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Abstract 

Background:  

 Gleason scores (GS) 3+3 and 3+4 prostate cancers (PCa) differ greatly in their clinical 

courses, with Gleason pattern (GP) 4 representing a major independent risk factor for cancer 

progression. However, GP is not reliably ascertained by diagnostic biopsy, largely due to 

sampling inadequacies, subjectivity in the Gleason grading procedure, the high degree of 

heterogeneity of the disease, and a lack of more objective biomarker assays to stratify PCa 

aggressiveness. In most aggressive cancer types, the stromal microenvironment exhibits a 

reciprocal pro-tumourigenic metabolic phenotype consistent with the Reverse Warburg Effect 

(RWE). The RWE can be viewed as a physiologic response to the tumour phenotype that is both 

independent of tumour genotype and direct tumour sampling. This study aims to classify GP3 

and GP4 based on differences in their stromal RWE-associated gene expression profiles.  

Methods: 

 Gene expression profiling was conducted on RNA extracted from laser-capture 

microdissected (LCM) stromal tissue surrounding 20 GP3 and 21 GP4 cancer foci from PCa 

patients with GS 3+3 and GS ≥4+3 respectively. Genes were probed using a 102 gene 

NanoString probe-set targeted towards biological processes associated with the RWE. 

Differentially expressed genes were identified from normalized data by univariate analysis. A 

top-scoring pair (TSP) analysis was completed on raw gene expression values. Genes were 

analyzed for enriched GO biological processes and protein-protein interactions using STRING 

and GeneMANIA. 
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Results:  

	
   Univariate analysis identified nine genes (FOXO1 (AUC: 0.884), GPD2, SPARC, HK2, 

COL1A2, ALDOA, MCT4, NRF2 and ATG5) that were differentially expressed between GP3 and 

GP4 stroma (p<0.05). However, following correction for false discovery only FOXO1 retained 

statistical significance at q<0.05. TSP analysis identified a significant gene pair, namely 

ATG5/GLUT1. Greater expression of ATG5 relative to GLUT1 correctly classified 77.4% of 

GP3/GP4 samples. Enrichment for GO-biological processes revealed that catabolic glucose 

processes and oxidative stress response pathways were strongly associated with GP3 foci but not 

GP4. Finally, FOXO1 and AKT1 were identified as being primary nodal proteins.  

Conclusions:    

 The stroma associated with GP3 is distinct from that associated with GP4 tumour foci by 

the higher expression of FOXO1 and a greater expression of ATG5 relative to GLUT1. Together, 

FOXO1 and the relative expression of the ATG5/GLUT1 gene pair represent RWE-based 

classifiers for GP3 and GP4 PCa, that have the potential to distinguish between true low-risk (GS 

3+3) and false low-risk (GS 3+3 harbouring unsampled ≥GP4) patient cases. Moreover, we find 

that the RWE response appears to be down-regulated in the stroma surrounding GP4, possibly 

via modulation of FOXO1. 
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Chapter 1 

Introduction 

1.1 Introduction to prostate cancer  

 Prostate adenocarcinoma or prostate cancer (PCa) is the result of the un-checked 

proliferation of transformed epithelial cells. PCa represents the largest proportion of newly 

diagnosed cancer cases in Canadian males aged >50 with approximately 24,000 new cases 

diagnosed yearly, and is the second leading cause of cancer-associated deaths with 4,100 

attributable deaths (Canadian Cancer Society 2014). This discrepancy between the number of 

patients diagnosed with PCa and the number of patients that succumb to the disease is a result of 

the over-diagnosis of clinically indolent prostate cancers, coupled with a failure to catch 

clinically significant prostate cancers before they reach the advanced stages of disease.  

 An estimated 87% of early-stage PCa, which is defined as being locally confined to the 

prostate, will not result in cancer-specific mortality (Mohler 2010). However, if left untreated, 

the remaining 13% of early-stage PCa will go on to metastasize. Given the few treatment options 

that are available for metastatic PCa, the development of metastatic tumours will likely lead to 

PCa-specific mortality (Mohler 2012, Esserman 2009). The 5-year survival decreases 

significantly from 100%, in the case of low-risk or indolent cases, to 28% with distantly 

metastatic disease (Howlader 2013), emphasizing the harmful impact of metastatic progression 

in PCa. Currently, standard diagnostic tools cannot distinguish diseases that will progress from 

the large number of indolent cases, leading to both over-treatment of indolent and under-
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treatment of clinically significant diseases. The development of detection techniques that are 

capable of identifying clinically significant PCa, that are more likely to progress in the early 

stages of the disease, with more specificity is therefore essential to the effective management of 

the disease. 

1.2 Prostate cancer progression 

 Correlations between pathological and clinical characteristics of PCa suggest that PCa 

progression at the cellular level occurs in a stepwise manner. PCa likely originates from regions 

of high-grade prostatic intraepithelial neoplasia (HGPIN) (Merrimen 2013). HGPINs represent a 

hyper-proliferative state of cells within the prostatic ducts and acini, characterized by enlarged 

nuclei and abnormal cell shapes (Merrimen 2013). Studies show that HGPINs share many 

genetic and molecular similarities with PCa cells, including increasing rates of aneuploidy, 

apoptosis and neovascularization, and a tendency to occur multifocally in the peripheral zone of 

the prostate where poorly differentiated cancers typically arise (Bostwick 2004). Indeed, Qian et 

al. (1995) report that 86% of removed cancerous prostates contained HGPIN within proximity of 

the cancer.  

 Transformation of HGPIN into PCa is marked by invasion past the basal layer and into 

the stroma. Once PCa has developed, the disease can either remain locally confined to the 

prostate, or the tumour cells can go on to develop the ability to migrate (Bubendorf 2000, 

Popiolek 2013). Migration involves either direct extension to nearby structures such as the 

seminal vesicles, lymphatic spread to the regional lymph nodes and/or distal dissemination. PCa 

metastasize primarily to the brain, bone and liver (Popiolek 2013).  
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 While it is confined to the prostate, PCa growth is dependent upon the stromal conversion 

of testosterone to its more potent form di-hydroxytestosterone. However, once PCa has 

disseminated outside of the prostate, tumour cells often lose their dependence on androgen for 

growth and are able to activate the androgen receptor independently (Howlader 2008).  

 In contrast to its cellular progression, PCa progression at the genomic level is much more 

complex and poorly defined, likely due to the large number of mutations. Sequencing of whole 

tumour genomes reveals that individual tumours contain combinations of complex genetic 

alterations, including copy number variations, large chromosomal gene rearrangements, 

particularly oncogene fusions, deletions, insertions and point mutations contribute to the 

progression of PCa (Abate-Chen 2000, Gerlinger 2012). These alterations have been found to 

increase with increasing aggressiveness of the disease (Mitchell 2015, Hieronymus 2014). It is 

also well recognized that prostates from patients with PCa harbour multiple separate cancer foci, 

each with distinct molecular profiles. (Cooper 2015, Lindberg 2013, Svensson 2011).  

 Such large amounts of heterogeneity are likely the result of punctuated chromoplexy 

events (Baca 2013). Chromoplexy is a process that involves multiple simultaneous breaks and 

ligations of two or more chromosomes during transcription, which results in the deregulation of 

multiple tumour suppressor genes. This simultaneous deregulation makes it very difficult to 

isolate driver mutations from passenger mutations, as well as to pinpoint which mutations work 

synergistically or additively with one another (Baca 2013). Like many of the other mutations in 

PCa, these chromoplexy events are also not uniform across all cancer foci, and the nature of the 
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initial aberrations likely results in subtype-specific patterns of downstream genome 

rearrangement in subclonal populations (Baca 2013). 

 Analyses of the percentage of cells in a tumour with a specific genetic alteration have 

allowed investigators to suggest a hierarchy of mutations that occurs with PCa progression. 

TMPRSS2-ERG fusion events, linking the androgen-responsive promoter and the transcription 

factor gene ERG, and hypermethylation of GSTP1 are among the earliest detectible alterations in 

PCa and are frequently observed in HGPIN (Park 2014, Perner 2006, Spencer 2013). Early 

activation of ERG transcription factors likely allow for increased proliferation early in 

tumourigenesis (Seth 2005), whereas loss of GSTP1 protection against reactive oxygen species 

(ROS) likely contributes to increased genomic instability (Lin 2001). A number of events such as 

SPOP mutations, loss of heterozygosity (LOH) in CHD1, MAP3K7, FOXO3, FOXP1, RYBP, 

SHQ1 and NKX3.1, have also been reported in localized PCa (Abate-Shen 2010, Barbieri 2013, 

Taylor 2010). A large majority of these genomic alterations target genes involved in tumour 

suppression, PI3K signaling, cell cycle regulation, androgen-mediated signaling and transcription 

of anti-apoptotic proteins (Mitchell 2015). Meanwhile, mutations common to metastatic and 

recurrent PCa include late-stage point mutations or LOH in the TP53 gene, gain of function 

mutations in MYC and NCOA2, PTEN loss, mutations or LOH in RB1 and ZFHX3, as well as 

gain of function and amplification mutations in the androgen receptor gene (Baca 2013, Barbieri 

2013, Berger 2011). 

 However, even this hierarchy of genomic alteration is often inconsistent between 

patients, between localized and non-localized tumours, and between different foci within the 
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same patient. For example, deletions in TP53 are highly variable and can occur in 25-40% of 

advanced diseases cases as well as 25-30% of localized cancers, suggesting that TP53 is not 

exclusively a later stage aberration as was previously reported (Barbieri 2013). The types of 

mutation that result in these functional alterations are also variable. Amplification of PIK3CA 

has been reported in about 25% of aggressive PCa, whereas recent sequencing studies have 

revealed activating point mutations in about 5% (Barbieri 2012, Sun 2009). Similarly, several of 

the most frequent driver mutations are mutually exclusive. SPOP mutations are mutually 

exclusive with TMPRSS-ERG fusion and other ETS rearrangements, and generally lack 

mutations in the PI3K pathway as well (Barbieri 2013, King 2009). However both subtypes have 

been associated with metastatic disease (Barbieri 2013). These reports indicate that PCa driver 

mutations likely elicit and operate within unique mutational contexts (Chen 2005).  

 The high degree of inter and intra-tumour genomic heterogeneity present in PCa is likely 

responsible for the histological and clinical heterogeneity of PCa and contributes significantly to 

the challenges associated with risk stratification and biomarker development that will be 

discussed later on.  

  

1.3 Diagnosis, risk assessment and management of PCa 

 Early detection of PCa is based on two common PCa-screening techniques, measurement 

of prostate-specific antigen (PSA) and digital rectal examination (DRE) (Ismail 2013). PSA is a 

glycoprotein secreted by prostate epithelial cells and concentrations >4 ng/ml are typically 

indicative of an above average abundance of epithelial cells (Barry 2001). Increasing 
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concentration of PSA has been shown to be associated with more aggressive and more advanced 

disease (Barry 2001). As a diagnostic tool, the standard PSA cut-off of 4 ng/mL has a low 

specificity (20-44%) and a high sensitivity (92-94%) (Ankerst 2006, Holmstrom 2009). The 

presence of an abnormal PSA and/or the identification of a lump by DRE requires that the patient 

be referred for prostate biopsy for confirmation (Nieto-Morales 2013).  

 Biopsy is used to sample cancerous prostate epithelial cells in order to confirm diagnosis, 

as well as to assist with grading (Nieto-Morales 2013). Prostate biopsies consist of 10-12 needle 

cores guided by trans-rectal ultrasound (Gomella 2011). Cores are sectioned lengthwise and 

graded using a Gleason Scoring (GS) system (Pascal 2009). The assignment of a GS is based on 

glandular differentiation of the prostate tissue and is calculated using histological or Gleason 

patterns (GP)  (Pascal 2009). Patterns range from 1 (well differentiated) to 5 (undifferentiated). 

Given the multifocal nature of PCa, multiple different tumours, each with their own pattern, can 

be present in the prostate at the time of biopsy. Therefore, patterns are combined to provide a GS 

for the cancer out of 10.  

 GS determined from biopsies is calculated by adding the highest volume pattern to the 

highest pattern present, even if a third higher volume lower pattern is also present (Epstein 

2005). The grading differs when conducted on a prostate surgically removed by radical 

prostatectomy (RP). When assigning a GS to a RP, only the two most prominent patterns by 

volume are added together. If a higher GP, representing <5% of the tumour volume, is found 

upon RP, the pattern is recorded but not included in the score (Epstein 2010) (Figure 1.1 B). 

Higher GS correlate with more aggressive disease. 
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Figure 1.1 Overview of the Gleason scoring system. (A) Gleason pattern is an indication from 

1 to 5 of how far the cancer cells have deviated from their normal architecture. Higher patterns 

denote more disorganized and irregular neoplastic masses that lack a glandular structure. Higher 

GP correlates with more aggressive cancers; therefore a higher Gleason score is also associated 

with more aggressive behaviour (Gleason 1977). (B) RP section with a GS of 3+4 = 7. Focus 1 

and focus 2 represent GP3 and GP4 respectively. GP4 is distinguishable from GP3 at the 

histological level by the loss of its distinct rounded glandular architecture and the fusion of 

glands. In this example, GP3 is the primary pattern and GP4 is the secondary pattern by volume 

(Georgescu I, unpublished).  

 

 GP1 and GP2 are exceedingly uncommon and both are rarely found with higher GP4 or 

GP5 upon needle biopsy (Epstein 2000). Currently, moderately differentiated GP3 is the most 

common pattern seen upon biopsy (Humphrey 1996). GP3 is characterized as single glandular 
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units with relatively smooth pushing border, some irregular stromal extension and stromal 

separation between glands (Humphrey 2004). In the large majority of cases, GP3 is the only 

pattern found upon biopsy, making GS 6 (3+3) the most common GS. GP4 is characterized by 

infiltrative fused masses, with very poorly defined borders and extensive infiltration into the 

stroma (Humphrey 2004). GP4 is most often combined with GP3 to yield a GS of 7, 3+4 or 4+3 

depending on the volume of GP4, making GS 7 the second most commonly assigned Gleason 

scores. GP4 is much less likely to be found alone (GS 4+4 = 8) or with GP5 (Humphrey 2004).  

 Kaplan-Meier curves generated using RP samples suggests that GS is highly prognostic 

of disease outcome. Five prognostic categories of PCa are recognizable in this manner: GS ≤3+3, 

GS 3+4 = 7, GS 4+3 = 7, GS 4+4 =8 and GS 9-10 (Pierorazio 2013). In a large study correlating 

GS with biochemical recurrence, 95% of the patients with GS 3+3 had no biochemical 

recurrence after 5 years of follow-up. However, in men with GS 3 + 4 = 7 and Gleason score 4 + 

3 = 7 the 5-year biochemical recurrence free survival rates dropped to 83% and 65%, 

respectively. Similarly, men with GS 4 + 4 = 8 or 9-10 had the lowest 5-year biochemical 

recurrence free survival rates, 63% and 35% respectively (Pierorazio 2012). The significant 

decrease in survival with the presence and increasing volume of GP4 (Cheng 2007), as well as 

associations of GP4 with increased PCa-specific mortality and biochemical recurrence indicate 

that a substantial component of GP4 or greater is required for progression of PCa (Cooperberg 

2011, Hernandez 2008, Stark 2009, Trock 2009, Wright 2009). 

 Despite increasing proportions of GP4 being associated with worse outcomes, researchers 

and pathologists have yet to understand why prostates have different proportions of GP.  
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Currently two models, transitional and clonal, have been proposed to explain the presence of 

different patterns and different proportions of patterns within the same prostate (Lavery 2012). 

The transitional pathway suggests that prostate cancer progresses from one common progenitor 

and as such progresses from one GP to the next over time, accumulating additional mutations 

that allow them to become more invasive. In this model, the differences in proportion of patterns 

reflects the rate of transition from one GP to the next and the differences in proliferation rates 

between patterns, with higher patterns proliferating faster. On the other hand, the clonal model 

suggests that different patterns of PCa develop from genomically distinct clones (Lavery 2012). 

In this model clones acquire different sets mutations, which allow them to compete with one 

another (Mitchell 2015). A larger proportion of one pattern over another can therefore be 

attributed to the clone with the greatest selective advantage.  Indeed FISH analysis reveals that 

different types of TMPRSS2 rearrangements are present in different foci from multifocal prostate 

cancers, however only one was found in multiple metastatic sites (Mehra 2007).  

 In addition to GS, clinical stage is also used to determine the risk of PCa progression.  

Clinical tumour stage is determined by DRE and transurethral ultrasound, while lymph node 

status and metastasis can be estimated using computed tomography scans or magnetic-resonance 

imaging (MRI). Current clinical practice utilizes the tumour-node-metastasis (TNM) staging 

system (NCCN 2013) outlined in Table 1.1. Pathological stage, which involves a histological 

assessment of tumour spreading, also aids in prognostication, however it is conducted post-RP. 

The histopathological features that are taken into consideration include lymphovascular and 

perineural invasion, extracapsular extension and seminal vesicle involvement (Lee 2010) 
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Table 1.1 Overview of the tumour-node-metastasis (TNM) staging system 

 

Stage  Characteristics 

Tumour   

T1a Cancer found in <5% of resected tissue 

T2b Cancer found in >5% of resected tissue 

T1c Cancer identified by needle biopsy,  

prompted by an abnormal PSA  

T2a Cancer confined to half of one lobe, or less 

T2b Cancer is present in more than half of one lobe 

T2c Cancer is present in both lobes 

T3a Extracapsular extension, no seminal  

vesicle involvement 

T3b Invasion of seminal vesicles 

T4 Invasion of local structures (rectum, bladder, wall of pelvis, 

urethral sphincter 

Node  

N0 Cancer has not spread to any nearby lymph nodes 

N1 Cancer has spread to one or more nearby lymph nodes 

Metastasis  

M0 Cancer has not spread past nearby lymph nodes 

M1a Cancer has spread past nearby lymph nodes 

M1b Cancer has spread to the bones 

M1c Metastasis to other site(s) with or without bone invasion 
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 Collectively GS, clinical stage, and PSA level are used to stratify patients into risk 

categories. The National Comprehensive Cancer Network (NCCN) has characterized six risk 

groups to assist in prognostication (NCCN 2013). Risk groups and their qualifying 

characteristics are outlined in Table 1.2.  

 

Table 1.2 Guidelines for PCa risk stratification as determined by the National 

Comprehensive Cancer Network (NCCN) 

 Characteristics 

Risk Category PSA Clinical Stage Biopsy 

Very low PSA<10 ng/mL T1c GS ≤6 

< 3 positive biopsy 

cores 

(≤ 50% cancer/core) 

Low PSA <10 ng/mL T1-T2a GS ≤6 

Intermediate PSA 10-20 ng/mL   T2b-T2c            GS 7 

High PSA >20 ng/mL T3a                    GS 8-10 

Very high – T3b-T4 – 

Metastatic  – Any T, N1 or 

Any T, Any N, M1 
 

– 

 
 Ultimately these risk categories are crucial to the weighing and assignment of 

management options. Patients placed in a low risk category with an estimated low chance of 

progression are considered ideal candidates for active surveillance, a monitoring system 

involving regular PSA screening, digital rectal exams and repeated biopsies. Studies conducting 

long-term follow-ups on larger, active surveillance cohorts with localized low-risk patients show 
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no evidence of metastatic progression in these tumours, GS 3+3 (Klotz 2010, Popiolek 2012, 

Ross 2012). Meanwhile, patients assigned to intermediate and higher risk categories are 

recommended more intensive therapy, such as RP (NCCN 2013). RP involves complete removal 

of the prostate, seminal vesicles, part of the urethra and bladder neck, and in some cases the 

surrounding lymph nodes (Rassweiler 2003). Radiation, in the form of external-beam radiation 

therapy or brachytherapy, a less invasive internal radiation treatment, is considered an alternative 

line of treatment to treat only locally confined PCa, or to follow-up treatment after RP (NCCN 

2013).  

 Very advanced, ‘high – very high risk’, metastatic or recurring PCa is treated primarily 

with androgen deprivation therapy (ADT) (NCCN 2013). ADT employs surgical castration and 

anti-androgens to block the production and effects of testosterone respectively (Hoffman 2008). 

Up to 80% of men will initially respond to ADT and experience decrease in tumour volume, 

however in most cases, the cancers will eventually become resistant (Hoffman 2008). 

 To summarize, treatment decision is highly dependent upon correct risk stratification. 

However correct classification of patients remains challenging due to the low specificity and 

unreliability of current prognostic tools.  

1.4 The limitations of current risk assessment tools  

 Clinical practice to date has been driven largely by the utilization of PSA measurement 

and GS upon biopsy, however reports indicate that neither tool adequately detects clinically 

relevant disease. Despite having a high sensitivity, PSA is not a highly specific biomarker (Barry 

2001). Changes in baseline PSA can be indicative of other benign prostatic conditions such as 
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benign prostate hyperplasia, as is the case in 3 out of 4 patients (Barry 2001). Since the 

introduction of PSA screening, diagnosis of PCa has dramatically increased with only marginal 

reduction in PCa specific mortality. This discrepancy is the result of the majority of those newly 

PSA-diagnosed being well-differentiated GS 3+3 tumours with low risk of progression 

(Djulbegovic 2010, Etzioni 2002). Thus, PSA level appears to have little impact on overall 

outcome of PCa, and may actually be contributing to over-diagnosis and over-treatment of 

indolent disease (Djulbegovic 2010, Etzioni 2002). 

 Independently, the assignment of GS remains the best prognostic indicator of PCa 

progression (Lavery 2012). Gleason score can predict risk of progression and biochemical 

recurrence from biopsies and RPs respectively, with a very high level of accuracy (Andren 2006, 

Egevad 2002). However retrospective studies comparing GS assignment on RP and on biopsy 

reveal that biopsies fail to sample high pattern small volume tumour foci in up to 35% of cases 

(Fine 2008). The majority of sampling errors are a result of undetected GP4, which results in the 

upgrading of patients diagnosed with GS 3+3 PCa at the time of biopsy to a GS of 3+4 or 4+3 

following RP (Fine 2008). Indeed, long follow-up studies, including a study done by Popiolek et 

al. (2012), monitoring outcomes in early stage low-risk PCa patients have reported a significant 

drop in PCa-specific survival from 81.1% 15 years post-diagnosis to 31.4% at 25 years post-

diagnosis which is likely the result of inadequate initial and subsequent biopsy sampling of GP4 

tumours. These types of statistics generate uncertainty surrounding the diagnosis of GS 3+3 PCa 

upon biopsy. This sampling inaccuracy is largely due to the multi-focality of PCa. In general, 

prostate biopsies only sample a very small fraction of the total prostate volume and can fail to 
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sample the clone that is most likely to metastasize.  

 Another reason for the inaccuracy of GS assigned upon biopsy is the inter-observer 

variability between pathologists. Considerable inter-observer variability exists between the 

distinction of GP3 and GP4 in particular, due to difficulties distinguishing between separate and 

fused glands in crushed tissue and due to the fact the Gleason scoring system is a continuum with 

some ambiguous patterns lying between two classic patterns. This variability affects the 

stratification of low (GS 3+3) and intermediate-risk (GS ≥ 7) categories, which differ greatly in 

their treatments (Egevad 2013, McKenney 2011, Netto 2011, van den Bergh 2009, NCCN 2013).  

 Overall these limitations impact clinical decision-making and therapeutic approach. 

Uncertainty over the assignment of a GS 3+3 generates anxiety for patients and represents a 

dilemma for the physician as to what kind of further action is required, especially in the presence 

of increasing PSA (Rabbani 1998). So while only a fifth of patients have a potentially life-

threatening PCa (Gleason score ≥ 3+4), 55–90% of patients with low-risk disease still undergo 

RP due to fears over unreliable diagnoses, risking unnecessary side effects such as incontinence 

and impotence due to bilateral nerve damage (Cooperberg 2010). For those patients who do 

choose to participate in active surveillance for a low-risk diagnosis, up to 33% of patients are 

upgraded and need therapeutic intervention after a follow-up of 1-4 years (Cooperberg 2011, 

Soloway 2010, Tosoian 2011, van As 2008, van den Bergh 2009). Therefore current research 

efforts are aimed at developing tools that are more accurately able to distinguish between true 

low-risk (GS 3+3) and false low-risk (GS 3+3 harbouring unsampled ≥GP4) cases.   
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1.5 Current molecular markers in prostate cancers 

 It is likely that shortcomings such as intra-observer variability and grading subjectivity 

could be successfully overcome by the identification of specific epithelial molecular biomarkers. 

However, unlike other epithelial tumours such as the breast, PCa lacks distinguishable and 

confirmed molecular subtypes that differ in their prognosis or treatment response. This again is 

largely attributed to the high degree of molecular heterogeneity, including non-recurrent 

mutations and multiple mutually-exclusive drivers, found in high-risk clinically localized PCa, as 

well as a poor understanding of the molecular contexts required to activate their functions 

(Berger 2011, Gerlinger 2012, Taylor 2010, Wyatt 2013).  

 Among the driver mutations that have been catalogued so far, very few associations with 

features of aggressive PCa have been definitively confirmed. The clinical significance of 

TMPRSS2:ERG fusion is still controversial. ETS fusions have been reported to be associated 

with both aggressive and more indolent disease in independent cohorts. These opposing 

conclusions are likely due to the heterogeneity of study cohorts, the impact of sampling, 

multifocality and intra-prostate molecular heterogeneity, and the variability of the outcomes 

measured (Barros-Silva 2011, Beltran 2013, Hagglof 2014). In contrast, PTEN loss alone and in 

combination with amplification of c-MYC, has proven to be a promising biomarker, however its 

association with advanced localized or metastatic disease and higher GS has only been 

demonstrated in a small number of biopsy cohorts, and as such as not been deemed ready for 

clinical implementation (Choucair 2012). More recently a validated study published by Lotan et 

al. (2015) reported that PTEN loss is enriched in low pattern components found in the presence 
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of higher pattern cancers. Loss of PTEN in a patient initially diagnosed with GS 3+3 increased 

the chance of Gleason Score and risk category upgrading upon RP by three-fold.  Unfortunately, 

PTEN loss accounted for only 20% of men incorrectly classified as false low-risk. 

 Multi-gene signatures have also been reported to predict PCa behavior. Using microarray 

analysis, True et al. (2006) identified an 86-gene model capable of distinguishing GP3 and 

GP4/GP5 in RP tissue samples. This model was validated in an independent cohort of RP tissue 

samples, where it accurately classified GP in 76% of cases. However, this model has not been 

tested on biopsy samples and like other arrays, is likely still dependent on accurate sampling 

(Cuzick 2012).  

 As it stands, the majority of these biomarkers still depend on accurate biopsy sampling. 

To date, only one gene signature has been successful in addressing the issue of multi-focality and 

inadequate biopsy sampling. Klein et al. (2014) demonstrated that a 17-gene assay was able to 

identify patients with high-grade and high-stage disease at RP in a cohort of 395 men with low-

risk PCa at biopsy. The signature is made up of 12 cancer-related genes across four pathways 

(stromal response, cellular organization, androgen signaling and proliferation) and five reference 

genes, which were predictive of multiple features of aggressive PCa when examined in stroma, 

as well as in both the largest volume GP and the highest pattern cancer foci. However, this 

genomic test, and many others in PCa, are not linked to therapeutic options like in breast cancer, 

and continue to be expensive, costing upwards of $3500 per test (Davis 2014). 

 Therefore, given the limitations of current clinical assessment tools and emerging 

biomarkers, there is still a need for biomarkers to assist in the risk stratification of PCa patients.  
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1.6 Metabolic reprogramming and the reverse-Warburg effect 

 It is well established that reciprocal interactions between prostate stromal cells and 

prostate epithelial cells are central to mechanisms of prostate gland development and 

differentiation. A long-standing example of the reciprocal relationship between epithelial and 

stromal compartments in the prostate is the dependence of epithelial cells on the stroma for 

conversion of testosterone to the higher-affinity product di-hydroxytestosterone (Singh 2014). 

Unsurprisingly, the stroma also plays a crucial role in phenotypic progression of PCa (Chung 

2005, Kaminski 2006, Mueller  2004, Wiseman 2002). 

 In the initial phases of tumorigenesis, cancer cells produce soluble factors (growth 

factors, cytokines) that force normal fibroblasts to adopt a myofibroblastic phenotype and to 

collaborate with cancer cells in order to create a favourable microenvironment for 

tumourigenesis (Hu 2008). These cancer associated fibroblasts (CAFs) make up the largest 

percent of the stromal population and have been shown to play important roles in affecting 

extracellular matrix (ECM) composition, producing useful metabolites and cytokines that sustain 

and promote cancer progression and cell invasiveness (Cirri 2011). The continued interplay 

between cancer cells and CAFs allows for the co-evolution of a more proliferative and invasive 

cancer phenotype and a more cancer-permissive microenvironment (Polyak 2010).  

 Central to this reciprocal relationship is the metabolic coupling between the tumour cells 

and the CAFs known as the Reverse Warburg Effect (RWE) (Martinez-Outschoorn 2011). 

Pavlides et al. (2009) introduced the term RWE to explain the apparent anaerobic metabolic 

switch that takes place in the fibroblastic compartment of the tumour. The RWE is an extension 
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of the Warburg effect, which is characterized by a reliance of tumour cells on aerobic glycolysis. 

RWE is a means by which aggressive cancers have been shown to adapt in order to meet 

increasing energy demands. To initiate the RWE, cancer cells induce oxidative stress in adjacent 

CAFs, which in turn leads to the activation of an autophagy response via activation of HIF1A 

and NFkB. As a result of the activation of the autophagy response, both caveolae and 

mitochondria are destroyed by lysosomal degradation, leading to the production of recycled 

nutrients to feed cancer cells. Caveolae are made up of caveolin-1 (CAV-1) protein, which is an 

inhibitor of nitric oxide (NO) synthase. NO over-production as a result of CAV-1 loss induces 

DNA damage, mitochondrial dysfunction and an increase in ROS (Martinez-Outschoorn 2010). 

CAFs with reduced or dysfunctional mitochondria experience a shift towards anaerobic 

glycolysis and become factories for the production of high-energy glycolysis end products, such 

as pyruvate and lactate, which can be shuttled out to nearby cancer cells as energy sources.   

 A number of studies have confirmed this reciprocal metabolic coupling (Gonzalez 2014, 

Martinez-Outschoorn 2010, Pavlides 2010). Transcriptional analysis of primary breast cancer 

CAFs, revealed gene signatures associated with oxidative stress, nitric oxide overproduction, 

glycolysis, and mitochondrial dysfunction, as well as up-regulation of myo-fibroblast markers 

(GSN, CNN2, TPM2, VIM, COL1A2, SPARC, PDGFRB), enzymes involved in anaerobic 

glycolysis (PKM2, PGK1, PDK1, LDHA, HK2, ALDOA, GPD2, ENO1, TPI1, PGAM1, GLUT1) 

and mitophagy markers (ATG5, ATG16L, FOXO1, BNIP3, BECN1) (Cirri 2011). 

 Further studies using fibroblasts transfected with a constitutively activated form of 

HIF1A have shown that HIF1A activation results in the loss of CAV-1 and a shift towards 
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anaerobic glycolysis, as evidenced by a loss of mitochondrial activity and increased lactate 

production. Fibroblasts harboring activated HIF1A also induced the expression of mitophagy 

markers BNIP3, BNIP3L and LC3, and tripled tumour growth when grown in co-culture with 

cancer cells (Chiavarina 2010). Other studies report that degradation of CAV-1 and reduction of 

mitochondrial mass in CAFs can be efficiently blocked by using anti-oxidants such as N-acetyl 

cysteine or metformin, or by using lysosomal inhibitors such as chloroquine (Martinez-

Outschoorn 2011). These results directly implicate the roles of hypoxia and the autophagic 

response in RWE. Additionally both co-culture with CAF and independent lactate administration 

have been found to increase mitochondrial mass and promote growth in tumour cells (Martinez-

Outschoorn 2010).  

 Secretion and re-uptake of lactate or pyruvate, which is integral to the RWE, is mediated 

by monocarboxylate importers and exporters, MCT1 and MCT4, respectively; and studies have 

shown that high MCT4 lactate shuttle expression in CAFs occurs concurrently with strong MCT1 

expression in PCa cells, which indicates reciprocal shuttling (Pertega-Gomes 2014). Elevated 

expression levels of MCT1 have also been detected in colorectal, gastric, and cervical cancer as 

well as in neuroblastoma and glioma (Fang 2006, Miranda-Goncalves 2013, de Oliveira 2012, 

Pinheiro 2008).  

 The RWE relationship is maintained in a number of cancers (Hanahan 2011), and offers 

several advantages to tumours. Oxidative stress in CAFs leads to an increase in DNA damage 

and random mutagenesis in cancer cells and triggers anti-apoptotic mechanisms, furthering 

tumour progression. RWE also enables tumours to maintain an intact tricarboxylic acid cycle and 
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allows cancer cells to solicit a food source independently of the availability of blood vessels, 

which could explain cancer cell survival during metastasis (Martinez-Outschoorn 2011). 

 Clinically, expression of RWE-associated genes has been associated with a number of 

clinical and pathologic features. Specifically, reduced expression of CAV-1 and up-regulation of 

the MCT4 lactate transporter in the stroma have been shown to correlate with advanced disease 

and metastasis in breast cancer, as well as with a higher stage and GS in PCa (Di Vizio 2009, 

Pertega-Gomes 2014, Witkiewicz 2012). Albers et al. (2008) were also able to show that levels, 

of hyperpolarized 13C labeled substrates such as lactate, pyruvate and alanine, measured by MRI, 

were elevated in areas of higher GP in mouse PCa models; evidence that RWE may be present in 

more aggressive disease. Together, this information suggests that genes associated with the 

RWE, may have utility in distinguishing between indolent and aggressive PCa.   

 

1.7 Rationale, hypotheses and aims 

 The assignment of accurate risk categories remains a major challenge in PCa 

management. GS remains the best prognostic indicator of PCa progression, exhibiting a strong 

correlation with clinical outcome (Andren 2006, Egevad 2002). Past studies indicate that the 

PCa-specific 5-year survival rate decreases significantly with the presence of Gleason scores ≥7 

(3+4 or 4+3) within five years of diagnosis (Egevad 2002), whereas strong evidence suggests 

that GS ≤3+3 have no potential for metastatic progression within that same time period (Ross 

2012). This makes the presence of GP4 PCa upon biopsy a major independent risk factor for 

progression (Cooperberg 2011, Stark 2009). However, the discordance between GS assignment 
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upon biopsy and upon RP greatly reduces the impact of GS on risk stratification (Fine 2008, 

Netto and Eisenberger 2011). It is likely that molecular markers could reduce the uncertainty 

surrounding Gleason scoring if they addressed the issues of molecular and histological 

heterogeneity, and sampling inadequacy that plague GS assignment.  

 Biomarkers based on RWE-associated gene expression have the potential to address both 

of these issues. Given that the stromal compartment itself is not plagued by drastic 

rearrangements to its genome (Allinen 2004, Campbell 2009, Qiu 2008, Walter 2008) and that 

many tumour types are able to establish metabolic reprogramming with the stroma, the RWE 

likely represents a physiological response to the tumour phenotype that is independent of the 

highly variable tumour genotypes (Figure 1.2). Similarly, sampling molecular alterations in the 

stroma that are associated with the presence of cancerous lesions, but that are not necessarily 

cancerous themselves, also has the potential to increase the target region of interest that can 

provide clinically meaningful information (Hagglof 2010, Trujillo 2012). There is also a body of 

evidence, including increased Ki-67 staining and up-regulation of cell cycle gene expression, to 

suggest that GP4 has a higher rate of growth than GP3 (Lavery 2012, Lopez-Beltran 2012), 

making it likely that these two patterns of disease have different energy demands. Finally, the 

RWE also represents a biological process that is targetable using available autophagy and 

glycolysis inhibitors (Doherty 2013) and represents a therapeutic link between biomarker and 

patient treatment. 
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Figure 1.2 RWE as a physiological response. Given the large amount of heterogeneity found 

within and between PCa tumours, it is likely that pathological characteristics or phenotypes that 

define disease, such as GP, are triggered by multiple, unrelated pathways working within unique 

mutational contexts (Bhatia 2012, Hanahan 2011). The RWE can be viewed as a physiological 

response to a common epithelial phenotype, in this case GP4, that is independent of the variable 

epithelial genotypes, mutations A and B.  

 

 Therefore it is possible that by profiling the metabolic state of CAFs, we can assess the 

phenotypic state of cancer cells both independently of the molecular heterogeneity in the 
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epithelial compartment (Ma 2009) and independently of direct epithelial compartment sampling 

(Trujillo 2012).  

 Based on this rationale, we aim to classify GP3 and GP4 according to their stromal RWE-

associated gene expression profile, with the hypotheses that GP3 and GP4 cancer foci will illicit 

distinctly different metabolic responses in their respective surrounding stroma. 
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Chapter 2 

Materials & Methods 

2.1 Human prostate tumour samples  

 This retrospective study was conducted using archived formalin-fixed paraffin embedded 

(FFPE) PCa tissue samples made available through the Kingston General Hospital, Eastern 

Ontario, and was approved by the Research Ethics Board at Queen’s University. The selected 

study cohort consisted of 41 archival RP specimens fixed between the years of 2001 and 2013. 

RP tissue was used in order to ensure correct GS assignment. Gleason scoring was conducted 

according to the revised International Society of Urological Pathology (2005) Consensus 

guidelines (Epstein 2005). Two urologic pathologists conducted independent histological reviews 

in order to confirm GS. Each sample was classified as either GS 3+3 or GS ≥4+3. Together the 

GS 3+3 and the GS ≥4+3 groups represent divergent prognoses,  ‘low-risk’ and ‘intermediate to 

high-risk’ respectively (NCCN 2013), for localized PCa. In total 20 GS 3+3 samples and 21 GS 

≥4+3 samples were identified for this study. GS 3+3 samples contained no evidence of extra-

prostatic extension, perineural invasion, seminal vesicle involvement, positive margin or positive 

lymph node status. In the GS ≥4+3 group, pathological staging identified eight cases showing 

positive margins, five of which also presented with seminal vesicle involvement. Patients with 

GS ≥4+3 were significantly older than the GS 3+3 population in this study, with a mean age of 

61.4 yrs, and were associated with higher pre-op PSA, higher percentage cancer tissue, and 
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higher pathological stage (See Appendix A; note that patient data was not available for all 

samples).  

2.2 Laser-Capture Microdissection 

 Prior to dissection, regions of reactive stroma associated with GP3 and GP4 foci were 

identified in GS 3+3 and GS ≥4+3 samples respectively by histologic examination of 

haemotoxylin and eosin (H&E) stained sections. Laser-capture microdissection (LCM), using a 

Zeiss PALM CombiSystem microscope at Queen’s University, was performed in order to harvest 

a minimum of 3x106µm2 of stromal tissue adjacent to GP3 or GP4 foci. Tissue sections were 

mounted on 1.0 PEN dissection-specific membrane slides (Zeiss, # 415190-9041-000) to 

facilitate laser cutting. The LCM was set to an auto-cut + LPC (laser pressure catapult) setting 

and the following standard settings were used: LPC energy: 68, LPC focus: 73, and cut energy: 

41, cut focus: 78. A lasso tool was used to outline appropriate sections for dissection, and tissue 

areas were selected and dissected under 20X magnification. Tissue was cut, catapulted and 

captured in the adhesive cap of 0.2 mL microscope-compatible tubes from Zeiss (Zeiss, # 

415190-9181-000). Multiple serial FFPE sections were used to restrict the field of harvest to 

within 10 cell widths from the margin of the epithelial foci (Figure 2.1). After collection, 

dissected tissues were stored at -80ºC until RNA extraction.  
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Figure 2.1: Field of harvest was limited to within 10 cell widths of the epithelial cancer border 

so as to avoid sampling attenuated RWE signal.  

 

2.3 RNA extraction  

 Total RNA was extracted from the microdissected stromal tissue using the Qiagen 

RNeasy® FFPE Kit (# 73504). The manufacturer’s protocol was modified to substitute the 

proteinase digestion with that of Roche’s PCR-grade recombinant Proteinase K (Roche 

Diagnostics, #03 115 887 001). Briefly, tissues were combined with 10ul, 18.6mg/ml, Roche 

Proteinase K and 150ul of PKD buffer, inverted and left to incubate at 56ºC for 30 minutes. The 

Proteinase K was inactivated at 80ºC for 15 minutes followed by a three-minute incubation on 

ice. 16 µl of DNase Booster Buffer and 10 µl DNase I stock solution (2.73 KUnitz unit/µl) were 

added, and the samples were left to incubate for 15 minutes at room temperature to allow for 

DNA contaminant digestion. Post-incubation the lysates were mixed with 320 ul of buffer RBC 

and 720 ul of 100% ethanol. The samples were then placed, 700 µl at a time, in RNeasy 

MinElute spin columns and centrifuged for 30 seconds at 10,000 rpm (8000 g). The columns 
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were washed twice with 500 µl of RPE buffer with intervening centrifugation at 10,000 rpm 

(8000 g) for 30 seconds. The columns were then transferred to clean collection tubes and 

centrifuged with their caps open at max speed for 5 minutes to dry any residual ethanol left in the 

column. Dried columns were then placed in 1.5 ml centrifuge tubes and 20 ul of 37oC RNAse-

free water was added to the column membrane and left to incubate at room temperature for 1 

minute.  RNA was eluted by centrifugation at max speed for 1 minute. The elution step was 

repeated twice to increase yield. RNA concentration was determined using Agilent BioAnalyzer 

PicoChips (Agilent, #5067-1513), following the manufacturer’s protocol. RNA quality was 

assessed based on RNA integrity numbers (RIN), which range from 2-10, and by smear analysis, 

conducted using the Agilent 2100 BioAnalyzer. Nanostring recommends that less than 50% of 

the input sample should contain fragments between 50-300 nucleotides in length. Extracted RNA 

was stored at -80°C until use.  

 

2.4 Generation of a candidate panel of RWE-associated genes 

 A gene panel representative of the RWE was generated using a three-pronged in-silico 

approach (Figure 2.2). As a starting point, the literature was mined to identify genes with known 

associations to the RWE in both breast and prostate carcinomas (Vander Heiden 2009, Pavlides 

2009, Martinez-Outschoorn 2010, Gonzalez 2014, Witkiewicz 2011, Sotgia 2009). By design, 

genes from the primary list were grouped based on primary biological function into the following 

categories: hypoxia response/oxidative stress regulation, autophagy/mitophagy, mitochondrial 

dysfunction, glucose metabolism, myo-fibroblast differentiation and CAF markers, and 
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metabolite transporters. These biological functions were selected based on transcriptional 

evidence from Pavlides et al. (2010) to be representative of the RWE phenomenon. These small 

groups of genes were then input into network building algorithm, STRING (http://string-db.org), 

and nodal points that possessed a combined functional evidence confidence score of >0.9 with 

greater than three of the input genes were noted. 

  Lastly, in order to further enrich our target gene list, the following Gene Omnibus (Edgar 

2002) datasets were accessed: GSE34312 (Ashida 2012), GSE26910 (Planche 2011), GSE11682 

(Dakhova 2009). Briefly, GSE3412 contained microarray gene expression data from isolated 

normal prostate stromal cells and tumour adjacent stromal cells grown in culture. Samples were 

labeled: ‘stromal cells cultured from normal prostate tissue; passages 4-5’ and ‘stromal cells 

cultured from tumours; passages 4-5’. Similarly, GSE26910 was made up of microarray gene 

expression data comparing the transcriptomes of LCM-microdissected stromal tissue derived 

from normal and invasive human breast and prostate carcinomas. Samples were labeled: ‘normal 

prostate or breast stroma’ and ‘stroma associated to prostate or breast invasive tumour’. 

GSE11682 contained microarray gene expression data from 17 LCM-microdissected GP3-

adjacent and matched normal stromal tissues. Samples were labeled: ‘normal prostate stroma’ 

and ‘prostate cancer-associated stroma’. 

 For each dataset, samples were assigned to either ‘normal-associated’ or ‘tumour-

associated’ groups based on experimental labeling and compared using the GEO2R analysis 

software (http://www.ncbi.nlm.nih.gov/geo/geo2r/) provided by the Gene Omnibus database 

(http://www.ncbi.nlm.nih.gov/geo/). GEO2R generates a list of the top 250 differentially 
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expressed genes, ranked by p-value. Genes with an adjusted p<0.05, a log two fold change >1.5 

and a biological function that fit into either of the above-mentioned categories were marked for 

inclusion. Genes identified through network building and Gene Omnibus database searches were 

subject to a final literature review prior to inclusion in the gene panel (Galluzzi 2013, Pavlides 

2010, Martinez-Outschoorn and Trimmer 2010). The final panel consisted of 102 target genes 

(See Appendix B for accession numbers) associated with the RWE for use in gene expression 

profiling. Five housekeeping (HK) genes selected for inclusion: ACTB, CLTC, GUSB, HPRT1 

and TUBB, had previously been proven suitable for normalization in PCa gene expression 

profiling studies (Ohl 2005). 
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Figure 2.2: Flow diagram describing gene-panel list generation. Genes were acquired via three 

means: literature review, scouring of three Gene Omnibus datasets and through gene enrichment 

of six key cellular processes identified as contributing to the RWE using STRING. Criteria for 

inclusion at each level includes the following: genes with known associations to the RWE in 

both breast and prostate carcinomas, with transcriptional evidence published in a minimum of 

two peer-reviewed papers; genes with an adjusted p<0.05, a log two fold change >1.5 in GEO 

and a biological function that fit into either of the above-mentioned cellular processes; and nodal 

genes possessing a combined functional evidence confidence score of >0.9 with greater than 

three of the input genes. 
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2.5 cDNA Conversion and Multiplexed Target Enrichment   
 

Given the small amount and variable fragmentation of the RNA extracted, multiplexed 

target enrichment (MTE) was employed in order to increase the total RNA concentration and to 

ensure compatibility of our samples with the NanoString nCounter platform. Primers were 

designed for Multiplex Target Enrichment of the 102 target genes using Primer3 software 

(http://primer3.ut.ee) with the following parameters:  amplicon size 170-230 nucleotides, primer 

Tm 60ºC, optimal size primer 18 nucleotides and 50-60% G/C content. The primers were 

designed to flank the 100-nucleotide target regions specific to the NanoString probes. Primers 

were ordered through Integrated DNA Technologies (IDT). Equal concentrations of all 102 

primer pairs were pooled into a single tube with a final total primer concentration of 0.5 µM in 

500 µl of IDTE buffer pH 7.5 and stored at  -20ºC (See Appendix C for MTE primer sequences). 

Prior to amplification, cDNA was generated by combining 4 ul of RNA (500-1000 pg/ul), 

totaling 2-4 ng, and 1 ul of SuperScript VILO Master Mix (LifeTechnologies #11755050) and 

centrifuged to mix. The mixture was then subject to a cDNA conversion protocol consisting of a 

10-minute incubation at 25°C, followed by a 60 minute incubation at 42°C and ending with a 

SuperScript enzyme inactivation step involving a 5-minute incubation at 85°C. Once the cDNA 

had been generated, 1 ul of pooled primers and 5ul of TaqMan® PreAmp Master Mix 

(LifeTechnologies #4391128) were added to the reaction to a final volume of 11 ul. The mixture 

was then amplified according to a PCR protocol consisting of a 10 minute denaturation step set 

at 94ºC, followed by 20 cycles of 94°C for 15 seconds, and ending with a 60°C incubation for 4 

minutes.  
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2.6 Sample Hybridization and nCounter Analysis 

 A direct and digital multiplexed NanoString nCounter system (NanoString Technologies, 

Seattle, WA, USA) of gene expression profiling was employed. Prior to probe hybridization, pre-

amplified cDNA samples were denatured by incubation at 94oC for 2 minutes then cooled 

immediately on ice. According to the nCounter Single Cell Expression Assay protocol 

(Nanostring Technologies, Seattle, WA, USA), the hybridization reactions were set up by 

combining 11ul of amplified cDNA (complete amplification reaction volume) with 10  µl of 

nCounter Reporter probes, 10  µl hybridization buffer and 5  µl of nCounter Capture probes for a 

total reaction volume of 36  µl (See Appendix D for Capture and Reporter probe sequences for 

each target gene). The Reporter and Capture probe mixtures provided by Nanostring also 

contained 6 spiked-in positive controls ranging in concentration from 110 fM to 0.1 fM (See 

Appendix F), and 8 synthetic negative control sequences used to guide normalization. Samples 

were mixed briefly to avoid sheering the probes. The hybridization reactions were then incubated 

at 65  °C overnight for ~16–20  h to allow for probe binding.  

 Following hybridization, the fully automated nCounter Prep Station was used to load 

samples into the nCounter cartridge. Twelve samples were loaded per cartridge, with an equal 

proportion of GP3 and GP4 samples per run. Samples were captured along individual lanes in the 

nCounter cartridge and transferred to the nCounter Digital Analyzer. For each assay, a high-

sensitivity scan encompassing 600 fields of view was performed. The Digital Analyzer 

determined the abundances of specific target molecules by counting the individual fluorescent 

reporter barcodes in each image and tabulating the results. Samples were flagged automatically if 
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they did not meet the following criteria: a % field of view registration greater than 75%, a 

binding density between 0.05 and 2.25, a positive control R squared value greater than 0.9 and a 

0.5fM positive control count greater than two standard deviations above the mean of the negative 

controls. Exported data files included both the target name and count number, along with outputs 

for positive and negative internal controls, which were used to guide normalization. 

 

2.7 Processing and Data Normalization  

 A protocol for Nanostring gene expression data normalization was developed in house 

based on the NanoStringNorm Bioconductor package (Waggott 2012). Samples flagged during 

counting were not included in the normalization process. Data normalization included positive 

control normalization, background correction and sample content normalization (See Appendix 

E for the normalization code used to process the data). Within the NanoStringNorm package, the 

relevant options were CodeCount = 'geo.mean', Background = 'mean', SampleContent = 

'top.geo.mean'. 

 Briefly, positive control normalization was used to normalize all platform-associated 

sources of variation such as slight differences in hybridization conditions, binding efficiencies 

and purification. The geometric mean was calculated for all six spiked-in positive controls across 

all samples and divided by the geometric mean of the six spiked-in positive controls for each 

sample in order to create a positive control correction factor for each sample. Because genes are 

often expressed at different levels, the geometric mean, which is less sensitive to variation in the 

magnitude of count levels between probes, was used to calculate the scaling factor. Positive 
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normalization factors were accepted if they fell within the recommended range of 0.3-3. 

 Following positive control normalization, the mean of the negative control counts was 

used to calculate background threshold for each sample. Expression levels falling below the 

background threshold were replaced with a zero value. Use of the least stringent ‘mean’ 

background correction approach allowed for low expression profile distributions to be 

statistically probed. More stringent background correction approaches such as the mean plus two 

standard deviations have the potential to increase the false negative rate.  

 Following background correction, sample content normalization was used to account for 

pipetting inconsistencies and up to 10-fold differences in RNA input. Sample content correction 

works under the assumption that the genes with the highest counts in each sample can serve as an 

approximation of the total nucleic acid expression within a sample. Therefore in order to 

calculate the sample content correction factor for each sample, the geometric mean of the top 75 

genes with the highest expression counts across all samples was divided by the geometric mean 

of the top 75 genes within a single sample. The sample content correction factors were then 

multiplied against the control-normalized and background-corected data. Sample content 

normalization factors were deemed acceptable if they ranged between the standard 0.1 and 10. 

To eliminate unreliable data, unreliable data referring to those samples and genes for whom a 

significant fragmentation and/or low expression has resulted in a count below background 

threshold, those samples and genes with >50% zero values were excluded. Samples were 

excluded first, followed by genes. All remaining zeroes were set to not a number (NA).  
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2.8 Statistical Analysis  

 Univariate gene expression differences were assessed using the rank-based non-

parametric Mann-Whitney U (MWU) test, appropriate for non-normal distributions, as well as 

the Welch t-test, noting the non equivalence of the sample variances, both set at p=0.05. To 

account for small sample numbers, we employed both tests, being more confident in identifying 

expression profiles differences if both the medians and means were found to be different. The 

Benjamini-Hochberg false discovery rate correction (Benjamini 1995), p=0.05, was applied to 

both p-values to account for the large number of statistical tests run (n=100). Receiver operator 

curves (ROC) were generated for genes of interest in order to determine their discriminatory 

ability, in terms of true and false positive rates of detection, in distinguishing GP3 from GP4.  

 In a second independent statistical analysis, the top-scoring pair (TSP) analysis (Geman 

2004) was used to identify pairs of genes that successfully classify GP3 from GP4.  TSP uses the 

relative expression of a gene pair to assign a given sample into a class or GP in this case. This 

process is repeated for all samples and all possible gene pairs. The results are then aggregated 

and a score is assigned to each gene pair based on the following formula:   

 

 GeneA < GeneB GeneA > GeneB  

Class 1 or GP3 A C A+C 

Class 2 or GP4 B D B+D 

 

𝑇𝑆𝑃 =   
𝐴

𝐴 + 𝐶 −
𝐵

𝐵 + 𝐷  
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Scores are ranked in order to identify the gene pair with the largest score. This method of 

classifier identification was performed on data that was mean background corrected and that had 

samples/genes with >50% zero values excluded.  

Permutation testing was used to test the significance of the top-scoring pair under the null 

hypothesis that gene count is not associated with GP. One hundred thousand random 

classification assignments of GP3 and GP4 into groups of 13 and 18 were run to generate a score 

distribution, against which our top-scoring gene pair score was compared to generate a p-value. 

 

2.9 Pathway Analysis 

 Pathway analysis was conducted using publically available softwares: STRING and 

GeneMANIA (Jensen 2009, Warde-Farley 2010). Briefly, the STRING database provides 

information on protein associations. The database imports data on known and predicted protein-

protein interactions from the mining of scientific text databases such as PubMed, and curated 

databases such as Reactome, KEGG, GO, from the mining of computationally predicted 

interactions based on genomic features such as co-expression, fusion events and genomic 

context, and from the mining of similar interactions in model organisms. Based on the evidence, 

the STRING algorithm provides a functional association score out of 1. Similarly, GeneMANIA 

draws upon curated data including information on protein and genetic interactions, pathways, co-

expression, co-localization and protein domain similarity. A linear regression algorithm is used 

to ensure maximum relatedness between input genes, enriched genes and Gene Ontology (GO) 

biological processes (The Gene Ontology Consortium 2015) in a network.  
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 All genes with AUC greater than 0.7 were used as input. The list was then augmented 

with those genes having a p<0.1 for either Welch or MWU tests with a minimum fold change of 

1.5. Input genes were enriched for 5 and 10 related genes based on the STRING algorithm for 

relatedness. Network significance, in all cases, was based on a GO biological process-based 

weighting with correction for FDR. The STRING results were compared to those found using 

GeneMANIA software for confirmation.  
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Chapter 3 

Results 

3.1 Assessing stromal RNA quality  

 RNA PicoChips were used to assess RNA concentration and integrity. Concentrations 

ranged between 500–1000 pg/µl, and all RNA samples had RINs ranging between 2-2.5, which 

are typical of fragmented RNA extracted from FFPE tissue (Newell 2012). Smear analysis 

revealed a large proportion of fragmentation across all samples and variability in the amount of 

fragmentation between samples, with the percentage of fragments between 50-300 nucleotides in 

fragment length ranging between 65 and 84 (data not shown). Low yields and fragmentation of 

RNA necessitated RNA amplification prior to profiling. 

3.2 Processing and normalization of Nanostring gene expression data  

 All 41 samples passed binding density and field of view quality control measures. 

Similarly, all 41 samples passed positive control normalization with scaling factors between 0.3-

3.0. Only one sample (GP4-18) was removed during sample content normalization due to its 

large sample content correction factor. The negative controls showed a very broad distribution 

(See Appendix G) and as such the mean background threshold was high. After applying the 

mean background correction, a significant proportion of zero values were observed within 

samples, as well as across both GP3 and GP4 samples for select genes. To eliminate unreliable 

data those samples with >50% zeroes values were eliminated (see definition of unreliable data in 

Section 2.7 of the Methods). Seven samples: GP3-5, GP3-6, GP3-7, GP3-12, GP3-13, GP3-20 
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and GP4-12 were removed this way. After removal of those seven samples, only two genes 

(NOS2 and TKTL1) had >50% zero values and were subsequently removed. Following data 

normalization and elimination based on zero values, 100 genes and 33 prostate cancer samples, 

15 GP3 and 18 GP4, passed all thresholds set for normalization and background correction, and 

were included in downstream univariate analysis.  

3.3 Univariate analysis of differentially expressed genes associated with RWE 

 Univariate statistical analysis was applied to normalized gene expression data. In a cohort 

of 15 GP3 and 18 GP4, nine genes were differentially expressed between GP3 and GP4 stroma 

using both the MWU and Welch t-tests (p=0.05). These genes (Table 3.1), listed in order of 

statistical significance are FOXO1, GPD2, SPARC, HK2, COL1A2, ALDOA, SLC16A4 (MCT4), 

NRF2 and ATG5. Two additional genes, SIRT3 and ACTA2, were found to be significant when 

using the Welch t-test only, however 45% of the samples failed to exhibit expression level 

significantly above the background threshold for both genes.  

 The majority of differentially expressed genes, FOXO1 GPD2, HK2, ALDOA, SLC16A4, 

ATG5, SIRT3, were up-regulated in GP3 relative to GP4-associated stroma. Only four genes, 

SPARC, COL1A2, NRF2 and ACTA2, were down-regulated in GP3 relative to GP4-associated 

stroma (Table 3.1). Notably, the expressions of: FOXO1, GPD2, SPARC, HK2, SLC16A4 and 

SIRT3, exhibited the largest fold changes, -4.59, -3.58, 3.12, -3.82, -3.43 and -3.25 respectively 

(Table 3.1). 
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Table 3.1 Differential expressions of RWE-associated genes in GP3 versus GP4 stroma 

 

Gene(s) p (Welch t) p (MWU) q (FDR) ROC/ 

AUC 

Log2(<GP4>/<GP3>) 

 

FOXO1 0.0008 0.0005 0.0495 0.884 -4.59 

GPD2 0.0046 0.0034 - 0.707 -3.58 

SPARC 0.0194 0.0119 - 0.769 3.12 

HK2 0.0172 0.0132 - 0.752 -3.82 

COL1A2 0.0191 0.0200 - 0.742 2.16 

ALDOA 0.0118 0.0231 - 0.778 -2.60 

SLC16A4  0.0392 0.0327 - 0.750 -3.43 

NRF2 0.0197 0.0349 - 0.729 2.46 

ATG5 0.0239 0.0410 - 0.748 -2.79 

ACTA2 0.0255 0.1083 - - 0.90 

SIRT3 0.0375 0.1505 - - -3.25 

 

 In order to account for the high false positive rate associated with a large number of 

statistical tests, a Benjamini-Hochberg correction (q=0.05) was applied to the MWU test values. 

After correction for the false discovery rate (FDR), only one gene retained statistical 

significance, FOXO1. A box and whisker plot was used to visualize the distribution of gene 

expression values for FOXO1 and to verify that the medians showed significant separation 

(Figure 3.1). 
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Figure 3.1: A notched box/whisker plot representing the distributions in FOXO1 gene 

expression between GP3 and GP4. FOXO1 gene expression is up-regulated in stroma 

surrounding GP3 PCa relative to GP4 stroma. There exists up to a 16-fold difference between the 

median counts of GP3 and GP4 stroma. (The solid lines represent the medians, and the notches 

show the 95% confidence intervals for the medians. The whiskers represent 1.5 times the inter-

quartile ranges.) The y-axis represents log2 expression intensities. The lower GP3 quartile and 

upper GP4 quartile show minimal overlap, and the medians show significant separation, 

confirming the results of the MWU test. FOXO1 retained statistical significance even after FDR 

was applied to the MWU test (q = 0.0495). 
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 When tested for its ability to correctly distinguish between GP3 and GP4, FOXO1 

achieved an AUC of 0.884 (Figure 3.2). An AUC of 0.884 indicates that FOXO1 is able to 

correctly identify GP in 88.4% of cases. The remaining eight genes had individual AUCs ranging 

between 0.72-0.78 (Table 3.1). 
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Figure 3.2: ROC curve for FOXO1. ROC curve models the sensitivity (average true positive 

rate) versus 1-specificity (average false positive rate) for different thresholds of FOXO1 

expression. The curve extends towards the upper left quadrant indicating a good level of 

discrimination between GP3 and GP4 (AUC: 0.884), with an approximate sensitivity of 85% and 

an approximate specificity of 1-0.3 or 70%. For reference, a classifier with perfect discrimination 

has an AUC of 1.0 and an ROC curve that passes through the uppermost (0,1) left corner (100% 

sensitivity, 100% specificity). Whereas, a classifier with a diagonal line connecting (0,0) to (1,1) 

and an AUC of 0.5 indicates a discriminatory ability equal to that of random chance. 
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3.4 Pathway analysis 

 The RWE is made up of cellular processes, a number of which were targeted by our gene 

panel, namely oxidative stress response, autophagy, mitochondrial dysfunction, aerobic 

glycolysis, growth factor mediated myo-fibroblast differentiation, and metabolite transport. In 

order to identify if any of the above-mentioned mentioned pathways were specifically up-

regulated or down-regulated in either GP3 or GP4 foci, STRING pathway analysis software was 

employed to enrich for the most meaningful GO biological processes. Briefly, input genes were 

chosen based on an AUC greater than 0.70 and/or a p<0.1 for either Welch or MWU tests, prior 

to FDR correction, and a minimum fold change of 1.5.  In total, 21 genes, 17 up-regulated genes 

(FOXO1, GPD2, HK2, MYC, ALDOA, MCT4, ATG5, TGFB2, TGFB3, EGLN1, GAPDH, CA9, 

P4HA1, MXI1, MMP9 and PGM1) and 4 down-regulated genes (COL1A2, SPARC, NRF2, 

TGFBR2), in GP3 stroma relative to GP4, were chosen as inputs. Irrespective of the use of all 21 

genes or only those 17 genes that are up-regulated in GP3 relative to GP4, three pathways were 

consistently enriched for: ‘gluconeogenesis’, ’hexose catabolic process’ and ‘monosaccharide 

catabolic process’ (Table 3.2). Two processes that were not found using only our 21 input genes, 

but that were consistently reported upon enrichment with 5 or 10 related genes respectively using 

STRING software, were the ‘response to oxygen levels’ (q= 2.97E-04) and ‘response to hypoxia 

(q= 3.91E-04) (Figure 3.3). To validate these results, the same process was repeated in 

GeneMANIA with the addition of 10 related gene partners. The ‘hexose catabolic process’ was 

recurrent in both analyses.  
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Table 3.2 Enrichment for GO biological processes using STRING 

21 Genes  

Term  Number of Genes p-value FDR 

Gluconeogenesis 4 5.92E-08 4.54E-04 

Hexose catabolic 
process 

4 1.42E-07 

 

4.54E-04 

 

Monosaccharide 
catabolic process 

4 2.33E-07 

 

4.86E-04 

 

 

 A protein-protein interactions network generated using 22 inputs (the 17 up-regulated 

genes in GP3 vs. GP4 stroma and 5 enriched genes), appeared to center around FOXO1, HIF1A, 

MYC and AKT1 proteins (Figure 3.3). In particular, AKT1 and FOXO1 are shown to share the 

largest number of interactions with each other and appear to directly affect one another through 

reciprocal activation or inhibition. 
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Figure 3.3: Protein-protein interactions network generated using STRING. The network is made 

up of the 17 up-regulated genes in GP3 relative to GP4 (FOXO1, GPD2, HK2, MYC, ALDOA, 

SLC16A4, ATG5, TGFB2, TGFB3, EGLN1, GAPDH, CA9, P4HA1, MXI1, MMP9 and PGM1), 

plus 5 enriched genes (ATG16L1, ATG12, AKT1, SIRT1 and SIRT3). The network centers on the 

primary nodal points: FOXO1, AKT1, MYC and HIF1A, which show the largest number of 

reciprocal inhibitory and activating functions with each other as well as with their interacting 

proteins, and enriches for genes primarily associated with autophagy and FOXO1 signaling. 

Activation (Green); Inhibition (Red); Binding (Blue); Post-translational modification (Fuchsia); 

(Red line); Reaction (Black line). Directionality is indicated by the arrow.  
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3.5 TSP analysis   

 In order to limit the bias introduced by our normalization choices and the arbitrary 

cutoffs, a second independent statistical analysis using rank-based TSP testing was conducted on 

mean background corrected non-normalized expression values. Genes and samples that failed to 

exhibit >50% of expression levels significantly above the background threshold were excluded. 

Excluded genes and samples were as follows: HGMCL, IGF2, IL10, NOS2 and TKTL1, and 

GP3-5, GP3-6, GP3-7, GP3-10, GP3-12, GP3-13, GP3-14, GP3-20 and GP4-12, respectively. 

Additionally, the single sample (GP4-18) that did not previously pass sample content 

normalization due to its large scaling factor was also removed in order for our treatment of the 

data to remain consistent between the univariate and TSP analyses.  

 Following mean background correction, and exclusion of samples and genes, TSP 

analyses was applied to a cohort consisting of 13 GP3 and 18 GP4 samples. TSP analysis 

identified a top-scoring pair ATG5/GLUT1 with a score of 0.547, capable of correctly classifying 

24/31 (77.4%) samples. To be specific, 10/13 of GP3 and only 4/18 of GP4 agree with the 

ordering (Expression(ATG5) > Expression(GLUT1)), generating the scatterplot seen in Figure 

3.4. Permutation testing using 100,000 random assignment classifications of GP3 and GP4 

generated the distribution of scores seen in Figure 3.5. Permutation testing examines the 

likelihood of getting a score as high as 0.547 by chance when there is no association between any 

of the gene expression values and the GP. The low frequency of scores >0.4 indicate that a score 

of 0.547 for gene pair ATG5/GLUT1 is highly significant (p = 0.0039) and as such, unlikely to be 

due to chance. 
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Figure 3.4: Scatterplot illustrating the separation of GP3 (Blue) and GP4 (Red) using the 

expression intensities of gene pair ATG5/GLUT1. With the ordering Exp(ATG5) > Exp(GLUT1), 

24/31 (77.4%) samples were correctly classified. Several red and blue dots are overlapping in the 

low expression range. One outlier (which agrees with the ordering) has been left out for clarity.  
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Figure 3.5: Histogram illustrating the distribution of 100,000 random classification assignment 

samplings. Each bar indicates the proportion of TSP scores that fall within each range. In this 

histogram, the majority of scores are low. This left-skewed distribution indicates that scores 

between 0.0 and 0.4 are more likely to occur under random assignment and are thus independent 

of GP classification. The low frequency of high scores (>0.5) indicates that the score (0.547 (red 

line); p=0.0039) identified for gene pair (ATG5/GLUT1) is unlikely to be due to chance and is 

more likely to be associated with GP. 
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Chapter 4 

Discussion 

4.1 The utility of RWE-associated gene expression in differentiating between Gleason 

pattern 3 and Gleason pattern 4 prostate cancers 

 The roles of the stromal microenvironment and the RWE have become increasingly 

noteworthy in the context of cancer progression, and as such, suggest the utility of RWE-

associated genes as prognostic biomarkers (Di Vizio 2009, Pertega-Gomes 2014). Our study has 

resulted in the successful identification of an RWE-associated gene, FOXO1 (AUC: 0.884) that 

is significantly differentially expressed between GP3 and GP4 stroma, as well as a multivariate 

top-scoring RWE-associated gene pair, ATG5/GLUT1, whose relative expression can 

significantly predict GP in 77.4% of cases.  

 The remaining eight genes, which were significantly differentially expressed in both 

Welch and MWU tests but did not reach statistical significance upon FDR correction, are also 

suggestive of additional classifiers. However, given the high FDR rate, we acknowledge that 

these genes could also be false positives. Two genes, SIRT3 and ACTA2, were found to be 

significant only when using the Welch t-test; however approximately 45% of samples had an 

expression level that did not pass background threshold making these results unreliable.  

 If reproducible in subsequent independent cohorts, these RWE-associated molecular 

biomarkers may have clinical value in risk stratification. The identification of FOXO1 and 

ATG5/GLUT1 in cancer stroma and their differential expression in aggressive vs. indolent 
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prostate cancer samples indicates that it is possible to clinically categorize potentially 

heterogeneous populations of GP3 and GP4 in terms of the metabolic responses, namely RWE, 

that they elicit in stroma. Additionally, if these gene expression changes extend appreciably 

beyond the immediate tumor-stroma border, direct sampling GP4 or GP3 may become less 

necessary. For example, decreased expression of ATG5 relative to GLUT1 in a biopsy core 

showing predominantly stroma or only low pattern cancer may indicate the presence of nearby 

higher pattern cancer that was missed by the biopsy. Similarly, increased expression of FOXO1 

and increased expression of ATG5 relative to GLUT1 in a stromal core may allow pathologists to 

assign a GS of 3+3 with more certainty.  Thus, these molecular classifiers may serve as sentinels 

of the phenotypic state of the tumour well beyond the physically sampled regions, in effect 

increasing the diagnostic reach of each biopsied tissue. Evidence to suggest that this type of 

‘field effect’ exists within the stroma includes studies that show high autophagic turnover in 

fibroblasts at a distance of up to 5 mm away from the tumor site (Chaudhri 2013). These reports 

make it likely that the RWE extends beyond the tumour-stroma border, offering a means of 

reducing biopsy mis-sampling, however it remains unclear at what distance these expression 

changes would be useful in a clinical setting.  

 In terms of translation to clinical application, the top-scoring gene pair ATG5/GLUT1 in 

particular has the potential to be translated to clinical practice for a number of reasons. Firstly, 

the TSP classifier requires expression measurements for only two genes using a cost-effective 

technique such as RT-PCR. RT-PCR is also not labour intensive, does not require expert training 

to run, and is a piece of equipment already readily available in a clinical laboratory setting. 
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Secondly, the TSP test is context-independent, not requiring any data pre-processing based on 

genes outside of the pair involved such a normal tissue control or reference genes. Lastly, the 

interpretation of the test is simple: Expression (ATG5) > Expression (GLUT1) = GP3 and 

Expression (ATG5)<Expression (GLUT1) = GP4, however the cut-off for relative difference in 

expression would still need to be established and the test may trouble distinguishing between 

samples found within the ‘gray zone’, with very similar ATG5 and GLUT1 expression levels.  

4.2 Evaluating the difference in RWE response between Gleason pattern 3 and Gleason 

pattern 4 prostate cancers 

 In addition to the identification of two significant classifiers, this study has also provided 

important potential insight into the RWE response as it pertains to different patterns of PCa. The 

expression profiles of GP3 stroma reported here are consistent with Pavlide’s model of the RWE, 

which depend on the ROS-induced and HIF1A-mediated transcription of key glycolytic 

enzymes, transporters, and autophagic vesicle assembly genes (Pavlides 2009). The up-

regulation of MCT4 seen here is consistent with the induction of reciprocal lactate shuttling 

during RWE (Fiaschi 2012). The up-regulation of genes, HK2 (which catalyzes the first essential 

step in glucose metabolism), ALDOA, GPD2 and ATG5, which are prerequisites for dealing with 

a high glycolytic influx and auto-phagosome formation, respectively, are also consistent with the 

literature on RWE induction (Martinez-Outschoorn 2011, Zhao 2013).  

 When those genes that were up-regulated in GP3 relative to GP4 were input into 

STRING, the most significant GO biological processes targeted were those of oxygen 

availability and catabolic glucose metabolism, which again are also consistent with the RWE 
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phenotype (Pavlides 2009). Pathway analysis also identified HIF1A as a primary nodal point, 

which is again consistent with the HIF1A-activated RWE phenotype. 

 Interestingly, both of the statistically significant classifiers, FOXO1 and ATG5, are up-

regulated in response to GP3 foci and are directly implicated in the activation of the mitophagy 

and autophagy responses. More specifically, FOXO1 promotes the transcription of the ATG5 

gene (Xu 2011). These congruent results, achieved via two different means of data processing, 

highlight a robust association between autophagy and GP3. This result validates the findings of 

other studies that identify mitochondrial dysfunction as the primary mechanism of RWE 

induction in cancer-associated fibroblasts (Chaudhri 2013, Pavlides 2010). Since GLUT1 

expression in stromal cells reflects their ability to import and metabolize glucose, even the 

ordering of the TSP, Expression (ATG5) > Expression (GLUT1) = GP3, indicates the up-

regulation of autophagy may be more important to RWE establishment and maintenance than up-

regulation of glucose intake.  

 Relative to GP3-associated stroma, GP4 foci were found to elicit a reduced RWE 

response, with decreases in the expressions of the majority of glycolytic and autophagic genes; 

these results are contrary to the increased RWE response that we would expect from GP4 stroma 

given the more aggressive and highly proliferative nature of GP4. However, our results are in 

agreement with a number of studies conducted by Koukourakis et al. (2005, 2006, 2007) and 

Rattigan et al. (2012), who have reported that CAFs, isolated from both lung and colorectal 

cancers, retain their oxidative phosphorylation potential, likely in order to recycle the high 

volume of lactate secreted by more aggressive tumours. Studies conducted on breast and 
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pancreatic cancers have also reported the absence of RWE in more aggressive disease subtypes. 

Choi et al. (2013) classified breast cancer subtypes according to metabolic status based on 

staining for GLUT1, CAIX and MCT4 proteins. Stromal expression of GLUT1, CAIX and 

MCT4 was highest in luminal A and B and lowest in HER2 and TNBC breast cancers. Luminal 

A and B breast cancers tended to show lower grade and lower mitotic index than HER2 and 

TNBC breast cancers, indicating that the RWE was more characteristic of nonaggressive 

tumours. These studies are consistent with our finding that the RWE is more prominent in the 

stroma associated with indolent GP3.  

 Given the reduction in RWE seen in GP4 stroma, it is possible that more aggressive PCa 

employ others means of metabolic reprogramming such as glutaminolysis, which requires intact 

mitochondria (Yu 2015) and which may explain the lack of autophagy response in GP4 stroma. 

However we saw no evidence of differential expression in glutaminases, GLS1 (MWU p = 

0.8520, Welch t p = 0.8713) or GLS2 (MWU p = 0.6816, Welch t p = 0.4132), between GP3 and 

GP4 stroma in our data. 

 This reduction in RWE response in GP4 relative to GP3 foci, coupled with its 

histologically and clinically more invasive phenotype, lead us to speculate that RWE is perhaps a 

characteristic of a predominately proliferative but ultimately benign phenotype. Indeed, Tomlins 

et al. (2007) report that GP3 tumours tend to overexpress genes that control intracellular 

metabolic processes such as protein synthesis; processes that may benefit from the building 

blocks provided by CAFs undergoing the RWE. Additional studies report that increases in the 

volume of GS 3 + 3 cancer did not increase risk of progression further supporting the hypothesis 
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that the biological potential of GP3 cells is intrinsically proliferative with ultimately benign 

outcomes (Netto 2011, Wolters 2011).  

 A switch from a pre-dominantly proliferative phenotype in GP3 to an invasive phenotype 

in GP4 may explain why genes coding for the ECM proteins, COL1A2 and SPARC, are 

independently up-regulated in GP4 and not GP3-associated stroma. Cross-linking of CAF 

secreted collagens has been shown to promote tumour invasion by increasing ECM stiffness 

(Karagiannis 2012). Karagiannis et al. proposed that CAFs migrate in groups and exert a 

mechanical pressure on the tumour invasion front. This pressure exerted by CAFs changes the 

tissue-tension dynamics of the tumour population, allowing cancer cells to invade the CAF 

population in an antiparallel manner, reducing the mechanical tension at the invasion front 

(Figure 4.1).  

 

 

 

 



 

 

 

56 

 

Figure 4.1 Interdigital model of CAF-mediated tumour cell migration. This diagram 

illustrates how groups of myofibroblastic cells (green) invade the cancer population (purple) and 

trigger antiparallel migration in the cancer cells. The red arrows represent the tension forces 

inflicted on cancer cells by CAFs. Cancer cells are forced to invade the CAF region in order to 

reduce the mechanical tension at invasive border. This model of migration may serve to explain 

the histology of GP4 seen at the bottom of the figure. GP4 is recognized by its ragged invasive 

edges and fused glands compared to the smooth, pushing borders of GP3 (Humphrey 2004). 

(This figure is adapted from Karagiannis et al. (2012) and the GP4 image is taken from Epstein 

et al. 2005). 

 

 Binding of secreted COL1A2 to integrins, such as integrin α2β1 on the surface of 

tumours, has also been shown to drive tumour cell migration via the activation of RhoC and PI3 

kinase (Kirkland 2009). There is also evidence to suggest that SPARC promotes type 1 collagen 
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fibril accumulation and remodeling, and prevents collagen degradation, and that its counter-

adhesive properties could facilitate migration of CAFs by decreasing adhesion to the ECM 

(Strandjorb 1999). Interestingly, SPARC may play an additional role in controlling metabolism, 

its overexpression in the epithelial compartment having been shown to decrease glucose uptake 

and lactate production (Hua 2015). Up-regulation of NRF2, a transcription factor responsible for 

inducing antioxidant protein expression, in GP4 stroma may play a cytoprotective role in CAFs 

as they migrate through alternating regions of hypoxia and normoxia in the tumour environment 

(Leonard 2006). 

 The differences in the repertoire of up-regulated genes in response to GP3 and GP4 foci 

suggest that PCa cells elicit stromal changes in order to suit their phenotype. More specifically, 

our data suggests that RWE is a characteristic of proliferative but organ-confined prostate 

cancers such as GP3, and that it plays a less significant role in prostate cancers that have already 

developed invasive phenotype such as GP4.    

 Additionally, the reduction in RWE response in the stroma associated with GP4 could 

also point to a reduced dependence of aggressive PCa cells on their surrounding stroma. This 

observation is consistent with other reports that state that during cancer progression PCa cells 

gradually reduce their dependence on the stroma for androgen conversion (Henshall 2001) and 

suggests that as PCa progress, they become more autonomous.  
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4.3 FOXO1 functions as a ‘molecular switch’ to control the RWE response   

 In addition to its potential usefulness as a risk classifier, our protein-protein network 

analysis suggests that FOXO1 and its interacting partner AKT1 may also play a role in 

modulating the RWE in GP3 stroma (Figure 3.3). Both the 4.59 fold increase in expression 

observed in GP3-associated stroma and enrichment for hexose catabolic processing (Table 3.2) 

support a scenario in which FOXO signaling is activated.   

 Two competing signaling pathways control FOXO1 activity. In response to high levels of 

ROS, JNK kinase can positively regulate FOXO nuclear localization and transcriptional activity 

(Essers 2004). While localized to the nucleus, FOXO1 has been shown to drive the transcription 

of select glycolytic enzymes, PEPCK and glucose-6-phosphatase, which are responsible for 

indirect increases in pyruvate production, as well as autophagy related genes, LC3 and ATG5, 

which serve to sequester damaged mitochondria targeted for degradation (Nakae 2001, Chen 

2010, Webb 2014). Active FOXO1 also participates in the inhibition of the cell cycle and 

protection from oxidative stress (Essers 2004). The numerous pleiotropic effects of FOXO1 may 

serve to explain the involvement of such a large number of pathways, including oxidative stress 

response, glucose metabolism, and autophagy, in the RWE phenotype.  

 Conversely, FOXO1 can be negatively regulated via the growth factor activated 

PI3K/AKT pathway (Van der Horst 2007). Indeed, using our protein-protein analysis results, we 

can confirm that AKT1 has the ability to inhibit FOXO1 (Figure 3.3). Insulin secretion has been 

demonstrated to increase with PCa aggressiveness (Kaplan 1999), which may serve to explain 

the decrease in FOXO1 and its target genes, and consequently the RWE, in higher pattern 
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disease. Activation of AKT1 in response to growth signals has also been found to promote 

anabolic metabolism and suppress apoptosis, by promoting transcription of GLUT1 and 

stabilizing the mitochondrial membrane respectively (Gottlob 2001, Rathmell 2003). The 

increased expression of GLUT1 relative to ATG5 in GP4 is consistent with the effects of an 

activated PI3K/AKT1 pathway. Additionally activation AKT1 also results in activation of c-

MYC. Induction of c-MYC has been reported to result in increased oxygen consumption and 

mitochondrial mass (Li 2005). Therefore activation of AKT1 may have the potential to down-

regulate the RWE. Interestingly, overexpression of members of the EGF family is almost 

exclusively confined to GP4 foci rather than GP3 foci (Skacel 2001). It is possible that 

development of self-sufficiency in growth signals in GP4 is responsible for the inactivation of 

FOXO1 and subsequent RWE reduction in GP4-associated stroma relative to GP3. This context 

dependent FOXO1 signaling is summarized in Figure 4.2. 
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Figure 4.2 Summary of stromal FOXO1 signaling in response to GP3 and GP4 foci. GP3 

ROS are responsible for the activation and nuclear localization of FOXO1 in CAFs. In the 

nucleus, FOXO1 is responsible for the transcription of target genes involved in a number of 

cellular processes including autophagy, mitophagy, increased catabolic processing, decreased 

oxidative respiration, cell cycle arrest and oxidative stress resistance, all of which contribute to 

the RWE phenotype. In contrast, increased growth signaling produced by GP4 foci may activate 

AKT1 and trigger the exclusion of FOXO1 from the nucleus, thereby down-regulating cellular 

processes that contribute to the RWE (This figure is adapted from Eijkelenboom et al. 2013) 

 

 To summarize, under normal conditions FOXO1 is responsible for maintaining cellular 

energy homeostasis. Given the existence of the competing pathways described, GP3 and GP4 
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may be able to tip this balance, using ROS or IGF/EGF secretion, respectively, depending on 

their biological needs. In epithelial cells, FOXO1 is typically considered a tumour suppressor 

gene due to its promotion of autophagy and apoptosis, however given our findings the presence 

of FOXO1 in the stroma may perhaps play an oncogenic role by driving RWE in the PCa 

microenvironment.  

 

4.4 Study design and limitations  

 In order to work with FFPE stromal tissue, modifications to our sample acquisition 

preparation, normalization and analysis were necessary. In terms of sample acquisition, stromal 

tissue had to be sampled close to the tumour border where the RWE response was presumed to 

be the strongest in order to avoid sampling attenuated gene expression. Similarly micro-

dissection was used to limit the amount of epithelial contamination present in the samples; 

contamination from immune and endothelial cells was not accounted for, nor were CAF-specific 

markers used to limit dissection. However based on expression counts for interleukin and NFkB 

genes (data not shown), there appears to be no immune or inflammatory profile differences 

between GP3 and GP4 samples in our cohort. 

 The quality and quantity of the stromal RNA we were able to extract was limited by the 

high degree of cross-linking and degradation in the FFPE tissue, as well by our need to 

microdissect close to the tumour border and the reduced cellular density of the stroma. In order 

for our samples to come within the detectable range of the NanoString platform, the total 

concentration of RNA was increased using multiplex amplification. Multiplex amplification is 
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not expected to bias our results due to the ratiometric nature of the statistical analysis; ratiometric 

meaning that the amplification affects both GP3 and GP4-associated stromal samples equally. 

However, even with amplification, fragmentation resulted in broad distributions of gene 

expression intensities, including a significant proportion of low intensity data.  

 The following measures were taken to deal with the broad and weak expression profiles 

that were found in these stromal samples. During normalization, the least stringent background 

correction was employed in order to avoid discarding samples and to retain as much low 

intensity expression data as possible. However, given the proportion of low intensity data and the 

broad distribution of our negative controls (See Appendix G), which is likely the result of non-

specific binding due to RNA fragmentation, mean background correction still resulted in a 

significant proportion of zero values within samples, as well as across samples for select genes. 

Those samples and genes with >50% zero values had to be removed to ensure the reliability of 

our data and to limit false positives.  

 Similar to the negative controls, the HK genes also showed a large degree of variability 

(See Appendix H), which made them not useful in the calculation of a sample content 

normalization factor. In addition to the potential influence of FFPE RNA fragmentation on the 

degree of HK expression variability, another possible explanation for the variability could be that 

HK genes that were deemed appropriate for the cancer epithelial cells in PCa show greater 

distribution in PCa stroma. Because of the unreliability of the HK genes, the geometric mean of 

the top 75 genes were used to generate a sample content correction factor. The use of the top 75 

genes minimizes the impact that non-expressed targets might have on the normalization factor. 
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However given that the expression of these genes is not likely to be consistent across samples 

either, we acknowledge that the use of this method does leave open the possibility of increasing 

the proportion of false positive results.  

Recognizing that the above normalization choices, particularly the sample content 

normalization using the top 75 genes, may have introduced some bias into our results, we chose 

to run TSP analysis in addition to our univariate screen. This method of classifier identification is 

typically performed on raw data, with the advantage being that it is not dependent on the 

admittedly arbitrary decisions that could be made when processing and normalizing the data. 

TSP analysis can be used on raw data because it compares the ordering among the expression 

values, rather than their absolute expression values. However, given the unreliability of our low 

intensity data (see Appendix G for the distribution of negative controls), the raw data still had to 

be mean-background corrected prior to TSP analysis, followed by the exclusion of genes then 

samples possessing >50% zero values. Exclusion of samples and genes with >50% zero values 

during the TSP analysis was considered necessary for two reasons. Firstly, ranks cannot be 

broken between zeroes, and secondly, not removing zeroes would have generated unreliable TSP 

pairs where one or both genes have a majority of zero values. However, despite these differences 

in data processing, analyses and gene outputs, both the nine genes identified during univariate 

analysis and the gene pair identified using TSP analysis are consistent with the observation that 

the RWE response is reduced in GP4 relative to GP3 stroma, indicating that there may indeed 

exist a robust correlation between the RWE response and GP. 
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 In contrast to the limitations stated above, the absence of a normal prostate stromal tissue 

control group does not appear to be a caveat of our study. Our classifiers will be applied to 

biopsies taken from patients diagnosed with GS 3+3 in order to confirm that there are no un-

sampled GP4 foci present. Therefore it is acceptable that the gene expression differences 

identified in our study are relative to GP3 and not to normal PCa tissue. However, there are other 

confounding variables such as age, which would have to be accounted for through age matching 

in future trials. It may also be possible that given the small amount of significant genes, FOXO1 

and ATG5/GLUT1, identified in this study, that neither or both GP3 and GP4 experience RWE, 

and comparison with a normal control is required to confirm this hypothesis.  

 

4.5 Future directions 

 Typically, biomarker research begins with a discovery phase, followed by validation and 

eventual translation of the selected biomarkers into a clinical setting. Our study represents only 

the discovery phase of this process. Recognizing the small sample number and consequently the 

large amount of variability in gene expression across our samples as the major limitations of this 

study, we recommend that future work on this project include validation of either FOXO1 

expression or ATG5/GLUT1 relative expression classifiers in a larger cohort of independent RP 

tissue samples in order to limit the likelihood of false positives and to confirm the accuracy of 

our biomarkers. Given the small number of genes that we are testing, we would recommend that 

this validation be done using RT-PCR.  
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 In order to test whether or not these classifiers are independent predictors of GP, it may 

also be necessary to correct for confounding clinicopathological features such as pre-operative 

PSA level, pathological stage, age, percentage cancer volume. If for example, elevated PSA level 

is associated with both our classifier and GP, it is possible that PSA level can partially or totally 

explain the association. Correction for such confounding factors may require stratification 

according to a specific confounding factor and a re-evaluation of the accuracy of the biomarker. 

Given the number of confounding factors, the sample size would also have to be increased. 

 We would also recommend that the expression of these classifiers be probed at increasing 

distances from the tumour border using RT-PCR or immunohistochemistry in order to determine 

the extent and intensity of the RWE. Data on the extent and intensity of the RWE response 

would allow us to determine at what distance a core would have to be sampled in order for our 

biomarkers to sample previously undetected GP4.  Once these classifiers have been validated and 

the ‘field effect’ has been determined, the next step would be to test the accuracy of our 

biomarkers in prostate biopsies. Prostate biopsies may also allow for an increase in sample input, 

thereby limiting our dependence on multiplex amplification. 

 From a biological standpoint, it may also be of interest to validate the role FOXO1 and its 

upstream signaling pathways in the control of the RWE response. The role of FOXO1 as a 

‘molecular switch’ may be probed by treating primary prostate stromal cells with ROS mimetics 

and exogenous IGF respectively, and assessing changes in gene expression of FOXO1, and its 

downstream targets, ATG5, LC3, PEPCK and glucose-6-phosphatase using qRT-PCR. Isolating 

protein lysates from those cultures, and running a Western blot probing for FOXO1 using a 
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phospho-specific antibody may also be used to assess changes in the phosphorylation status of 

the FOXO1 protein in response to ROS or IGF treatment. Additionally, localization of active 

FOXO1 to the nucleus in response to high levels of ROS may be confirmed by performing 

immunofluorescence on cultured prostatic stromal cells treated with ROS mimetics.   

 

4.6 Conclusions 

 Based on the analysis conducted, the following conclusions may be drawn. Firstly, that 

RWE-associated genes can be used to distinguish between GP3 and GP4 prostate cancers, 

indicating that GP3 and GP4 do induce different metabolic responses in their respective stroma. 

The two stromal classifiers identified in this study, FOXO1 and gene pair ATG5/GLUT1, can be 

used to distinguish between indolent and aggressive forms of PCa, with decreased expression of 

FOXO1 and increased expression of GLUT1 relative to ATG5 being associated with GP4 foci, 

and increased expression of FOXO1 and increased expression of ATG5 relative to GLUT1 being 

associated with a true GS 3+3 case. To our knowledge, there are no studies that have looked at 

the utility of RWE-associated genes in distinguishing between GP3 and GP4, making this a 

novel discovery.  

 Secondly, we report that autophagy plays a potentially large role in driving the RWE in 

GP3 stroma, and that RWE is reduced in response to GP4 relative to GP3 PCa, a finding that is 

independent of the method of data processing and which points to a true correlation between the 

RWE and GP.  
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 Thirdly, based on our protein-protein network analysis, we propose that the RWE is 

potentially controlled at the level of FOXO1, and that a reduction in RWE may be due to 

increased IGF1/PI3K/AKT1 signalling in more aggressive PCa. Thus, FOXO1 may represent an 

actionable target and a means of modulating the RWE response in PCa in future studies.  
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Appendix A:  

Correlations between GP3 and GP4, and secondary clinical characteristics: age, pre-op 

PSA, % cancer tissue volume, and pathological stage 

 

 

GP4  

 

 

Yes No 

 

 

 (N=19)  (N=15) P-value 

**Age (n=34) 61.4 (6.0) 56.3 (7.4) 0.03 

**Pre-op PSA (n=34) 9.2 (6.4) 5.3 (2.4) 0.01 

**% Cancer Tissue (n=34) 50.3 (28.5) 31.3 (25.8) 0.05 

*T stage (Pathological) (n=29)   0.01 

1 1 (6.3%) 3 (23.1%) 

 2 9 (56.3%) 10 (76.9%) 

 3 6 (37.4%) 0 (0.0%)   

*For categorical variables 

used Mantel -Haenszel test 

  

 

**For continuous variables 

used T test 

***Standard deviation in 

brackets 
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Appendix B:  

Custom RWE code-set Accession Numbers 

Gene 

 

Accession Number 

ACLY NM_001096.2 

ACTA2 NM_001613.1 

ACTB NM_001101.2 

AKT1 NM_005163.2 

ALDOA NM_184041.2 

ATG16L NM_017974.3 

ATG5 NM_004849.2 

ATM NM_138292.3 

BCL2 NM_000657.2 

BECN1 NM_003766.2 

BNIP3 NM_004052.2 

BNIP3L NM_004331.2 

CA9 NM_001216.2 

CAT NM_001752.2 

CAV1 NM_001753.3 

CLTC NM_004859.2 

CMYC NM_002467.3 

CNN2 NM_004368.2 

COL1A1 NM_000088.3 

COL1A2 NM_000089.3 

COX2 (PTGS2) NM_000963.1 

CTGF NM_001901.2 

CTSB NM_001908.3 
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CXCL12 NM_199168.3 

EGFR NM_201282.1 

EGLN1 NM_022051.1 

ENO1 NM_001428.2 

FAP NM_004460.2 

FBP1 NM_000507.3 

FGF2 NM_002006.4 

FGF7 NM_002009.3 

FOXO1 NM_002015.3 

FOXO3 NM_001455.2 

GAPDH NM_002046.3 

GLS1 NM_014905.3 

GLS2 NM_013267.2 

GLUT3 NM_006931.2 

GPD2 NM_001083112.2 

GPX4 NM_001039847.1 

GSN NM_000177.4 

GUSB NM_000181.1 

HGF NM_000601.4 

HIF1A NM_001530.2 

HIF2A NM_001430.3 

HK2 NM_000189.4 

HMGCL NM_000191.2 

HMGCS2 NM_005518.3 

HPRT1 NM_000194.1 

HSF1 NM_005526.2 

IGF1R NM_000875.2 

IGF2 NM_000612.4 
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IL1A NM_000575.3 

IL6 NM_000600.3 

IL8 NM_000584.2 

IL10 NM_000572.2 

IL17A NM_002190.2 

LAMP1 NM_005561.3 

LDHA NM_001165414.1 

LDHB NM_001174097.1 

MAP1LC3B NM_022818.4 

MMP2 NM_004530.2 

MMP9 NM_004994.2 

MONDOA NM_014938.3 

MXI1 NM_001008541.1 

NFKBIA NM_020529.1 

NFKB1 NM_003998.2 

NOS2 (iNOS) NM_000625.4 

NOS3 (eNOS) NM_000603.4 

NOX2 NM_000397.3 

NOX4 NM_001143836.1 

NRF1 NM_005011.3 

NRF2 NM_006164.3 

P4HA1 NM_000917.3 

PDGFRB NM_002609.3 

PDK1 NM_002610.3 

PFKFB3 NM_001145443.1 

PGK1 NM_000291.3 

PGM1 NM_001172818.1 

PI3KCA NM_006218.2 
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PKM1 NM_182471.1 

PRDX1 NM_002574.2 

PTEN NM_000314.3 

SIRT3 NM_012239.5 

SLC16A4 (MCT4) NM_004696.1 

SLC1A3 NM_004172.4 

SLC2A6 (GLUT1) NM_017585.2 

SNCG NM_003087.2 

SOD2 (MnSOD) NM_000636.2 

SPARC NM_003118.2 

TFAM NM_003201.1 

TGFB1 NM_000660.3 

TGFB2 NM_003238.2 

TGFB3 NM_003239.2 

TGFBR1 NM_004612.2 

TGFBR2 NM_001024847.1 

TIGAR NM_020375.2 

TIMP1 NM_003254.2 

TKTL1 NM_001145933.1 

TNC NM_002160.3 

TOMM20 NM_014765.2 

mTOR NM_004958.3 

TP53 NM_000546.2 

TPI1 NM_000365.4 

TPM2 NM_003289.3 

TUBB NM_178014.2 

VEGFA NM_001025366.1 

VIM NM_003380.2 
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Appendix C:  

MTE Primer Sequences  

Gene Symbol MTE Primer Sequences 

 FWD Primer Sequences REV Primer Sequences 

 

ACLY CAGCACTTCCCTGCCACT TCCCAGCACAAAGATGCC 

ACTA2 ATCCTGACTGAGCGTGGC GAACAGGGTCTCTGGGCA 

ACTB ACCACCATGTACCCTGGC GAAGCATTTGCGGTGGAC 

AKT1 ACGCCAAGGAGATCATGC AGAACTGGGGGAAGTGGG 

ALDOA TAAGCGGAGGTGTTCCCA GCCGACTCCCCCTTAAAT 

ATG16L AATCAGCCCCCACATCAA CATTCATGCAACCCACCA 

ATG5 TGATTCATGGAATTGAGCCA TCTGGTCAGGTTGCCTCC 

ATM GCTTCCATGTGTCCCACC TGAGGGGAATGAAAAACCAG 

BCL2 GGGAGGATTGTGGCCTTC GCCTCAGCCCAGACTCAC 

BECN1 CGAGAAGGTCCAGGCTGA TGTGCCAGATGTGGAAGG 

BNIP3 TGGACGCACAGCATGAGT CCGACTTGACCAATCCCA 

BNIP3L CGGCCTCAACAGTTCCTG TCTTCTTGTGGCGAAGGG 

CA9 TCGCTTGGAAGAAATCGC GTCCCCACAGGGTGTCAG 

CAT CAAGCAACATGCCACCTG CCACCCTGATTGTCCTGC 

CAV1 ACGAGCTGAGCGAGAAGC GATGCCAAAGAGGGCAGA 

CLTC GGAGCATCTCCAGCTCCA GGCGCTGTCTGCTGAAAT 

CMYC AACCGAAAATGCACCAGC CTCCTCTGCTTGGACGGA 

CNN2 GGGCAAGGACAGTGGAGA CAGGCTTAGCCCCAACAA 

COL1A1 CACTGGGTTCGGAGGAGA TAAAATGGGGAGCCGCTT 

COL1A2 GTGGTGAGGTCGGTCCTG GCCTCCATCACCACGACT 

COX2 

(PTGS2) 

TCCACCAACTTACAATGCTGA CTGGGGATCAGGGATGAA 
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CTGF TGGAGTATGTACCGACGGC CTGGCTTCATGCCATGTCT 

CTSB GACCGGATCTGCATCCAC GTGGTGCTCACAGGGAGG 

CXCL12 GCCGCACTTTCACTCTCC GCTTTCGAAGAATCGGCA 

EGFR AGTTTGCCAAGGCACGAG TCCACTGTGTTGAGGGCA 

EGLN1 GAAACCATTGGGCTGCTC ACCTTGGCATCCCAGTCT 

ENO1 GCCCTGTTGGCAGCTCTA TCATGGGTCACTGAGGCTT 

FAP GCAAGTGGGAGGCCATAA TGGGCCGTAGCAGACAAG 

FBP1 GCTGGACGTCCTCTCCAA TGGTTCCAACGGACACAA 

FGF2 CAAGCGGCTGTACTGCAA TCCGTAACACATTTAGAAGCCA 

FGF7 GATTCTGCTGGAGAACTTTTCA TGATAACAACACAGGATTCCTCC 

FOXO1 GCAATCCCGAAAACATGG TAGGCATCTGGGGCAAAG 

FOXO3 CAGTCGGACCCCTTGATG GAATTCGACAAGGCACGG 

GAPDH GAAGGTGGTGAAGCAGGC CTCCTTGGAGGCCATGTG 

GLS1 TTGTTTTGTTGACACAAGCATTT GAAGGGAACTTTGGTATCTCCA 

GLS2 TTCCTGATCGAGGCTTGC TCTTTGGACAGGGCCTCA 

GLUT3 GTGGGGTGGGGTGGG TCAGCCAACAAAACCTTCAA 

GPD2 CTTCTTGACCCAGCGACC GCCAGGACATCCCCTCTT 

GPX4 CCGTGTAACCAGTTCGGG TTGATGGCATTTCCCAGG 

GSN CGTGGCTGATGAGAACCC CCCTCAGGAAGGACCGAG 

GUSB CCACATGCAGGTGATGGA ATACGGAGCCCCCTTGTC 

HGF ATGCCTCTGGTTCCCCTT CCGATAGCTCGAAGGCAA 

HIF1A CACAGAAGCAAAGAACCCA GGCAGTGGTAGTGGTGGC 

HIF2A GCTGCCAAGAGGGTCTGA ACGTGGACGGGGTCACTA 

HK2 TGTTGTTGGTTTCCAAAAAGG TTCACTAGACTGAGTGCTCAAGG 

HMGCL GGGCTGTCAGCACCTCAT CCATCTGGGGAACCCACT 

HMGCS2 GGGGGCTAAAGCTGGAAG AGTGGTGGGACAGAAGCG 

HPRT1 GGACTGAACGTCTTGCTCG TCCCCTGTTGACTGGTCATT 

HSF1 GAGATGGATCTGCCCGTG TGGCCATGTTGTTGTGCT 
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IGF1R GCCCTGGTCATCTTCGAG CTGGACACAGGTCCCCAC 

IGF2 CGGCTTCCAGACACCAAT CGGGCCTGCTGAAGTAGA 

IL1A TCCTCCATTGATCATCTGTCTC TCAGAACCTTCCCGTTGG 

IL6 CATGTGTGAAAGCAGCAAAGA CTGCACAGCTCTGGCTTG 

IL8 TCCATAAGGCACAAACTTTCA CCTTGGCAAAACTGCACC 

IL10 ACAGCTGCACCCACTTCC TTCTCAGCTTGGGGCATC 

IL17A AGAACTTCCCCCGGACTG GTCCACGTTCCCATCAGC 

LAMP1 TGCCGCTCTAAATTGGCT GAAGCGCTCCAGACACTCA 

LDHA CCTTGAGCCAGGTGGATG GTTGGTTGCATTGTTTGTATGT 

LDHB CCAGGATTCATCCCGTGT CTGGATGTCCCACAGGGT 

MAP1LC3B TCTCCCACACCAAGTGCAT TTGTGACCTGCTACACATAGGG 

MMP2 TCCTCTCCACTGCCTTCG TGAGGGTTGGTGGGATTG 

MMP9 CCACTGTCCACCCCTCAG CCCCTGCCCTCAGAGAAT 

MONDOA AATCCCCGGGAAATAGCA TGTGCAGGTGGGTTGTTG 

MXI1 CAGCAGCCTGCCGAGTAT CAGGTCCTCTGACCCTTTTG 

NFKBIA CCAAGCACCCGGATACAG TTCAGCCCCTTTGCACTC 

NFKB1 GTTTGGTAGTGGCGGTGG TCACAACCTTCAGGGTCCTT 

NOS2  CAGCGGGATGACTTTCCA CACCCTGGCCAGATGTTC 

NOS3  ACTGAGATCGGCACGAGG GCTTCATGAAAGAGGCCG 

NOX2 TCCCTAGGGTCAAGAACAGG GACCACTTTGGGCAGGAA 

NOX4 CCAAGCAGGAGAACCAGG CCTGTCAGGCCAGGAACA 

NRF1 AGAAACGGAAACGGCCTC CGCACCACATTCTCCAAA 

NRF2 GCTTTTGGCGCAGACATT GCTCCTCCCAAACTTGCTC 

P4HA1 AGTTGGGCAAAGTGGCCT AAGCTTCTTTGTGAGCAAAAGTG 

PDGFRB ACTGGAGACCGATGAGCG CAGTGCAACGTCCCCTTT 

PDK1 CAGTGCCTCTGGCTGGTT CAGCCTCGTGGTTGGTGT 

PFKFB3 AATTGCGGTTTTCGATGC GTCGTCCATGGCTTCTGC 

PGK1 AGACTGGCCAAGCCACTG GGTGATGCAGCCCCTAGA 



 

 

 

93 

PGM1 TGCCAAACAAGATGCCCT TGGCCTCACTCACTGCTG 

PI3KCA AGCAAATGAGGCGACCAG TTGCCGTAAATCATCCCC 

PKM1 GAATGCTGGACTGGAGGC AGCAAGTAAGGGCCAGGG 

PRDX1 CTGCCAAGTGATTGGTGCT TGATCTGCCGAAGAATACCC 

PTEN GTGGCGGAACTTGCAATC GCATCTTGTTCTGTTTGTGGAA 

SIRT3 GAGCTGCCTGCCTGTTTG ATGAAGAGGGCTGGGGAC 

MCT4 TACCTCATCCTCTGCGGC ACAGCCATCCCAGCAAAG 

SLC1A3 GGGGCAGGATGGAGAGAT TCGGAGGGTAAATCCAAGG 

GLUT1 ACGGGGAGGACTGAGAGG TGCTGGGATTACAGGCGT 

SNCG CCCAGAGTGGGGGAGACT GAGGGAGGGCAGTGAGGT 

MnSOD GGGTTGGCTTGGTTTCAA TGCAAGCCATGTATCTTTCAG 

SPARC CTCTCCCACACCGAGCTG GAAACACGAAGGGGAGGG 

TFAM GATAACACACGCCGGAGG AGTCGACTTCCACAGCCG 

TGFB1 GGTGGAAACCCACAACGA GCTGAGGTATCGCCAGGA 

TGFB2 TCGATTTGACGTCTCAGCA AGGAGAGCCATTCGCCTT 

TGFB3 CGCAGAAGAAAGGGTGGA ACAGGGTCTTGGAGGGGA 

TGFBR1 GCCAGGAGAAATGGGGAT TGGGTCCCACAACTTCCA 

TGFBR2 GCAGGTGGGAACTGCAAG TTTCGACACAGGGGTGCT 

TIGAR CATTTCCATTTTTGGATGAGG TGGCCAAATATTGCACTTCC 

TIMP1 TCGTCATCAGGGCCAAGT GGTTGTGGGACCTGTGGA 

TKTL1 GCTCCGGCAGTTCTTCTG TGCCATTCCACATGCAAC 

TNC CTGACTGCAGCCGTGAAA AAGCAGTCATTGGGGCAG 

TOMM20 TGTGGTGCAGTGGAAGGA TCTGTACTGGTCATCCCCC 

mTOR CTCTCCTGGCCTCACGAC TGAGGTGGATGGAGGGTG 

TP53 GCTGAATGAGGCCTTGGA GAGGCTGTCAGTGGGGAA 

TPI1 CGTCACCAAGGTGGCTTC CCCTCACATGGGTGGTTC 

TPM2 GCCCAGGCGGACAAGTAT TCCTCGCTAATGGCCTTG 

TUBB TGTTCCTCGTGCCATCCT TGCAGGCAGTCACAGCTC 
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VEGFA GAGGGCCTGGAGTGTGTG TTTGCCCCTTTCCCTTTC 

VIM CTCCGGGAGAAATTGCAG GCCTGCAGCTCCTGGAT 
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Appendix D:  

Nanostring probe sequences 

Gene 

Symbol 

 Nanostring Probe Sequences 

  CP: Capture Probe Sequences RP: Reporter Probe Sequences 

 

ACLY CP: 

RP: 

GACCATCTACATTCAGGATAAGATTTGGCTTCTTCGAGGTGGTAATCTTC 

AGTAAAGGACCCACAGTTTCTAAGCATGTCTACAAATGCGACTCCGATGA 

ACTA2 CP: 

RP: 

CTCCTTGATGTCCCGGACAATCTCACGCTCAGCAGTAGTAACGAAGGAAT 

GCGGCAGTGGCCATCTCATTTTCAAAGTCCAGAGCTACATAACACAGTTT 

ACTB CP: 

RP: 

GATCTTGATCTTCATTGTGCTGGGTGCCAGGGCAGTGATCTCCTTCTGCA 

AGGATGGAGCCGCCGATCCACACGGAGTACTTGCGCTCAGGAGGAGCAAT 

AKT1 CP: 

RP: 

GGGCTGAGCTTCTTCTCGTACACGTGCTGCCACACGATACCGGCAAAGAA 

CATCAAAATACCTGGTGTCAGTCTCCGACGTGACCTGGGGCTTGAAGGGT 

ALDOA CP: 

RP: 

CACCACACACCACTGTCACGAGGGAAGAAAGAGCGCGGGCAAGCCAG 

TTATTTGGCAGTGTGCCGGAAAGGGTGATGGACTTAGCATTCACAGACGA 

ATG16L CP: 

RP: 

AACCCAAGGTGTTGGGACATGCGTTAGGCCAGAACCGACTTTGGAAGGAC 

TCGGGAGTTTCCGTTAATCCAATGCTTAAAGTGAGTTCACCGGGCAAATG 

ATG5 CP: 

RP: 

AATATGAAGAAAATTATCCGGGTAGCTCAGATGTTCACTCAGCCACTGCA 

TGTTCAGGCAAATAGTTGATCCTTCAATCTGTTGGCTGTGGGATGATACT 

ATM CP: 

RP: 

AAGGCAGGCAGTGGGAATTAAATGTACCTCCTTCCACCCCTGCCATAAAG 

GCTTTTAGCTTAGACATCTATATGGGGAGCAAAGAACCCAGGGCTTGCCA 

BCL2 CP: 

RP: 

GGGCGACATCTCCCGGTTGACGCTCTCCACACACATG 

TACTCAGTCATCCACAGGGCGATGTTGTCCACCAG 

BECN1 CP: 

RP: 

GCTCCAGCTGCTGTCGTTTAAATTCACTGTATTCTCTCTGATACTGAGCT 

CGTCTGGGCATAACGCATCTGGTTTTCAACACTCTTCAGCTCATCATCCA 

BNIP3 CP: 

RP: 

ATCTGTTTCAGAAGCCCTGTTGGTATCTTGTGGTGTCTGCGAGCG 

ATATCATCTTCCTCAGACTGTGAGCTGTTTTTCTCTCCAATGCTATGGGT 

BNIP3L CP: GGATGGTACGTGTTCCAGCCCCCCATTTTTCCCATTGCCATTATCATTGC 
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RP: TGTGCATCCAAAAGAATCTTCTCCATGTCTCCATTGTGGATGGAGGATGA 

CA9 CP: 

RP: 

CGGCTGAAGTCAGAGGGCAGGAGTGCAGATATGTC 

CACAGGGCGGTGTAGTCAGAGACCCCTCATATTGGAAGTAG 

CAT CP: 

RP: 

AGGCGATGGCGGTGAGTGTCAGGATAGGCAAAAAGGCGGC 

CTCGAGCACGGTAGGGACAGTTCACAGGTATATGAAGATAATTGGGTCCC 

CAV1 CP: 

RP: 

TCAAAGTCAATCTTGACCACGTCATCGTTGAGGTGTTTAGGGTCGCGGTT 

TCCAAATGCCGTCAAAACTGTGTGTCCCTTCTGGTTCTGCAATCACATCT 

CLTC CP: 

RP: 

CAGACTCCATAGTCAGGGTACTGAAGCCAATGTTTGCTGGGTTGATACCC 

TACCACCTGGGCCTGCTCTCCTACTTTTTCTCTAATGCAGATGAATTTGT 

CMYC CP: 

RP: 

CGCTCCAAGACGTTGTGTGTTCGCCTCTTGACATTCTCCTCGGTG 

TCTGGTCACGCAGGGCAAAAAAGCTCCGTTTTAGCTCGTTCCTCCTCTGG 

CNN2 CP: 

RP: 

ACTTGGGAGCCGGAGATATTTAACATCACGGCCCGGTCCC 

GGTCTGAAGTCTGTTGATCTGAAGGTCCTAGGCAAATCCAGTC 

COL1A1 CP: 

RP: 

GCCCTGCGGCACAAGGGATTGACACGCGTTCCCCAAATCCGATGTTTCTG 

GTCTTTCAGCAACACAGTTACACAAGGAACAGAACAGTCTCTCCCGCCCA 

COL1A2 CP: 

RP: 

TTTAGCACCAGGTTGACCAGCAGCACCAGCAGGACCAGCAAATCCATTGG 

GGACCAACAACACCGTTTTCACCCTTAGGCCCTTTGGCTCCTCTTTCTCC 

PTGS2 CP: 

RP: 

GGCTCTAGTATAATAGGAGAGGTTAGAGAAGGCTTCCCAGCTTTTGTAGC 

TTACCTTTGACACCCAAGGGAGTCGGGCAATCATCAGGCACAGGAGGAAG 

CTGF CP: 

RP: 

TTCTTCATGACCTCGCCGTCAGGGCACTTGAACTCCACCGG 

CTCCGGGACAGTTGTAATGGCAGGCACAGGTCTTGATGAACATCATGTTC 

CTSB CP: 

RP: 

GAAGTTCCAAGCTTCAGCAGGATAGCCACCATTACAGCCGTCC 

CCTACATGGGATTCATAGAGGCCACCAGAAACCAGGCCTTTTCTTGTCCA 

CXCL12 CP: 

RP: 

CAGCACGACCACGACCTTGGCGTTCATGGCGCGGGCGGGCG 

CCCGTCGCTGAGGCAGAGCGCGGTCAGCACGAGGAC 

EGFR CP: 

RP: 

AACATCCTCTGGAGGCTGAGAAAATGATCTTCAAAAGTGCCCAACTGCGT 

TCTGCACATAGGTAATTTCCAAATTCCCAAGGACCACCTCACAGTTATTG 

EGLN1 CP: 

RP: 

GCTTCCCGTTACAGTGGCGTATCAGGTCGTCCATG 

ACCATGGCTTTCGTCCGGCCATTGATTTTGTAGCTGCCCA 

ENO1 CP: GACACGAGGCTCACATGACTCTAGACACTTGGTGGAAAGTGAGGCGAGAA 
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RP: ATTTTGAGCACAAAACCACCGGGGATCTAGCCTGTGGCCACCCCGGAGAT 

FAP CP: 

RP: 

CCTTAGATGGCAAGTAACACACTTCTTGCTTGGAGGATAGCTTCCAATGC 

TACTTGGCGTAGTCGCTGAAACTTGCTGTGTAATATTGGCACCTTTCTTT 

FBP1 CP: 

RP: 

GGCGTGTTTATCTTCTTCTGACACGAGAACACACGTGGCAAAGGATGACT 

GGATCAAAACAGACCACATATTTACCCCTTTTCTCCGGTTCCACTATGAT 

FGF2 CP: 

RP: 

TCTTCTGCTTGAAGTTGTAGCTTGATGTGAGGGTCGCTCTTCTCCCG 

TAGCCAGGTAACGGTTAGCACACACTCCTTTGATAGACACAACTCCTCTC 

FGF7 CP: 

RP: 

TATATAAGAATTCCATGTCTGTTGTCTGCCTGGTGCAACTTGAGCCTTTC 

GCTGTGACGCTGTTTGCTATTTGACTTTTGTTTTGTTGCTAACAGCTGGA 

FOXO1 CP: 

RP: 

GGTGCCAGGTGAGGACTGGGTCGAAACAGTTAATGATGTTGGTGATGAGA 

AAACTGGTGTTTGGTGGCGCAAACGAGTAGCACGGCGTCTGCTGCATCAT 

FOXO3 CP: 

RP: 

GCTGGGCAGCAAAGGACATCATCGGATCATTGCGAAGCATCACGTTCCGG 

TTGGTGCTGGTGGTGGAGCAAGTTCTGATTGACCAAACTTCCCTGGTTAG 

GAPDH CP: 

RP: 

AAGTGGTCGTTGAGGGCAATGCCAGCCCCAGCGTCAAAG 

CCCTGTTGCTGTAGCCAAATTCGTTGTCATACCAGGAAATGAGCTTGACA 

GLS1 CP: 

RP: 

ACTGAATTTGGCCAGTTGAGGAATATAATCTGCAACCTTTCCTCCAGACT 

GAATGCCTCTGTCCATCTACTGTACAAACAGACACACCCCACAAATCGGG 

GLS2 CP: 

RP: 

AAGCAGTTTGACCACCTCCAGATGGTTGAACTGCACAGCATCATC 

CCTGAGTTTCAGAGAGTGTGTAGGAGTCCTGGTAATCTTG 

GLUT3 CP: 

RP: 

TTATAATCTCCGCAAAGGGTGGAGCCTGAAAGGGCGACAAGCCCCCAG 

CAAAGTCTTACCATTACAGCATCTCTGGGTCTCGCTGGGATCATGACTAT 

GPD2 CP: 

RP: 

GCGATCGTCATCTTTTGCCAGGGTAAGAAGAAAATAACTCGCCCATCACT 

CTGAAGGAATTGGATGGTGTGTAACATCAGTTGGAGTATCAGTAGTGCCA 

GPX4 CP: 

RP: 

TTTGACGTTGTAGCCCGCGGCGAACTCTTTGATCTCTTCGTTACTCC 

GTGGGCGTCGTCCCCGTTCACGCAGATCTTGCTGAACATATCGAA 

GSN CP: 

RP: 

CTCTCCTCCGTGTTTGCCTGCTTGCCTTTCCAGACAAAGATTTTCCCATC 

TAGTCCATCTTGGTGATGAAGTCAGAGGCTGTTTTGAGGGCAGCCTTC 

GUSB CP: 

RP: 

AGATTCTAGGTGGGACGCAGGCTCGTTGGCCACAGA 

TCCAAGGATTTGGTGTGAGCGATCACCATCTTCAAGTAGTAGCCAGC 

HGF CP: ACTCTTAGTGATAGATACTGTTCCCTTGTAGCTGCGTCCTTTACCAATGA 
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RP: AAGCTGTGTTCGTGTGGTATCATGGAACTCCAGGGCTGACATTTGATGCC 

HIF1A CP: 

RP: 

TCTAATGGTGACAACTGATCGAAGGAACGTAACTGGAAGTCATCATCCAT 

CTGTAACTGTGCTTTGAGGACTTGCGCTTTCAGGGCTTGCGGAACTGCTT 

HIF2A 

 

CP: 

RP: 

TGTCCAAATGTGCCGTGTGAAAGACCATCCGAGTCACATAGCTCAGTGCA 

CCTCATTTGCATGAATTCCCGTCTAAACCATCTCATGGTAGTTCTGGAAA 

HK2 CP: 

RP: 

TTTACACAAAGCAAAGCCATGTCAGCAAGGGACTGTCAACCTGATTCTGA 

TTTGAGATGATTCGCTATTCATCACACCCCGAAGATTGAGATCCACTGTA 

HMGCL CP: 

RP: 

TATTCTTTTCATTTTGTAGTCCATCTCGGGGACCAACTTCCACAATTTTC 

TGCTTCAGAAAGCATGTCTATCAGCTTGATTTTCACTGGAGTAGATACGA 

HMGCS2 CP: 

RP: 

ACATGTCCTGAGAGGCCTTTAGAAGTGCTTTATCCAGGTC 

CCATTGTGAGTGGAGAGGTAAAGGGAAGCCTTGGTTTTCTTGTCGA 

HPRT1 CP: 

RP: 

TGAGCACACAGAGGGCTACAATGTGATGGCCTCCCATCTCCTTCATCACA 

CAGTGCTTTGATGTAATCCAGCAGGTCAGCAAAGAATTTATAGCCCCCCT 

HSF1 CP: 

RP: 

GTCCACAGCTTGGTCAGGAAGGCCGGGACGTTGCT 

AGATGAGCGCGTCGGTGTCCGGGTCGCTCACGAGG 

IGF1R CP: 

RP: 

TGGAGAGGTAACAGAGGTCAGCATTTTTCTCAATCCTGATGGCCCCCCGA 

CACAATGTAGTTATTGGACACCGCATCCAGGATCAGGGACCAGTCCACAG 

IGF2 CP: 

RP: 

GCACGAGGCGAAGGCCAAGAAGGTGAGAAGCACCAGCATCGACTTCCC 

CACAGGGTCTCACTGGGGCGGTAAGCAGCAATGCA 

IL1A CP: 

RP: 

TTTCAGAGATACTCAGAGACACAGATTGATCCATGCAGCCTTCATGGAGT 

TGCTACTACCACCATGCTCTCCTTGAAGGTAAGCTTGGATGTTTTAGAGG 

IL6 CP: 

RP: 

CATCTTTTTCAGCCATCTTTGGAAGGTTCAGGTTGTTTTCTGCCA 

GATGATTTTCACCAGGCAAGTCTCCTCATTGAATCCAGATTGGAAGCATC 

IL8 CP: 

RP: 

CCGGTGGTTTCTTCCTGGCTCTTGTCCTAGAAGCTTGTGTG 

AGCCACGGCCAGCTTGGAAGTCATGTTTACACACAGTGAGATGGTTCCTT 

IL10 CP: 

RP: 

AAGTCCTCCAGCAAGGACTCCTTTAACAACAAGTTGTCCAGCTGATCCTT 

GGTAAAACTGGATCATCTCAGACAAGGCTTGGCAACCCAGGTAACCCTTA 

IL17A CP: 

RP: 

GGGTCCTCATTGCGGTGGAGATTCCAAGGTGAGGTG 

GCACTTTGCCTCCCAGATCACAGAGGGATATCTCTCA 

LAMP1 CP: ATGCGTCCTACGTGTGACGGCCAGAGGCTTTCCCTTTGTAAGGCTTAAAT 
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RP: TGTTGTAATGTGTGAGCATGTCAGCCTCACCACGAGTGACCTTC 

LDHA CP: 

RP: 

CTGGGAAAAAATGTTGGACTAGGCATGTTCAGTGAAGGAGCCAGGAAGTT 

GCACAAGACATGATATTGGATTTATACACTGGATCCCAGGATGTGACTCA 

LDHB CP: 

RP: 

TGGTTAATCCCCGGGCATTGAGGATACATGGAAGGCTCAGGAAGACTTCA 

TTTCTTGAGCTGAGCAACCTCATCATCCTTTAGCTTCTGGTTGATAACGC 

LC3B CP: 

RP: 

TGAGGAGGTTTAACTCTTGACATTAGTATCTGTAAAGAGCGTACGGCTCT 

AACCCCATGCAAGTACTGGGAAGCACTAGTCTTTTATCACAGGTTGAACC 

MMP2 CP: 

RP: 

AATGCTGATTAGCTGTAGAGCTGAAGGCACGGCTGCCAGG 

CACCGGGAGGAGCCACTCTCTGGAATCTTAAATTACCAGGTAGGAGTGAG 

MMP9 CP: 

RP: 

AGATGTTCACGTTGCAGGCATCGTCCACCGGACTCAAAGGCACAG 

CCCATCCTTGAACAAATACAGCTGGTTCCCAATCTCCGCGATGGCGTCGA 

MLXIP CP: 

RP: 

AAAGGCTCAAAGGTGTCCATGAAGTCCAGGTTAGGCTGCAAAGGAATCAG 

CAGGTAGCATGGAGCCAAAAATGGAGCGGCTAGAAGAGAAGAGGTCCTGG 

MXI1 CP: 

RP: 

GAAGTGAATGAAAGTTTGACACTGGCACTGGAGTAACCCTCGTCACTCCC 

TGGCCCAGTGAATATTTTGCCCTGCACTGTTATGTCATGCTGGGTTCTAT 

NFKBIA CP: 

RP: 

CCTCTGTGAACTCCGTGAACTCTGACTCTGTGTCATAGC 

GCCTCCAAACACACAGTCATCATAGGGCAGCTCGT 

NFKB1 CP: 

RP: 

AAGTAATCCCACCATAAGTAGGAAATCCATAGTGTGGGAAGCTATACCCT 

CATGGTTCCATGCTTCATCCCAGCATTAGATTTAGTAGTTCCAGGATGGA 

NOS2  CP: 

RP: 

CCCTGGGTCCTCTGGTCAAACTTTTGGGAGTCATAATGGACCC 

GACAAATTCGATAGCTTGAGGTAGAAGCTCATCTGGAGGGGTAGGCTTGT 

NOS3 CP: 

RP: 

CGTTGATTTCCACTGCTGCCTTGTCTTTCCACAGGGACGAGG 

CGATGGTGACTTTGGCTAGCTGGTAACTGTGCAGCACGGCCA 

NOX2 CP: 

RP: 

TGGCAGGAGGTTAATTCTCCACCTCCAACCCTCTTTTTTCATGCTTCAAA 

TCTGCATTTATTTTATAGCACAAGGAGCAGGACTAGATGAGCCAGAGTCA 

NOX4 CP: 

RP: 

AGATGGGCAGCCACATGCACGCCTGAGAAAATACAGATAGTAACACCACA 

GTTCAACAAAGTCTTCACTGTAATTCACTGAGAAGTTGAGGGCATTCACC 

NRF1 CP: 

RP: 

GTTTCCGAAGCAAACGTGTTTGTTGCCTCTTCCGGATAGATGGATTAGAC 

AATAGCTTGCTGTCCCACACGAGTAGTATATTCATCTAACGTGGCTCGAA 

NRF2 CP: ACTGAGCCTGATTAGTAGCAATGAAGACTGGGCTCTCGATGTGACCGGGA 



 

 

 

100 

RP: CATACCGTCTAAATCAACAGGGGCTACCTGAGCAACAGAAGTTTCAGGTG 

P4HA1 CP: 

RP: 

CAGAGACTTTATCTATGGTAGAAATCTCGCCTTCATCCAGTTGCCTTAGG 

CTTATCCAGGTCTCCCTGCTGATATACCGCATAGCTCAAATAATCTAGAA 

PDGFRB CP: 

RP: 

CCGTGAGAAAGATGAATAGTTCCTCGGCATCATTAGGGAGGAAGCCCACG 

CACCAGCTGTGGGTCTGTTACTCGGCATGGAATGGTGATCTCAGTTATTT 

PDK1 CP: 

RP: 

TCAGGTCTCCTTGGAAGTATTGTGCGTAAAGACGTGATATGGGCAATCCA 

CTTAATGTAGATAACTGCATCTGTCCCGTAACCCTCTAGGGAATACAGCT 

PFKFB3 CP: 

RP: 

AGGCCACAACTGTAGGGTCGTCGCACACCGACTCGATGAAAAACGCCTTA 

GTTGCAGTCTTTGTAATCCGGGCTGGAGATTTTAACTTCCATGATATTGG 

PGK1 CP: 

RP: 

ACTTCTTGCTGCTTTCAGGACCACAGTCCAAGCCCAT 

CATTCCACACAATCTGCTTAGCCCGAGTGACAGCCTCAGCAT 

PGM1 CP: 

RP: 

TGAAAAGGAATTGAGATTGATCTAAGCCCGCAGGTCCTCTTTCCCTCACA 

CTGATGGCTAAGGAGACAAATACCCACGCAGCAGCAATGCAGGAGGGCA 

PI3KCA CP: 

RP: 

ACAGTGGCCTTTTTGCAGAGGACATAATTCGACACTCTTCAAGCCTGAGG 

GTTCTGAAACAGTAACTCTGACATGATGTCTGGGTTCTCCCAATTCAACC 

PKM1 CP: 

RP: 

GGAACTGGACAGAGTACACACAGGAAAGGAAGCTGTCACCCTCTTGCCAT 

TTGACCCCAAGCCAGGGTTGGGAGTCCTCTGGGCATCCATTTTTTCTAAA 

PRDX1 CP: 

RP: 

CTGAGCAATGGTGCGCTTCGGGTCTGATACCAAAGGAATGTTCATGGGTC 

AAAAGGCCCCTGAACGAGATGCCTTCATCAGCCTTTAAGACCCCATAATC 

PTEN CP: 

RP: 

TGGGTCCTGAATTGGAGGAATATATCTTCACCTTTAGCTGGCAGACCACA 

AGGTAACGGCTGAGGGAACTCAAAGTACATGAACTTGTCTTCCCGTCGTG 

SIRT3 CP: 

RP: 

AACTAGGCACAGAAAGCAGACTCGGTCTGGGATTCCAGTTGGTCT 

CCCAAGTCTGGATCTTGTAACCAACAGATGCCGAGCTTGCCGTTC 

MCT4  CP: 

RP: 

CAGATGGTGTAGGTCATAAGTAGTGGAAATGTGGTGGCTAAAGGAGCAAG 

CCAGTACAGGCAGTATCAATGCCAGGTAACCACCAGCAAAGATGGCAAAG 

SLC1A3 CP: 

RP: 

GTAACTTTTAACATCCTCCTTTGTAATGTTCTGCACTTTCTTCTTGGCCA 

CCCACAATGACAGCGGTGACTGTGAGCAGCACAAAAGCATTCCGAAACAG 

GLUT1 CP: 

RP: 

CCAGATGCCACCAGATCAGAGCGCGATGATATGACTACGTTACTTGGCTG 

TGCCCATAAGACTTGTGAGGGCAAAGCCGGGTCTTCCTTGCACAG 

SNCG CP: AGGGGATGGTGTCCAAGGCAGAGGAGCGCTCTTCAG 
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RP: CGCATGTCACTCAAGGCGGGCACTCCTTGTGCTAGG 

MnSOD 

 

CP: 

RP: 

AGTGGAATAAGGCCTGTTGTTCCTTGCAGTGGATCCTGATTTGGACAAGC 

CATTTTTATACTGAAGGTAGTAAGCGTGCTCCCACACATCAATCCCCAGC 

SPARC CP: 

RP: 

CTCATCCAGGGCGATGTACTTGTCATTGTCCAGGTCACAGGTCTCGAAAA 

CGATATCCTTCTGCTTGATGCCGAAGCAGCCGGCCCA 

TFAM CP: 

RP: 

CATCGCTCCGGTGGATGAGGCAGTGACCCGACCCCAAT 

CAGGGCACTCAGCACGCCCCACATGCTTCGGAGAAACGC 

TGFB1 CP: 

RP: 

ACGGGTTCAGGTACCGCTTCTCGGAGCTCTGATGTGTTGAAGAACATATA 

CACTTTTAACTTGAGCCTCAGCAGACGCAGCTCTGCCCGGGAGAGCAAC 

TGFB2 CP: 

RP: 

GGACTTGAGAATCTGATATAGCTCAATCCGTTGTTCAGGCACTCTGG 

TTCACAACTTTGCTGTCGATGTAGCGCTGGGTTGGAGATGTTAAATCTTT 

TGFB3 CP: 

RP: 

TGACCTGGAAGGCGTCTAACCAAGTGTCCAAGGGGAAATATGATCGAGGG 

CCCATAATGCCCCAAGGCTGCATGGAACCACAATCCAGAAATGTGCATCC 

TGFBR1 CP: 

RP: 

CAGAAAGGATGGACCAGGGATGTCTATGCCTCACTAAGTCGTATTTCCCC 

AGGGACCAGCAAGCAGGAGAGCAGGTTCCAAGAAACAGCTGGAGA 

TGFBR2 CP: 

RP: 

AGCCATGGAGTAGACATCGGTCTGCTTGAAGGACTCAACATTCTCCAAAT 

TTTACTTCTCCCACTGCATTACAGCGAGATGTCATTTCCCAGAGCACCAG 

TIGAR CP: 

RP: 

TTTATGTGCTTCCCCTAATATGAGCATGTCCTTGCTGAGTATGACATAGC 

TAAGCCATGGAATGGGTGTGAGATGCACTGTTCTCTCAGGGATATCTTAC 

TIMP1 CP: 

RP: 

TCTCATAACGCTGGTATAAGGTGGTCTGGTTGACTTCTGGTGTC 

AGCGGCATCCCCTAAGGCTTGGAACCCTTTATACATCTTGGTCATCTTGA 

TKTL1 CP: 

RP: 

TCCGGATTCTCTGGATCTGACTGCTTGTACCTCATGATGTAGAAGAACAG 

TTGCCACATCCACAAACGACAGTCTCTTTGCGAGGACAAATCGGTCGTTG 

TNC CP: 

RP: 

GACACAGAGGCTTGTTGCAGTCATCGCCTGCAAAG 

TCATTCTCCACGCATCGTCCACGGTTGTAGCAATTGTTGA 

TOMM20 CP: 

RP: 

GTTCAAAGATGAAATGTGATTTGTTCAAGGCTGTGCGGCTAATCAGAGGC 

CCCGAGAAAAGTCCTCAAATGTGAGTCGCCTAGTCTAACAGTAGAGGTAA 

mTOR CP: 

RP: 

AGAGTGGCCTTCAAATTCAAAGCTGCCAAGCGTTCGGAGGGCAAGAGTGA 

TGCTCACTGTTCAGGAAATGATCCGCACAGTGGCGAACAAATTGGGTCAG 

TP53 CP: TAGACTGACCCTTTTTGGACTTCAGGTGGCTGGAGTGAGCCCTG 
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RP: GTCTGAGTCAGGCCCTTCTGTCTTGAACATGAGTTTTTTATGGCGGGAGG 

TPI1 CP: 

RP: 

CTAGGGCCTAGGGAACCCAGGAGCAAATCCCACCACGCCTTCCATCTCTC 

CTTGGCCTCACGGTGTAAGAAGGGAGAGGATGGTTTCTCTTCTGCCCTCA 

TPM2 CP: 

RP: 

CTCCTTCAGCTTCTCCTCCAACAGTTTGATCTCCT 

CACAGACCTCTCGGCAAACTCTGCTCGGGTCTCAGC 

TUBB CP: 

RP: 

AAAAGGACCTGAGCGAACAGAGTCCATGGTCCCAGGTTCTAGATCCAC 

CCTGCCCCAGACTGACCAAATACAAAGTTGTCTGGTCTAAAGATCTGGCC 

VEGFA CP: 

RP: 

TGGCCTTGGTGAGGTTTGATCCGCATAATCTGCATGGTGATGTTGGACTC 

TCTGCATTCACATTTGTTGTGCTGTAGGAAGCTCATCTCTCCTATGTGC 

VIM CP: 

RP: 

CTGAAAGATTGCAGGGTGTTTTCGGCTTCCTCTCTCTGAAGCATCTCCTC 

CTTTGCGTTCAAGGTCAAGACGTGCCAGAGACGCATTGTCAACATCCTGT 
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Appendix E:  

Normalization code used to process our raw Nanostring data: 

ndat_norm_wmatrix <- NanoStringNorm( 

     x = ndat, 

     CodeCount = 'geo.mean', 

     Background = 'mean', 

     SampleContent = 'top.geo.mean', 

     round.values = TRUE, 

     return.matrix.of.endogenous.probes = T) 
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Appendix F:  

 

Plot of the log2 raw expression values for six built-in positive controls ranging from a 

concentration of 110fM to 0.1fM. The correlation between positive control concentration and 

log2 count is linear.  
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Appendix G:  

 

Plot of the log2 raw expression values for eight built-in negative controls. The broad distribution 

is likely due to the fragmentation of small input samples. Similar to the positive controls, the 

broad distribution of the negative controls indicates that the low intensity data is going to be less 

reliable. 
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Appendix H:  

 

Plot of the log2 raw expression values for the five selected HK genes. Distribution of expression 

values is very broad within each gene; HPRT1 and TUBB have particularly long whisker ranges 

of 5000. The very broad distribution of these housekeeping genes in stromal tissue made them 

unamendable to the calculation of normalization factors; therefore normalization factors were 

calculated using the geometric mean of the top 75 genes within a sample. 


