneously 

deaminated with the exception of some CpG-enriched regions known as “CpG islands” (183). 

About 70% of gene promoters are associated with CpG islands (184) and traditionally gene 



543 

 

 

 

transcription has been thought to be repressed by the presence of promoter CpG island DNA 

methylation (185, 186).  In the past, many DNA methylation studies focused on promoters and 

CpG islands. However, recent attention has also turned towards the study of DNA methylation 

patterns in the regions surrounding islands, known as shores. CpG island shores have been 

observed to be variably methylated between unrelated individuals, in cancer and in cell lines of 

induced pluripotent stem cells (iPSC) (187-189). The level of DNA methylation in shores may be 

more highly correlated with gene expression than that of CpG islands (190). Others have shown 

that DNA methylation outside of CpG islands and shores may also be associated with the lowest 

and highest levels of gene expression, whereas higher levels of gene body DNA methylation were 

associated with intermediate levels of gene expression (191). 

 

The 450k array combines two technically distinct assays in one platform: the Infinium I assay (type 

I probes) and Infinium II assay (type II probes). While this array offers the opportunity to examine 

DNA methylation at individual CpGs across CpG island and non-island regions, the inclusion of 

this diverse range of sites requires a more complex and detailed annotation of the array. Based on 

analyses by Price et al (192), it was recommended that analysis of 450k data needs to take into 

consideration the following factors: 1) DNA methylation measured at probes with SNPs in the 

target site may be compromised by sample genotype, 2) DNA methylation measured at non-

specific probes may not only represent the intended site of hybridization and 3) DNA methylation 

varies across CpG enrichment classes as well as gene features.  

 

In order to fully interpret the differentially methylated CpG sites and the associated genes in this 

study, further data analyses with more extensive annotation tables are therefore required, 
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preferably with Fluidigm/NGS as the validation platform, in order to address the issues mentioned 

above regarding the 450k array.  In addition, data analyses in the context of the 2 different 

bioinformatics pipelines also need to be explored further in a bigger cohort of patients.  

 

6.4.4 DNA methylation profiling using Fluidigm/NGS 

A total of 48 CpG sites were validated using Fluidigm/NGS as the validation platform. Five of 48 

CpG sites were selected from the CpG sites associated with the validated gene expression common 

gene lists. As the chip ID (Wald test) was only done later in the project, the remaining 43 of 48 

CpG sites were selected from the Association analyses performed with the WateRmelon R package 

with no SVA for the individual pairwise comparisons of the 3 disease subgroups (ET, PV and MF) 

within the 3 cell types (PMN, MNC and T cell) in the DNA methylation microarray dataset.  

 

In mammalian genomes, CpG islands are typically 300-3000 base pairs in length, and found in or 

near approximately 40% of promoters of mammalian genes. One of the main challenges with the 

Fluidigm/NGS experiments was the design of the primers which resulted in the inability to validate 

some of the top CpG sites using this platform. However, for those CpG sites whereby primers were 

successfully designed, the experiments were very straightforward using bisulfite converted DNA 

and the Fluidigm/NGS platform. 
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6.4.5 Validation of DNA methylation results 

A total of 48 CpG sites showing the most significant difference in the degrees of methylation from 

the different categories were successfully validated using the Fluidigm/NGS platform on the 

Validation cohort. Correlation between the average beta values of the microarray dataset and the 

average methylation ratios of the Fluidigm/NGS dataset for the 48 CpG sites for the 12 different 

cell type/disease combinations were all very good as illustrated by the scatterplots and the squared 

Pearson correlation coefficient (R2) of between 0.75 and 1.0. 

 

For the Association analyses, we were able to confirm differential methylation of 5, 5 and 4 CpG 

sites in ET, PV and PMF respectively for PMN and 5, 4 and 6 CpG sites in ET, PV and PMF 

respectively for MNC.  The most significantly differentially methylated CpG sites were associated 

with ZNF707, BCAR3 and CACNA1C genes for ET, PV and PMF respectively for PMN and 

CROCC, PER1 and EGF3 genes for ET, PV and PMF respectively for MNC (Figure 6.34). 

Remarkably, there was no overlap between the validated PMN and MNC differentially methylated 

CpG sites or between disease subtypes. Due to the small number of genes associated with the CpG 

sites for each disease subtype within each cell type, functional classification and pathway studies 

were done combining the gene lists for all the 3 diseases for each cell type.  For PMN, 11 of the 

14 CpG sites were associated with genes primarily involved in cell signaling pathways. For MNC, 

9 of the 15 CpG sites were associated with genes primarily involved in metabolic pathways and 

circadian system. Fourteen differentially methylated CpG sites were validated in T cells. The most 

significantly differentially methylated CpG sites were associated with SYT8 and HAPLN4 genes 

for ET and PMF respectively for T cells. There was no gene associated with the most differentially 

methylated CpG site for PV for T cells.  
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As explained earlier, the validated CpG sites and associated genes will require further data analyses 

with more extensive annotation tables in the context of the 2 different bioinformatics pipelines on 

a bigger cohort of patients.  
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Chapter 7 

CONCLUSIONS 
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7.1 STUDY POPULATION  

Although the number of patients recruited in this study was small, this prospective multicenter 

study was a good representation of the sex, race and age of patients with MPN in a multiracial 

country. The validation cohort was closely matched to the patient cohort for these factors. In 

addition, the normal controls in both cohorts were closely matched to the different disease subtypes 

for the same factors and therefore provide reliable and accurate reference points for comparisons 

with the different disease subtypes.  

 

7.2 CLINICAL PHENOTYPE 

The clinical landscape of MPN patients in Malaysia was similar to other studies with JAK2-

positivity being associated with a more severe clinical phenotype and its complications. The 

relatively severe clinical phenotypes of PMF patients compared to other studies and the 

observation of a young JAK2-CALR+ patient warrant further investigations and more detailed 

analysis of the different datasets in order to identify specific molecular signatures associated with 

higher risk groups. These may benefit from targeted/novel therapies rather than hydroxyurea which 

is the commonest and most affordable drug used to treat MPN patients in Malaysia.  

 

7.3 MPN PANEL 

JAK2 V617F is the commonest somatic driver mutation detected in MPN patients in Malaysia. 

CALR and MPL mutations are detected in some patients who are JAK2-negative. Nearly half of 

the JAK2 V617F positive patients also harbor other potentially pathogenic variants. Patients with 

PMF who harbor the JAK2 V617F in combination with ASXL1, DNMT3A, RUNX1, TET2 and 

U2AF1 putatively pathogenic variants were found to have more severe clinical phenotypes with 
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very poor prognosis. The significance of germline CALR variants in JAK2-positive patients as well 

as the pathogenic order and the allelic frequency of TET2 variants in relation to the appearance of 

the JAK2 V617F mutation warrant further investigations and analyses in the different datasets as 

this may influence the clinical phenotype and prognosis of the patients. Several novel somatic and 

one germline variants were found in this study with the highest allelic frequencies found in PMN 

and the lowest in T cells for most of the genes in the MPN panel. The relatively small number of 

control samples in this study limits an immediate assessment of their likely significance and large 

databases of the relevant ethnic backgrounds are not yet available for comparison. Nonetheless, 

these could be explored further by in silico analysis and prediction of their functional impact 

followed by expression and functional studies. New techniques such as iPSC technology and 

forward programming techniques could be applied to selected progenitors from patient samples. 

Specificity of effects could then be determined using control iPSC and directed mutagenesis using 

the CRISPR system. Clearly further studies are required to explore cell type differences, prognosis 

and clonal evolution in MPN. 

 

7.4 GENE EXPRESSION 

This is the first study to use microarray and next generation sequencing techniques to compare cell 

type-specific expression of genes between different subtypes of MPN. Data analyses using Partek 

as the bioinformatics software is a robust and reliable method which can be used to perform 

differential gene expression analyses for both microarray and RNA-seq platforms. For the 

Beadarray R package, chip ID (Wald test) seems to be a more reliable bioinformatic pipeline for 

small sample size with results which are more keeping with those from Partek. Thus the use of 

multiple pipelines allowed internal comparison and validation of results. 
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For the Class Prediction analyses in Partek, RNA-seq seems to be better as compared to microarray 

in predicting different cell types and also diseases within cell types. This may be due to the higher 

sensitivity of RNA-seq. Further data analyses are required to explore the statistical models used in 

Partek and in the Beadarray R packages in order to improve the prediction of the different classes 

of disease subtypes in MPN by gene expression. 

 

For the Association analyses, the lack of differential expression in T cells validates the techniques 

used and indicates that they are not part of the neoplastic clone. Differential expression of genes 

in MNC was seen mainly in PMF indicating a different cell-type specific molecular pathogenesis 

which may be related to the more severe phenotype. Interestingly, there were fewer differentially 

expressed genes in PMF compared to PV for PMN. The lack of differential expression in ET in 

both PMN and MNC may either reflect the relatively milder phenotype of the disease or that 

differential expression is limited to megakaryocyte-platelets which were not studied. However, in 

future studies, cellular samples from patients could be analysed to address this gap. 

 

Current methods for detecting MPN-related mutations focus mainly on mutations in known genes 

with the highest allelic frequencies in PMN as illustrated in the MPN panel results in this study. 

The lists of mutually exclusive cell type-specific differentially expressed genes for PMN and MNC 

provide new and exciting insight into the molecular pathogenesis of MPN and in to the differences 

between its different forms. The identified and validated genes (e.g. EMR3, GPR84, HBG1 and 

STOM genes) also indicate further routes for investigation of pathogenesis, diagnosis, risk 

stratification and possible disease-specific targets for therapy. Further studies should be performed 
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to explore the different gene lists for PMN and MNC for the different disease subtypes on larger 

cohorts of patients to validate these findings. 

 

7.5 DNA METHYLATION 

This is the first study to use microarray and next generation sequencing techniques to compare cell 

type-specific methylation of CpG sites between different subtypes of MPN. As with gene 

expression studies, data analysis using the WateRmelon R package chip ID (Wald test) seems to 

be a more reliable bioinformatic pipeline as compared to the SVA/no SVA analysis for small 

sample size giving better correlation between pDiseaseLR and pDisease. However, the results 

from the chip ID (Wald’s test) analysis will require validation with Fluidigm/NGS in order to 

confirm the findings. 

 

For the Association analyses, the significantly lower differential methylation and the lack of 

skewness in the QQ plots in T cells validate the techniques used and again indicates that they are 

not part of the neoplastic clone. The continuum of increasing number of differentially methylated 

CpG sites from ET to PV to MF for both PMN and MNC may be related to the increasing severity 

of the disease phenotypes and parallels the pattern seen in the gene expression studies. Differential 

methylation was greatest in PMF and was most markedly seen in MNC which may be related to 

the more severe PMF phenotype. The pattern of cell type-specific differentially methylated CpG 

sites and the lack of overlap between cell types and diseases provide a novel insight into the 

pathogenesis of MPN and into the mechanisms giving rise to the different disease subtypes.  The 

identified and validated CpG sites and their associated genes (e.g. ZNF707, BCAR3, CACNA1C, 
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CROCC, PER1 and EGF3 genes) also indicate further routes for investigation of pathogenesis, 

diagnosis, risk stratification and possible disease-specific targets for therapy.  

 

Future analyses of the datasets generated in this thesis will be required to correlate the patterns of 

methylation with the patterns of gene expression. Nonetheless, differentially methylated CpG sites 

and the CpG-linked genes also point to further routes of investigation and possible disease-specific 

targets for therapy not identified by mutation or gene expression analyses. Further studies should 

be performed to explore the different CpG lists for PMN and MNC for the different disease 

subtypes on larger cohorts of patients to validate the findings in this study. 

 

7.6 ROLE OF PMN AND MNC IN MPN  

This study highlights the distinct genetic and epigenetic signatures of different myeloid cell types 

in the molecular pathogenesis of the difference subtypes of MPN. To date, the majority of 

diagnostic and research work are performed on PMN from peripheral blood which are the 

predominant white cell subtype. This is endorsed to some extent by the finding of the highest 

allelic frequencies seen in the PMN of the MPN panel results. 

 

However, the identification of mutually exclusive differentially expressed genes and differentially 

methylated CpG lists in PMN and MNC for the different disease subtypes suggests that focusing 

entirely on PMN alone may give an incomplete view of MPN pathogenesis. These analyses have 

the potential to widen our understanding of the molecular pathogenesis, diagnosis & classification, 

risk stratification & prognosis and most importantly treatment & monitoring of the different 

disease subtypes at a cell type-specific level.  
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For ET, the number of differentially expressed genes and differentially methylated CpG sites were 

lowest for both PMN and MNC, which is consistent with the mildest clinical phenotype seen in 

this disease.  

 

For PV and PMF, DNA methylation studies revealed larger differentially methylated CpG lists for 

both PMN and MNC in PMF which may explain the more severe clinical phenotype. However, 

gene expression studies showed a larger differentially expressed gene lists for PMN in PV and 

MNC in PMF. It is conceivable that PMN and MNC are the predominant cell types giving rise to 

the clinical phenotypes seen in PV and PMF respectively. Clearly the nature of the specific genes 

involved will also be an important factor in determining severity. Is it therefore possible that the 

driver mutations are present in different cells for different disease subtypes or is this the effect of 

secondary mutations? Are there driver mutations for PMF found in MNC which are not routinely 

analysed in diagnostic laboratories?  If so, do they explain the more severe clinical phenotype seen 

in PMF and can they be used to diagnose and risk stratify the patient? More importantly, can 

targeted therapy directed against these mutations be used to treat and cure these patients? 

 

7.7 LIMITATIONS OF THE STUDY 

As this is a prospective study in a multiracial country over 3 years, it is limited by the number and 

race of patients which is known to influence the methylation status of DNA. Although peripheral 

blood sampling is an easy and practical way to study the disease, it does not provide any 

information on the precursor cells in the bone marrow which may be very different. Data analysis, 

especially with the DNA methylation dataset, presents the greatest challenge in this study requiring 

a multinational effort between Malaysia, UK, USA and China.  
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7.8 FUTURE WORK  

Further studies are required to explore the validated genes and CpG sites from the differential lists 

of the different interpretations on a larger cohort of patients. The different bioinformatic pipelines 

for gene expression and DNA methylation need to be explored in more detail with better annotation 

tables and with different combinations of the various datasets. The novel variants found in the 

MPN panels should also be explored further for cell type differences & clonal evolution. Due to 

technical and time constraints, data analyses of combinations of the different datasets (i.e. MPN 

panel, gene expression and DNA methylation) were not performed in this study. However, 

combination data analyses and correlation with clinical phenotype and survival data are essential 

in order to identify high risk patients who can potentially be treated and hopefully cured with 

targeted therapy. 
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Appendix I 

Primer sequences for the MPN panel (91 amplicons) 

 

Amplicon ID Gene 
Symbol 

Chr Forward primer sequence Reverse Primer Sequence 

AMPL7152996963 TP53 chr17 GAGAATGGAATCCTATGGCTTTCCA CCGTCATAAAGTCAAACAATTGTAACTTGA 

AMPL7152996970 TP53 chr17 TGTGATGAGAGGTGGATGGGTA CCTCATCTTGGGCCTGTGTTAT 

AMPL7152997706 RUNX1ex6 chr21 GAGACATGGTCCCTGAGTATACCA GCTGGACAGCATAAATTAATGATTGGTTAT 

AMPL7153001979 DNMT3Aex18 chr2 GCTGTCCCAGGGCAGAAATATC GACTTCTTTGCCAAGTTCACAGATAATTTC 

AMPL7153002064 DNMT3Aex14 chr2 CCAAGGTGTGCTACCTGGAATG GTCTAGAACTGCTTTCTGGAGTGT 

AMPL7153002405 PHF6ex9 chrX AGAAAATAGCTGCTGTTTTCTTGAAATACG TTTAAGGACGGTTACTAACATGTTTAGGG 

AMPL7153017566 NRASex3 chr1 GAGGTTAATATCCGCAAATGACTTGC GATGCTTATTTAACCTTGGCAATAGCATT 

AMPL7153033306 TP53 chr17 TCATAGGGCACCACCACACTAT TACAAGCAGTCACAGCACATGA 

AMPL7153033320 BRAFex15 chr7 AATGACTTTCTAGTAACTCAGCAGCAT TCTCTTACCTAAACTCTTCATAATGCTTGC 

AMPL7153040620 DNMT3Aex17 chr2 CCACAGCATGGACATACATGCT CAGGGAGATGGCTCCAAGTAAC 

AMPL7153065610 SH2B3ex2 chr12 ACGAGGCCTCCATGGACA AGTGCAGTGCGCAACCC 

AMPL7153074310 CBLex8 chr11 AGGAAACAAGTCTTCACTTTTTCTGTTAAC ACCGAATTTTCCAAGGTTATTACATAGCT 

AMPL7153075370 CSF3Rex14 chr1 CCCAGCTACTCTCAAAATCAGCA CAGCTTTACCATCCAGGCCTAT 

AMPL7153083459 U2AF1ex6 chr21 GGTGGGTTGGAAGGAGACATTT CACTTCTGTTTTTGTCTTTTCAGTTTCG 

AMPL7153083461 SRSF2ex1 chr17 CGCGGACCTTTGTGAGGT CTTCGTTCGCTTTCACGACA 

AMPL7153083594 IDH2ex4 chr15 CTTGTACTGCAGAGACAAGAGGA CCACTATTATCTCTGTCCTCACAGAGT 

AMPL7153131032 TP53 chr17 CCAGGCATTGAAGTCTCATGGA TGAAGACCCAGGTCCAGATGAA 

AMPL7153131243 KRASex4 chr12 AAGCCAAAAGCAGTACCATGGA GCCTTCTAGAACAGTAGACACAAAACA 

AMPL7153160776 KRASex2 chr12 CAAAGAATGGTCCTGCACCAGTA AGGTACTGGTGGAGTATTTGATAGTGTAT 

AMPL7153191600 PDGFRAex18 chr4 GATGCTATTCAGCTACAGATGGCTT AAAAACAGGCACCGAATCTCTAGA 

AMPL7153194530 EZH2ex16 chr7 TGAAAAGGCAGTTTATGGCAATTCATT CCAGTCCATTTTCACCCTCCTTTTT 

AMPL7153201495 CHEK2ex5 chr22 CATATTCTGTAAGGACAGGACAAATTTTCC CTCTGCTATTCAAAGTCTGAAACAAAATGT 

AMPL7153201513 CHEK2ex10 chr22 GTTTTAATCCACGGTCCCTCGATT TATTGTCTTCTGTCCAAGTGCGTT 

AMPL7153320091 SF3B1ex15 chr2 AGGTAATTGGTGGATTTACCTTTCCT TTGAGAGAATCTGGATGATATTGTGTAACT 

AMPL7153320304 DNMT3Aex23 chr2 CCTTTTTCTCTTCTGGGTGCTGAT CCAGGGTATTTGGTTTCCCAGT 

AMPL7153478310 CALRex9 chr19 ACAACTTCCTCATCACCAACGAT CTTTGTCCTCATCATCCTCCTTGT 

AMPL7153515856 RUNX1ex4 chr21 CCCAGAAAGCTGAGACGAGTG TACGCACTGGCGCTGCAA 

AMPL7153854813 JAK2ex15 chr9 AGTTTTCTTTAAAGTTGTGAGTTTTGCCA CCCATGCCAACTGTTTAGCAAC 

AMPL7153856627 TET2ex3 chr4 GTATGCACACAGCACCACCAGAA GGTGTGGCTATCAAGTTCTGCA 

AMPL7153856631 TET2ex3 chr4 CCCAAAACTTGCATCACATGCA AGCATGCTTTTGAGTGTCCTTCT 

AMPL7153980662 KITex8 chr4 GCCTCAGGAAGGTTGTAGGGAT CTCTGCATTATAAGCAGTGCCAAAAATAAT 

AMPL7154240936 EZH2ex19 chr7 ACATAACAGGAAAGTGTAACCTAATTCCC CTTCATGCTCACTGACACCAGT 

AMPL7154326887 IDH1ex4 chr2 AGTTGGAAATTTCTGGGCCATGAA AATGTGCCACTATCACTCCTGATG 
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AMPL7154326888 JAK2ex13 chr9 TGTTCCTACTTCGTTCTCCATCTTTACT ACACATGAGTACGTTGTATGCATATGAG 

AMPL7154326889 ASXL1ex4 chr20 GCCTTGCTTTAAGAATTTGTAGGGTT AGATGTTTCATCAAGAGATACTGGAAGAGA 

AMPL7154368888 JAK2ex12 chr9 ACATTTCATTTTACTCCTCTTTGGAGCA GTAGGCCTCTGTAATGTTGGTGA 

AMPL7154373764 ASXL1ex12 chr20 CAGGACCCTCGCAGACATTAA GCGGCAGTAGTTGTGTTCG 

AMPL7154373853 SH2B3ex2 chr12 GCTGGTGTCGCTGCAGTT GCGGAAGATGTGGCGGA 

AMPL7154383757 TET2ex6 chr4 CTTATCTGCTGCAAGTGACCCTT GTAAGCTCCGAGTAGAGTTTGTCAG 

AMPL7154383760 TET2ex7 chr4 GTCAATTGAAATAGTTCTGTGTGTGGTT CTTCTGGCAAACTTACATCCATTGTAG 

AMPL7154383821 TET2ex3 chr4 ATTTCCTGAGTAGCTGTCAGTTGTC GGACTTAGTCTGTTGCCCTCAA 

AMPL7154383824 TET2ex3 chr4 CCTGAGAGAGCTCATCCAGAAGTAA CCGAAGTTACGTCTTTCTCCATTAGC 

AMPL7154383826 TET2ex3 chr4 TGAAAATCCAGAGCTTCAGATTCTGAA GACAACTCATTAGTAGCCTGACTGTTAA 

AMPL7154383828 TET2ex3 chr4 GCCAGTAAACTAGCTGCAATGCT GCAGAAAAGGAATCCTTAGTGAACAC 

AMPL7154383830 TET2ex3 chr4 CCCAACCAAAGTAACACAACACTT GTAGCTCTCCACTGCTACCAAAAA 

AMPL7154383832 TET2ex3 chr4 AATCCCATCTAAAACGTAATGAGGCA TGGTCTGTTTTGGAGAAGTGCA 

AMPL7154383834 TET2ex3 chr4 TTTTGCAACATAAGCCTCATAAACAGG TACTTCCTCCAGTCCCATTTGGA 

AMPL7154433172 TET2ex11 chr4 CCACATCACCCTCAGACAGAGT AGGTTTCCATTGCATTGATATGATGGATAT 

AMPL7152996969 TP53 chr17 AAGGTGATAAAAGTGAATCTGAGGCAT AATGGGACAGGTAGGACCTGAT 

AMPL7152996971 TP53 chr17 CAGGAAGTCTGAAAGACAAGAGCA CCAGGGTTGGAAGTGTCTCATG 

AMPL7152997493 MPLex10 chr1 GCCGAAGTCTGACCCTTTTTGT AGAATGCCTGTTTACAGGCCTT 

AMPL7152997640 RUNX1ex5 chr21 TGTGGGTTTGTTGCCATGAAAC GCCCTAAAAGTGTATGTATAACATCCCT 

AMPL7152998079 JAK2ex12 chr9 TAGTCTTCAGAACGAATGGTGTTTCTG CATCTAACACAAGGTTGGCATATTTTTCAT 

AMPL7152998080 JAK2ex14 chr9 GGAGAAAGTGCATCTTTATTATGGCAGA ACACCTAGCTGTGATCCTGAAAC 

AMPL7153001873 TET2ex6 chr4 CATCCTGGTGTGGGAAGGAATC CCTTTCAACCAAAGATTGGGCTTT 

AMPL7153001996 DNMT3Aex16 chr2 GGACTGCATACGTTTCCACTTC CATCTGACCTGTTGTGCTCACT 

AMPL7153002061 DNMT3Aex19 chr2 CAGCTCCACAATGCAGATGAGA CCAGCTGATGGCTTTCTCTTCC 

AMPL7153033322 KITex17 chr4 AAATGGTTTTCTTTTCTCCTCCAACCTA TGTGTGATATCCCTAGACAGGATTTACATT 

AMPL7153037192 SH2B3ex2 chr12 CCCACCCACGTGTCTTTCAG GCAGAAGTAGCGCTGGAAGA 

AMPL7153038385 ASXL1ex12 chr20 CCCTTAAGCTACTAGAATCCTAGTTTTGC CTATGGCAGTGGTGACCTCTC 

AMPL7153040614 DNMT3Aex17 chr2 AGAGGACAAATGGAAGATAAGGAGAAAAAG CATTCAGGTGGACCGCTACATT 

AMPL7153071976 ATRXex9 chrX TAGTAGAAGTCTTCCAAGGGCAGAT AAATGTGTGAATAATAGCCACTCCTTTCT 

AMPL7153074487 NRASex2 chr1 ATCCGACAAGTGAGAGACAGGAT TCACACTAGGGTTTTCATTTCCATTGATTA 

AMPL7153082303 U2AF1ex2 chr21 ACACAAATGGAAAATACAACTACGAGAGA TGCTGCTGACATATTCCATGTGT 

AMPL7153162441 TP53 chr17 GGGTTATAGGGAGGTCAAATAAGCA GATTCCTCACTGATTGCTCTTAGGT 

AMPL7153163368 KITex2 chr4 AAGAAGATCATACTCAACACGATTCTGTT TGTTTGTTGGTGCACGTGTATTTG 

AMPL7153163392 TP53 chr17 CTGCTCACCATCGCTATCTGAG CTTTCAACTCTGTCTCCTTCCTCTTC 

AMPL7153384788 SETBP1ex4 chr18 CATCAGTGCTCTTCCAACCAAAA GGTTGTCCAGGGAGCAGAAATC 

AMPL7153387453 CHEK2ex7 chr22 AAAAGGTGATCAGCCTTTTATTGGTAC CTGCAAACAGGGACAATGGAAAGG 

AMPL7153515825 TET2ex7 chr4 GCCTCCTTCTCTTTTGGTTGTTCA TGTGTATCTACAGTTTGGGAAAAACTTTGA 

AMPL7153562207 SH2B3ex2 chr12 CCTGCTCCTTCCAGCACTT TGTCCATGGAGGCCTCGT 

AMPL7153943000 EZH2ex20 chr7 TCAGAATTTCAAACTGCATGTTCTTTTTCT AGACATTTTAATGCACCCACTATCTTCA 

AMPL7153943185 DNMT3Aex14 chr2 AGATGGTGCAGTAGGACTGGTA CTGCTCTTTGGTTCTGTCCATG 

AMPL7154326884 EZH2ex9 chr7 AGCATGGGTGCAGACAACATTA TTTTCCAGTGGAACTGGAAGAGT 
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AMPL7154326885 EZH2ex18 chr7 AAACAACTATCCCAGAAGTATTCAAGTCC TTGCAGGCAAACCCTGAAGAACT 

AMPL7154347170 TET2ex3 chr4 GGCCAGTCACAGTTTTGACTAGA AACGCCATGTGTCTCAGTACATT 

AMPL7154369022 RUNX1ex4 chr21 CCAGTACCTTGAAAGCGATGG GCAAGATGAGCGAGGCGTT 

AMPL7154377618 KRASex3 chr12 TCCTCATGTACTGGTCCCTCAT GTTTCTCCCTTCTCAGGATTCCTAC 

AMPL7154383823 TET2ex3 chr4 GCAAGCCTGATGGAACAGGATAG TCCATAATAACTTTTGAAAGAGTGCCACTT 

AMPL7154383825 TET2ex3 chr4 GGCTCCTTCAGATCAAGAAATTGAAAC GTTCTTGTCATGGTAATTAGCACTTTTCC 

AMPL7154383827 TET2ex3 chr4 CGGTGCAGAAAACCACATCTCA GTTGTAGTTGTTCTGGTTTCTGAAAGG 

AMPL7154383829 TET2ex3 chr4 AACAAAATGAAATGAATGGTGCTTACTTCA TGCCTCAGGTTTACCCTCTATTTTC 

AMPL7154383831 TET2ex3 chr4 CCAATGTCAGAACACCTCAAGCA GGAGAGATTGGGTTGATACTGAAGAATT 

AMPL7154383833 TET2ex3 chr4 CCAACATCTCCAGTTCCAAAAACC GAGATGTGAACTCTGGGATGGTT 

AMPL7154383835 TET2ex3 chr4 TCAGTATTCAAAATCAAGCGAGTTCGA AAGAAGATCTTGCTTTGGGATCACATTAT 

AMPL7154383836 TET2ex3 chr4 CTGACCAGGGAGGAAGTCACACT GTGGATTCTCTTGCTTAGTTACCTTTTTC 

AMPL7154421435 CALRex9 chr19 CTTAAGGAGGAGGAAGAAGACAAGAAACG CGAGTCTCACAGAGACATTATTTGGC 

AMPL7154428645 SF3B1ex14 chr2 TTCAACTAAACTTCTAAGATGTGGCAAGA GCATTCCTTCTTTATTGCCCTTCTTAAAA 

AMPL7154428647 ASXL1ex12 chr20 CCCTGGAAAGTGTACGTCAGAT CAGCTTTCCTCCTTTCTCAGAGAAG 

AMPL7154428652 CBLex9 chr11 TTCAGATGCATCTGTTACTATCTTTTGCT TGCCACTCCCTCTAGGATCAAA 

AMPL7154433173 TET2ex11 chr4 CCCTTACCCTGGGCTTTTGAAT GCTGAAACCATCTCCCTGCATATT 
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Appendix II 

Primer sequences for the Fluidigm Access Array (group 1) 
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Primer sequences for the Fluidigm/NGS experiments (group 2) 
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