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Abstract 

Introduction 

Several unmet needs currently persist in advanced prostate cancers. Despite 

recent discoveries, such as identification of deficient DNA repair pathways as a 

key driver of prostate tumour development, relatively few precision medicine 

approaches are available. Robust genomics is critical to characterise and identify 

such subsets, but there are key limitations that must be addressed such as 

tumour purity and heterogeneity. Additionally, for men without a genomic 

stratification, treatment options may be limited to aggressive chemotherapies 

such as taxanes, which currently have no genomic biomarkers to improve patient 

stratification.  
 

Results 

In this study, I first show how key DNA-repair subtypes of prostate cancers 

(~35% of cases) can be characterised using copy-number and microsatellite 

analysis of targeted panel sequencing data. Both data types were well correlated 

with orthogonal methods. I found that tumour heterogeneity (observable at the 

single cell-level via pathological analysis) limited the detection of copy-number 

events from bulk sequencing. I went on to explore tumour purity estimation in 

cell-free DNA sequencing of mCRPCs treated with taxanes, and found that 

baseline purity measurements were strongly associated (p<0.001) with survival in 

both univariable and multivariable analyses. Additionally, I found significant 

longitudinal shifts (p<0.001) in tumour purity between responders and non-

responders to therapy. 

 

I sought to test specific genes and genomic loci in this cohort of taxane-treated 

samples, and found that copy-changes of several genes including members of 

the tubulin gene family had associations with changes in survival. Additionally, I 

identified several genomic loci with strong associations with dug response status. 

As these studies are limited by tumour heterogeneity, I analysed a cohort of 

single cells, which allowed for a high-resolution examination of tumour sub-

clones. These data displayed variable genomic heterogeneity, with clinically 

relevant alterations identified at the sub-clonal level. Importantly, I found changes 

in sub-clonal proportions could be observed longitudinally at the copy number 

level.  
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Conclusions 

In summary, I show here methods for characterising the 30-40% of mCRPC that 

may respond to DNA-repair targeting therapies targeted sequencing, before 

going on to illustrate similar approaches, and potential future biomarkers, for 

taxane chemotherapies. Future validation of these will be key in improving taxane 

response rates. Additionally, while tumour purity correction is a limiting factor in 

tumour NGS, it also presents as a potentially useful clinical marker of tumour 

burden. Key to genomic studies of mCRPC is sample selection, and I showed 

that single-cell analyses and micro-dissection can be employed to bypass issues 

of tumour heterogeneity and purity by directly revealing clinically relevant 

alterations present at levels undetectable by traditional bulk sequencing methods. 

In the future, adoption of these methods will improve patient stratification and 

monitoring of cancer progression. 
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 Introduction 

1.1 CRPC Background  

1.1.1 Epidemiology of the Disease 

Prostate tumours are the most common male cancer, accounting for around 10% 

of all cancer diagnoses worldwide. Around 80% of men over the age of 80 in 

Europe will experience some form of the disease (Kirby et al., 2011; Litwin and 

Tan, 2017; Marta et al., 2013). The reported incidence of prostate cancer differs, 

however, due to variable implementation of screening and early detection 

procedures.  

 

There is a significantly higher likelihood of developing prostate cancer in 

individuals with positive family histories of the disease, suggesting a strong 

inherited genetic component (Goldgar et al., 1994). In addition the prevalence of 

the disease seems to be linked with environmental risk factors, as suggested by 

the rise in prostate cancer risk among immigrants to western countries (Marta et 

al., 2013; Marugame and Katanoda, 2006).  

 

While most cases are relatively slow growing and non-invasive, a minority of 

tumours (~25%) present a faster growing and lethal phenotype and this 

combined with the overall high frequency of the disease presents a challenge for 

physicians in both identification and treatment (Attard et al., 2016; Rodrigues et 

al., 2017).     

1.1.2 Clinical Overview of the Disease 

The prostate is a component of the male reproductive system; a hormone-

controlled gland located in the pelvis of men adjacent to the bladder and rectum. 

Tumours that develop in the prostate are initially confined to the gland itself.  

 

These locally confined, low-grade tumours are often monitored by ‘active 

surveillance’ – sporadic examinations and biopsies – due to their indolent nature. 

Aggressive therapies are therefore unappealing and unnecessary (Filson et al., 

2015; Rodrigues et al., 2017). Androgen deprivation therapy (ADT) is used to 

control prostate tumour growth by chemical castration and offers substantial 
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benefit (Mottet et al., 2017). Surgical resection or radiotherapy also offer benefits 

to men with higher grade (more active) and improve outcomes, albeit with 

associated morbidities (Litwin and Tan, 2017; Tosoian et al., 2015). In many 

men, these measures will be sufficient to control the tumour, and frequently 

effectively cure the disease itself (Mottet et al., 2017).  

 

Cancer that has metastasized from the prostate is treated initially with hormone 

modulation – more androgen deprivation – until resistance inevitably emerges, 

becoming castration-resistant prostate cancer (CRPC) (Kirby et al., 2011; 

Lorente et al., 2015). It is important to note that while metastatic spread (as a part 

of tumour growth) and the emergence of castration resistance (in response to 

ADT) are separate processes, almost all castration-resistant tumours feature 

some metastatic spread (Kirby et al., 2011).  

 

 

Figure 1-1 Emergence of resistance to therapies in CRPCs. 

Despite temporary responses to anti-androgen therapies and other chemotherapeutic agents, prostate tumours 

that become castration-resistance inevitably progress on treatment. Temporary tumour shrinkage is a common 

feature of the disease, with durable responses of many months observed in some cases, but true curative 

therapy is unusual when the disease has developed castration resistance.  

The most common metastatic sites include nearby pelvic bone marrow (~80% of 

cases), distant lymph nodes (~10%), and liver (~10%); visceral disease 

(metastatic spread to organs) has a significantly worse prognosis than cases 

restrained to bone or lymph modes (Gandaglia et al., 2014, 2015; Pezaro et al., 

2014). Second line therapies including more complete androgen receptor 

signalling blockade (abiraterone and enzalutamide), immunostimulation 

(sipleucel-T) and tubulin-binding drugs (taxane chemotherapies) may slow 
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disease progression and improve survival (Litwin and Tan, 2017; Rodrigues et 

al., 2017). 

 

Nearly all individuals with mCRPC will eventually develop resistance to these 

therapies (Figure 1-1). The optimal sequence of treatments for CRPC is not yet 

well understood, due to the limited set of approved therapies, a lack of 

comparative trials, and an absence of predictive biomarkers (Lorente et al., 2015; 

Sartor and de Bono, 2018). Only recently have true ‘precision medicine’ 

approaches been successfully applied in the care of men suffering from 

advanced prostate tumours (Mateo et al., 2015). Cancers are fundamentally 

genomic diseases, and developing the future of prostate cancer therapeutics will 

require an understanding of the driving molecular and genomic forces behind 

each individual tumour. 

1.2 The Genomic Basis of CRPC 

1.2.1 The Primary Prostate Cancer Genome 

Inherited genetic factors contribute significantly to prostate cancer initiation: 

inherited factors can be linked to up to 50% of prostate cancer risk (Mucci et al., 

2016; Pritchard et al., 2016). Around a hundred common variants in the genome 

have been identified in genome-wide association studies as conferring a mild 

increase in risk of prostate cancer when mutated (Cheng et al., 2017; Eeles et 

al., 2014). In addition, aberrations in a small subset of genes (such as BRCA1/2) 

radically increase prostate cancer risk for those affected by them and increase 

risk of developing severe disease. Around 8% of lethal metastatic prostate 

tumours feature an inherited defect in a small number of genes involved in DNA-

repair, an enriched frequency compared to ~1% in non-lethal primary tumours 

(Attard et al., 2016; Pritchard et al., 2016).  
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Figure 1-2 Molecular subtypes of primary prostate cancers. 

Primary tumours can be grouped into ETS fusion-positive (red-yellow) and fusion-negative (blue-green). In 

around a quarter of cases a clear subtype is not easily identified. Area shown for each subtype relates to 

estimated proportion of tumours in that group (Cancer Genome Atlas Research Network, 2015; Rodrigues et al., 

2017).  

The Cancer Genome Atlas study analysed 333 primary prostate cancers and 

identified a number of recurrent aberrations that could be implicated in early 

tumour development, defining seven broad subclasses (Cancer Genome Atlas 

Research Network, 2015). The largest subclass is characterised by gene fusions 

of E26 transformation-specific family genes (ERG, ETV1, ETV4, or FLI1) with 

androgen receptor-regulated promoters (such as TMPRSS2) that occur in a 

mutually exclusive pattern. The fusions that characterise this group of tumours 

are not limited to single genes, and may occur at multiple sites during a 

simultaneous event (Berger et al., 2011).  

 

The remaining three subtypes are defined in turn by the presence of variants in 

SPOP, FOXO1 and IDH1. However, there remain prostate tumours that do not fit 

any of these criteria (Figure 1-2) (Cancer Genome Atlas Research Network, 

2015; Rodrigues et al., 2017). Mutations in other key oncogenic pathways (cell 
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cycle, growth, migration) have also been frequently observed in primary tumours 

(Fraser et al., 2017; Teply and Antonarakis, 2017).  

 

Tumours that develop into CRPC typically retain mutations acquired during 

earlier development and acquire a wide array of additional changes. Compared 

to other cancer types, CRPCs generally feature relatively modest numbers of 

somatic point mutations and small insertions/deletions (a mutation rate of ~4-5 

per megabase), and a greater number of structural variants, including fusions 

and large copy-number events (one recent study observed ~230 structural events 

per sample) (Baca et al., 2013; Greenman et al., 2007; Robinson et al., 2015; 

Viswanathan et al., 2018).  

1.2.2 Androgen Signalling and the Androgen Receptor 

The most frequently identified genomic feature of CRPCs is an alteration of the 

androgen receptor signalling pathway. Detectable aberrations are present in 

~70% of tumours and promote downstream functions of the pathway. In contrast, 

primary tumours have very few of these alterations (Robinson et al., 2015). 

Events in this pathway largely occur due to the selective pressure of initial ADT, 

highlighting the lengths that CRPCs go to ‘escape’ androgen blockade. Artificial 

reactivation of the AR pathway in hormone-sensitive prostate tumours is 

sufficient to convert the tumour to a castration-resistant phenotype (Chen et al., 

2004). Prostate tissue requires androgen signalling to grow and thrive: and so do 

prostate tumours.  

 

The androgen receptor (AR) is a nuclear receptor of androgen steroid hormones 

(such as testosterone) and functions as a DNA-binding transcription factor that 

regulates transcription of a wide variety of genes (Tan et al., 2015). The protein is 

made up of three main domains: the C-terminal ligand binding domain (LBD), the 

DNA binding domain (DBD), and the N-terminal domain (NTD). Following binding 

of androgen molecules to the LBD, a conformational change in the protein occurs 

leading to translocation to the nucleus. The AR then binds to specific promoter 

and enhancer elements (a hormone-response element) in the genome by the 

DBD, resulting in transcriptional modulation by the NTD (Cutress et al., 2008; 

Tan et al., 2015). The truncated NTD is constitutively active; with the LBD 

regulating full length AR through the presence of bound androgens. This 

‘classical pathway’ – the ability to function as a transcription factor - is modulated 
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by coregulators and itself regulates the expression of numerous genes (Davey 

and Grossmann, 2016; De Gendt et al., 2014). 

 

Genomic modifications to the AR pathway all have one goal: activation of 

downstream AR partners despite limited supplies (or complete absence) of 

activating androgenic hormones (Coutinho et al., 2016). Increased expression of 

the AR is commonly observed in CRPCs, and acts to hyper-sensitise the tumour 

cells to androgen stimulation (Grasso et al., 2012; Kawata et al., 2010; Robinson 

et al., 2015). Overexpression can be mediated by gene copy-number changes of 

the AR, with numerous extra copies (ie. gene amplifications) occurring in 30-50% 

or CRPC cases: more copies of AR usually correlate to higher mRNA and protein 

expression (Edwards et al., 2003; Grasso et al., 2012). Structural events may 

also rearrange the AR gene, with imperfect copying of the exons leading to 

aberrant protein production. Data is also emerging that suggests that extra-

chromosomal DNA structures may contain many amplified genes which are 

hidden from standard transcriptional regulation (Turner et al., 2017). 

 

Activating hotspot mutations of the AR have been observed in around 15% of 

cases. These mutated variants also confer a selective advantage to CRPC cells 

in an androgen-depleted environment, and cluster in the ligand-binding or n-

terminal domains (Carreira et al., 2014; Chen et al., 2015; Robinson et al., 2015). 

Ligand-binding domain mutated variants can modify AR function by increasing 

promiscuity for range of ligands binding to the receptor (such as progesterone, 

oestrogen and glucocorticoids). This facilitates AR activation, and in some cases 

leads to differential coactivator recruitment with knock-on effects for AR 

regulation (Brooke et al., 2008; Coutinho et al., 2016; Zhao et al., 2000). AR LBD 

mutations can also account for antagonist-agonist switching: a change in the 

response to drug binding that allows drugs that traditionally inhibit the receptor 

(eg. bicalutimide, flutamide) to act as activating androgens (Hara et al., 2003; 

Lallous et al., 2016; Tan et al., 1997). These mutations are enriched in heavily-

pretreated (ie. with anti-androgen therapies) cohorts and are likely the result of 

strong treatment induced selective pressures. Mutations of the N-terminal domain 

tend to play more structural roles, facilitating protein stability, the positioning of 

the AR in the nucleus, and the binding of coactivators and transcriptional partners 

(Buchanan et al., 2004; Steinkamp et al., 2009). 
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A third key type of alterations target AR signalling by modulating exon splicing 

mechanisms to create protein products capable of ligand-independent 

transcription factor activity (Dehm et al., 2008). AR-variants (AR-V) (as opposed 

to full-length AR) can be generated from exon-skipping or the addition of non-

canonical exons, which may abrogate the function of the regulatory LBD and thus 

lead to a constitutively active molecule. Numerous AR-Vs have been identified 

and are expressed at variable levels; however the various roles and mechanisms 

have not been fully elucidated (Wadosky and Koochekpour, 2017; Watson et al., 

2010). For example, while the expression of AR-V7 is elevated in CRPC 

compared to hormone sensitive disease, expression levels remain relatively low 

when compared to the full length receptor (Guo et al., 2009). Some data 

suggests that expression of AR-Vs may offer activation of alternative pathways, 

driving a more aggressive phenotype. Overall, it is reported that AR-Vs associate 

with poor clinical outcomes from CRPC - perhaps due to potent signalling activity 

even in low concentrations (Efstathiou et al., 2015; Hu et al., 2012; Welti et al., 

2016). It is important to note that alternative splicing is not a mechanism unique 

to tumours, and that under normal circumstances offer the cell another level of 

fine-grained regulation of protein activity (Zhang and Manley, 2013).  

 

While the AR gene is a key part of the overall androgen metabolism pathway, 

and modifications to it are a hallmark of prostate tumour development (and 

castration resistance in particular), other pathway members also exhibit 

alterations (Robinson et al., 2015). AR coactivators such as the SRC-genes 

(which directly bind the AR to support transcription factor activity) may be 

overexpressed in prostate tumours and have been associate with more 

aggressive disease and poor outcomes (Agoulnik and Weigel, 2009; Grasso et 

al., 2012; Qin et al., 2014).  

 

Similarly, aberrations of the pioneer factor FOXA1 have also been shown to 

enhance AR transcriptional activity, although some data shows similar effects for 

loss-of-function mutations as well (Barbieri et al., 2012; Jain et al., 2011; 

Robinson et al., 2015; Yang and Yu, 2015). In contrast, AR repressors such as 

NCOR1/2 (which compete with AR coactivators to repress signalling), and SPOP 

(which binds to and degrades AR) may be mutated or deleted outright, allowing 

uninhibited AR to have a longer half-life and persist in the cytosol (Barbieri et al., 

2012; Boysen et al., 2018; Yoon and Wong, 2006). 
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1.2.3 DNA-Repair Defects 

Recent work has highlighted a critical role for DNA-repair defects in the 

development of CRPC (Mateo et al., 2017; Pritchard et al., 2016). DNA in cells is 

continuously under the threat of damage (from radiation, chemical and molecular 

agents, DNA replication errors, etc), and cellular pathways constantly monitor for 

and react to this damage.  

 

 

Figure 1-3 Types of DNA damage and associated repair mechanisms. 

DNA can be damaged via various mechanisms, and to different extents. This damage may be repairable, with a 

suite (A) of cellular pathways tailored to specific lesions. Double strand breaks (DSB) (B) require complex 

solutions and may lead to genomic rearrangements if not adequately solved. Homologous Recombination offers 

a (theoretically) perfect repair to a DSB, while Non-Homologous End-Joining has wider repair capabilities but is 

more error prone (Mateo et al., 2017).  

Following detection of damage, cell cycle arrest is enacted while repairs are 

attempted; if successful, the cell cycle is resumed. In cases where DNA-repair is 

not possible, programmed cell-death or cellular senescence pathways are 
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activated. Dysfunction in these processes can allow for genome instability - an 

enabling characteristic of tumourigenesis (Hanahan and Weinberg, 2011; Mateo 

et al., 2017). DNA-repair defects can therefore be thought of as a source of 

genomic instability, fuelling the ability of tumours to adapt to the environment. 

 

Depending on the type of damage, different molecular processes will be called 

upon to perform the required repair (Figure 1-3). Damage impact the base 

sequence of DNA may be repaired using base-excision repair (typically single 

nucleotide damage), nucleotide excision repair (for molecules inappropriately 

adhered to the DNA), and mismatch repair (correcting small errors from DNA 

replication) (Mateo et al., 2017; Pritchard et al., 2016).  

 

Under normal conditions the mismatch repair (MMR) system is capable of 

recognising mismatched nucleotides (and insertion-deletion loops), with single 

base events recognised by a complex of MSH2 and MSH6, and longer (2 to 8 

nucleotides) mismatches addressed by MSH2 and MSH3. Once recognised, 

repair of the lesion is initiated by MLH1-PMS2 or MLH1-PMS1 complexes 

(Poulogiannis et al., 2010). In addition, there is some cross-talk with the 

nucleotide excision repair pathway. MMR pathway members are altered in some 

CRPC cases (3-10%), and this deficiency leads to insufficient detection of small 

variants, particularly at short stretches of repeats termed micro-satellites.  

 

Double-strand breaks are significant events that, if allowed to persist through cell 

division, can result in large chromosomal abnormalities. Repair of these is of 

critical importance to the cell, and is controlled primarily by two main processes, 

homologous recombination (HR) and nonhomologous end-joining (NHEJ) (Figure 

1-3) (Mateo et al., 2017). Homologous recombination is a high-fidelity system that 

relies on the presence of a matching ‘sister’ chromatid, which acts as a template. 

 

Double stranded breaks are recognised by the MRN complex, tagged with RPA, 

and then bound by Rad51/BRCA1/BRCA2, which mediate repair via invasion and 

replication of the sister strand (Brochier and Langley, 2013). Some HR pathway 

genes such as BRCA2 and ATM are commonly deleteriously altered in CRPCs 

(~30%), although other pathway members exhibit alterations at much reduced 

frequencies. (Mateo et al., 2015; Robinson et al., 2015). HR is predominantly 

active during mid-S to G2 phase of the cell cycle as it requires an available 

homologous template, whereas NHEJ may be active throughout. NHEJ directly 
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ligates double strand breaks, and while it functions as a ‘guardian’ of the genome 

by repairing breaks unresolved by HR, it is also more prone to erroneous repair, 

and allows more unrepaired breaks to persist through replication (Chang et al., 

2017). Unrepaired breaks lead to genome instability, and disrupted NHEJ 

(through aberrations in genes such as XRCC5, XRCC6 and PRKDC) increases 

genome instability still further. The AR directly regulates the activity of the NHEJ 

pathway, and castration has been shown to impair NHEJ activity, which may 

explain observations of tumour radiosensitisation as a result of castration (Tarish 

et al., 2015)  

 

In some tumours, environmental damage is a driving force behind the acquisition 

of mutations. The base excision repair (BER) pathway exists to repair single-

base lesions - either spontaneous or generated by chemical damage (oxidised, 

alkylated and deaminated nucleotides), which are recognised by a range of DNA 

glycolsylases which go on to initiate base removal and repair (Krokan and Bjørås, 

2013). UV radiation generates helix-distorting bulky adducts to the DNA, and the 

nucleotide excision repair (NER) pathway members monitor the DNA for these 

large structural events. Two main NER subpathways monitor the DNA for 

damage: global genomic repair (GCR) which acts on all DNA strands, and 

transcription-coupled repair (TCR) which focuses on transcriptionally active 

strands (Lockett et al., 2005). The subpathways have distinct methods of damage 

recognition but broadly similar repair processes. There is an association between 

inherited polymorphisms in BER and NER pathway genes (such as XRCC1 and 

ERCC2) and prostate cancer risk (Mandal et al., 2012). 

1.2.4 Cell Cycle Aberrations    

Aberrations in genes that control cell cycle progression also feature in the CRPC 

genome, with a radical difference in the number of events targeting these genes 

from primary (5%) to late-stage disease (21-55%) (Grasso et al., 2012). Germline 

events in this pathway have also been implicated in increasing the risk of 

developing severe disease (Kibel et al., 2003). When prostate tumour cells are 

deprived of AR pathway activation, cell-cycle progression is halted, and avoiding 

this is a key element of CRPC development (Schiewer et al., 2012). Under 

normal conditions, cell-cycle progression is enabled by cyclin and cylin-

dependent kinase (CDK) protein complexes, the activity of which is controlled by 

the availability of cyclins and the presence of CDK inhibitors (Malumbres and 
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Barbacid, 2007). In advanced prostate tumours however, and following AR 

pathway activation, these processes are aberrantly promoted. Cell-cycle 

activation and proliferation is induced initially by MTOR (mammalian target of 

rapamycin), a serine-threonine kinase which promotes CDK4/6 activation by 

increasing translation of D-Cyclins, leading to subsequent inactivation of RB 

(retinoblastoma protein) (Figure 1-4) (Comstock et al., 2013; Schiewer et al., 

2012). 

 

Figure 1-4 Activation of cell-cycle processes by the Androgen Receptor. 

Activated AR promotes cell-cycle progression via activation of CDK4/6 and subsequent inactivation of RB, 

which allows for E2F gene translation and initiates pathways required for transition to S-phase and subsequent 

cell-cycle progression (Schiewer et al., 2012). 

Active RB1 acts to limit cell-cycle progression by reversibly binding to E2F-family 

transcription factors, which thereby limits progression of the cell into S-phase and 

mitosis. Loss of the RB1 tumour-suppressor gene is a common (~20-30% of 

cases) event in the development of CRPC, and it has been implicated in 

modulating the effect of AR-pathway genes and perhaps sensitising cells to 

taxanes (de Leeuw et al., 2015; Robinson et al., 2015; Sharma et al., 2010). In 

addition, data has emerged suggesting that cell cycle deregulation, in particular 

mediated by RB1 complete loss, is a defining characteristic of CRPC tumours 

exhibiting neuroendocrine differentiation (Beltran et al., 2016; Tan et al., 2014). 

Mutations and copy-number changes have also been observed in numerous 

cancers, including CRPC, in the tumour-suppressor CDKN2A gene, which 
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produces cell-cycle regulatory proteins p16 and p21 that regulate cyclin and 

subsequent RB1 activity (Cao et al., 2018; Reis et al., 2015; Zeng et al., 2018).  

 

In addition to AR activity promoting cell-cycle progression, there are crosstalk 

mechanisms that can feedback and modulate AR activity (Schiewer et al., 2012). 

Cyclin-dependent kinases may interact with AR directly; CDK6 can enhance 

ligand dependent transcriptional activity, and both CDK1 and CDK5 increase AR 

stability (and thus signaling) via phosphorylation (Chen et al., 2006; Hsu et al., 

2011; Lim et al., 2005). Additionally, both CDK7 and CDK9 play a role in 

promoting AR activity by regulation of transcription factor activity, with inhibition 

of these proteins acting to limit AR pathway activation (Rahaman et al., 2016; 

Rasool et al., 2019). 

 

A recent study has shown that CRPCs may exhibit functional loss of the cyclin-

dependent kinase CDK12. Previously implicated in PARP-inhibitor sensitisation 

in ovarian tumours, it has now been described as a novel source of genomic 

instability in CRPC (Bajrami et al., 2014; Ekumi et al., 2015; Wu et al., 2018). 

CDK12-deficient CRPCs are associated with a genome characterised by frequent 

copy number events and gene translocations and very few point mutations. In 

contrast to HR-deficient tumours the structural events are small in size, with an 

overall diploid genome. 

1.2.5 PI3K-AKT pathway  

Half of CRPC cases (compared to around a quarter of primary tumours) bear a 

somatic alteration in the PI3K-AKT pathway, with deletions of PTEN and 

amplifications and hotspot mutations in PIK3CA and AKT1 seen most frequently 

(Cancer Genome Atlas Research Network, 2015; Robinson et al., 2015). This 

pathway is involved in a broad range of cellular processes including proliferation 

and cell motility. Activated Phosphoinositide 3-Kinase family genes (encoded by 

PIK3CA, B and D) bind directly to, phosphorylate and subsequently activate 

Protein Kinase B (AKT) mediated by second messengers PIP2 and PIP3. (Figure 

1-5). This allows AKT to localise to the plasma membrane and modify other key 

signalling molecules, including p21 (CDKN1B), FOXO1 and MTOR (Carnero and 

Paramio, 2014; Crumbaker et al., 2017) (Figure 1-5). A hyperactive PI3K-AKT 

pathway promotes cell growth, proliferation and cell cycle acceleration, and in 

addition has been shown to have substantial cross-talk with AR signaling (Carver 
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et al., 2011; Sarker et al., 2009). In addition, the oncogenic properties of PI3K 

genes (in particular PIK3CA and PIK3CB) have been well established, and 

hyperactivity of the pathway is a feature of numerous cancer types (Samuels and 

Waldman, 2010).  

 

 

 

Figure 1-5 Summary of PI3K-AKT Pathway 

Activated PI3K signals through PIP2/3, activating AKT and subsequently modulating a host of downstream 

processes. Substantial cross-talk with other molecular signalling pathways also occurs (Carnero and Paramio, 

2014).  

Aside from up-regulation of the PI3K/AKT axis, oncogenic activity of the pathway 

may also be mediated by functional loss of the tumour suppressor PTEN 

(phosphatase and tensin homolog). Under normal conditions, PTEN acts to 

reverse the conversion of PIP2 to PIP3, limiting AKT activation. Loss of PTEN - 

through a variety of mechanisms - occurs in ~40% of cases and leads to the 

development of more aggressive tumours and a worse prognosis (Grasso et al., 

2012; Reid et al., 2010). In addition, losses of PTEN have been shown to 

increase in frequency as prostate tumours develop from primary to castration-

resistant disease (Ferraldeschi et al., 2015; Vivanco and Sawyers, 2002).   

 

Non-canonical signalling of the AR (ie. not transcription factor activity) is capable 

of activating the PI3K-AKT pathway by ligand-activated AR directly interacting 



 29 

with PI3K, leading to subsequent accumulation of phosphorylated AKT. Further, 

downstream AKT substrates FOXO3 and FOXO1 can modify AR activity by 

binding to the AR promoter and interacting with histone deacetylases (HDACs) 

(Liu et al., 2008; Yang et al., 2005). AKT itself has been shown to bind directly to 

the AR protein through HER-2 activation, and can act as an androgen-

independent AR activator in a feedback loop (Wen et al., 2000). Loss of PTEN 

modulates expression of AR-target genes and bypasses androgen-dependent 

signalling (Mulholland et al., 2011). These mechanisms are part of a reciprocal 

feedback loop: inhibition of one pathway activates the other (Carver et al., 2011). 

PI3K-AKT aberrations, aside from being oncogenic, are therefore key to prostate 

tumour response to AR inhibition, permitting growth in an androgen-deprived 

environment.  

1.2.6 Chromatin Modification     

Systems that control chromatin structure are also emerging as features of 

advanced prostate tumours, although the clinical relevance of this has not yet 

been studied in detail (Rodrigues et al., 2017). DNA strands are packaged into 

chromatin complexes, by first winding around histone proteins that are 

subsequently bundled into dense, ordered coils. Chromatin structures are 

dynamic: the degree to which a particular length of DNA is compressed has a 

subsequent effect on gene expression, as closed chromatin prevents molecular 

machinery accessing the DNA, and therefore limits transcription. However, ‘open’ 

chromatin is both more transcriptionally active and susceptible to damage 

(Längst and Manelyte, 2015).  

 

Modifications of histone proteins – post-translational changes such as additions 

of methyl or acetyl groups (methylation and acetylation) - are common regulators 

of chromatin structure and have been shown to be aberrant in many tumours 

(Ruggero et al., 2018). Patterns of histone modification have been shown to 

segregate prostate cancers into high and low-risk groups (Seligson et al., 2005). 

Enzymes with the ability to add or remove post-translational modifications are 

thus capable of enabling or disabling transcription at specific sites. Remodelling 

of chromatin is common to prostate cancer, with the chromatin structure of 

androgen response elements (containing binding sites for androgen receptor 

transcription factor activity) known to be extensively relaxed during tumour 

initiation and progression (Pomerantz et al., 2015; Sharma et al., 2013). In 
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addition, castration-resistant prostate tumours exhibit markedly different levels of 

open chromatin at AR binding sites compared to primary cases, suggesting that 

this is another mediator of resistance to androgen deprivation.  

 

Relaxing the chromatin structure may also be associated with structural events 

and genomic instability, a hallmark of prostate cancers, with these linked to sites 

of transcriptionally active chromatin (Gerhauser et al., 2018). Structural 

rearrangements in CRPC cluster in AR binding sites, and these regions present a 

higher rate of double-strand breaks (Gerhauser et al., 2018; Weischenfeldt et al., 

2013). The chromatin remodeller CHD1 is commonly deleted in prostate cancer, 

and may represent a distinct subclass of prostate tumours. Loss of CHD1 leads 

to an altered proportion of double-strand break repair pathway utilisation, 

favouring NHEJ over HR and has been demonstrated to increase genome 

instability (Shenoy et al., 2017)). 

 

Transcriptional repression by chromatin condensation can also be modified in 

tumours, with aberrations in the SWI-SNF pathway (and others) observed 

(Grasso et al., 2012). Chromatin condensation promotes winding of the DNA into 

tightly wound higher-order structures, inaccessible to transcription factor binding, 

and loss of SWI/SNF genes permits the activation of a suite of pro-proliferation 

genes such as the WNT/β-Catenin pathway (Kim and Roberts, 2014; Längst and 

Manelyte, 2015; Prensner et al., 2013).  

 

Alterations to enzymes capable of adding or removing post-translational 

modifications to histone proteins such as histone lysine demethylases (KDM-

family proteins) have also been linked to prostate tumours (Crea et al., 2012). 

Depending on their site-specific binding affinities, different KDMs may act with 

oncogenic or tumour-suppressive functions (Crea et al., 2012). For example, 

KDM1A activates the transcriptional functions of the MYC oncogene and 

suppresses p53 activity, and is also capable of forming a co-activation complex 

with AR, leading to transcription of AR target genes (Crea et al., 2012; Metzger et 

al., 2005; Stratmann and Haendler, 2012). Conversely, KDM2A maintains 

genome stability and represses transcription of pro-proliferative genes: 

accordingly it has been observed to be under-expressed in prostate tumours 

(Borgel et al., 2017; Frescas et al., 2008).  
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1.3 Actionable Subclasses of CRPC 

1.3.1 Homologous Repair Deficiency and PARP Inhibition 

As previously mentioned, ~30% of CRPCs feature deficiencies in DNA repair 

including homologous repair (HR) (Mateo et al., 2015; Robinson et al., 2015). HR 

deficiencies offer an advantage to tumours by leaving double strand breaks to be 

repaired by an alternate mechanism, non-homologous end-joining (NHEJ) – a 

more error-prone pathway which leads to a slow increase in chromosomal 

abnormalities, fuelling the evolutionary capacity of tumour cells. Prostate tumours 

with HR deficiencies feature an increased frequency of genomic alterations, and 

are effectively a subtype of CRPC (Mateo et al., 2017; Wu et al., 2018).  

 

In these cases it is possible to exploit ‘synthetic lethality’, an approach that 

involves inhibiting single strand repair via the PARP genes. Impaired PARP 

allows for unrepaired single-strands to persist through replication, and potentially 

convert into double-strand breaks. In healthy cells the homologous repair 

pathway would repair these, but HR-deficient tumours rapidly accumulate double 

strand breaks, overload NHEJ and lead to severe cytotoxic consequences. Side 

effects of PARP therapy are relatively modest, particularly when compared to 

conventional chemotherapeutics (Fong et al., 2009; Lord and Ashworth, 2017).  

 

Initially developed with a focus on breast and ovarian cancers, trials of PARP 

inhibition in advanced prostate tumours have shown promise: around a third of 

unselected individuals with CRPC respond to therapy, with respondents closely 

overlapping with those bearing HR pathway aberrations (Mateo et al., 2015; 

Ramakrishnan Geethakumari et al., 2017; Underhill et al., 2011). Identifying this 

patient subset in the overall CRPC population is therefore of particular 

importance in order to deliver this therapy with maximum impact. 

1.3.2 Mismatch Repair Deficiency and Immunotherapy 

A proportion of CRPCs (~3-10%) bear genomic deficiencies in mismatch repair 

(MMR) genes, which leads to elevated numbers of single nucleotide alterations 

(SNAs) and a micro-satellite instability (MSI) phenotype (abnormal length 

variability of short nucleotide repeats) (Nava Rodrigues et al., 2018; Pritchard et 

al., 2014). Higher quantities of SNAs in tumours, while providing a benefit to the 

tumour in terms of genetic variability, provoke the immune system through 
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generation of aberrant proteins (termed ‘neo-antigens’), and tumours develop 

methods to ‘escape’ immune system targeting by downregulating immune 

signalling pathways (Messerschmidt et al., 2016). 

 

Deficiency in MMR genes may therefore sensitise tumours to immunotherapeutic 

agents, which attempt to reactivate the immune system and enhance the ability 

to detect tumour-derived aberrations. While initial trials of immunotherapy in 

CRPC were not successful, this could be due to trial designs not incorporating 

patient selection, as the number of MMR-deficient CRPC cases is relatively 

modest (Beer et al., 2017; Kwon et al., 2014). The drug Pembrolizumab was 

approved by the FDA for use in all solid malignancies with MMR defects in 2017, 

and inhibits the programmed cell-death pathway protein (PD-1). Upregulation of 

PD-1 is utilised by tumour cells to escape detection by the immune system. 

Emerging data suggests that susceptible (ie. MMR-deficient) tumours respond 

well (Hansen et al., 2018; Le et al., 2015). It is critical to identify and characterise 

this subclass of CRPC, particularly in the context of sequencing assays as these 

can be used to screen for the genomic signatures of MMR deficiency.  

1.3.3 Others  

The methyltransferase EZH2 and other KDM-family methylases are frequently 

deregulated in CRPCs (>10%), associating with a more aggressive phenotype 

and worse prognosis (Melling et al., 2015). These may present a treatment 

opportunity for CRPC patients, with small molecule inhibitors exhibiting promising 

preclinical results and phase-1 trials currently ongoing (Bai et al., 2019; Kim and 

Roberts, 2016; McAllister et al., 2016; Wee et al., 2014). A recent study has also 

shown that CHD1-deleted and SPOP-mutated prostate present a clinically 

relevant CRPC subtype, with increased AR-pathway activity and a heightened 

sensitivity to androgen blockade (Boysen et al., 2018). 

 

Aberrations across the PI3K-AKT pathway have been shown to promote a 

castration resistant phenotype, and associate with a poor prognosis in various 

CRPC contexts (Carver et al., 2011; Ferraldeschi et al., 2015; Haffner et al., 

2013; Mulholland et al., 2011; Reid et al., 2010). There is some evidence that 

targeting this hyperactive pathway in concert with other agents may have 

therapeutic value, although studies are currently on-going (Baselga et al., 2012; 
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de Bono et al., 2019). Similar to DNA-repair defective tumours, it is likely that 

targeting the PI3K-PTEN-AKT axis will only bear fruit in tumours which rely on it.   

 

Despite widespread usage in advanced prostate cancer, taxane chemotherapies 

are given without patient genomic clinical stratification. Two licensed variants are 

commonly used in prostate cancer, docetaxel and cabazitaxel, which are similar 

in both structure and method of action (binding β-tubulin, microtubule stabilisation 

and cell-cycle arrest), although Cabazitaxel has been developed to overcome 

docetaxel-specific resistances. Several gene pathways have been linked to 

taxane resistance, which may be innate or acquired following therapy, including 

multidrug resistance proteins, modulation of tubulin expression, and mitotic 

spindle assembly (Bumbaca and Li, 2018; Fitzpatrick and de Wit, 2014; Galletti et 

al., 2017). 

 

Identifying actionable subclasses of prostate cancer increasingly requires the 

integration of multiple assays, particularly involving genomic analysis. 

1.4 Sequencing for Cancer Genomics 

1.4.1 Biopsies  

Classifying an individual based on their tumour genome requires tumour material 

(for this project the focus was primarily on DNA, rather than RNA). This can be 

acquired in a number of ways, and the methods offer various advantages and 

disadvantages. In the context of this work three main sources of genomic data 

will be featured: conventional tumour tissue biopsies, blood plasma, and 

circulating tumour cells, with the goal in each case being the acquisition of high-

quality tumour DNA. 

 

All diagnoses of prostate cancer require a prostate biopsy followed by 

histopathological examination, and individuals with more advanced tumours may 

undergo repeat biopsies of metastatic sites. Solid tissue biopsies are cheap to 

acquire, offer large amounts of genomic material, and are straightforward to 

perform. However, there are limitations to solid tissue biopsies, particularly: a) the 

intermingling of healthy tissue and tumour tissue (so-called ‘tumour purity’); and 

b) the fact that the biopsy procedure accesses only a small proportion of the 

tumour burden in the patient. “Liquid biopsies” offer ‘patient-friendlier’ alternatives 
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- serial using blood draws, commonly performed and less invasive, which can be 

readily repeated for easier longitudinal sampling.  

 

Short fragments of tumour DNA have been observed circulating in the blood 

plasma of individuals with cancers, the origin of which has been reported to be 

necrotic or apoptotic cancer cells (Aucamp et al., 2018). This cell-free DNA 

(cfDNA) offers a potential insight into multiple tumour clones rather than the 

limited area of a single needle-core biopsy, but suffers from highly variable 

tumour purity and highly fragmented DNA. This presents a significant challenge 

in deconvoluting data from multiple tumour clones (Wan et al., 2017). 

Concentrations of cfDNA have also been linked to overall burden of disease, and 

offer some clinical utility in terms of monitoring treatment in CRPC patients 

(Goodall et al., 2017; Mehra et al., 2018). 

 

Another application of liquid biopsies involves extracting circulating tumour cells 

(CTCs), a common feature of many cancers and a key driver of metastasis, 

isolating them and performing genomic analyses on each cell separately. They 

are found in the peripheral blood of local and metastatic cancers (including ~90% 

of CRPCs), and detection and quantification of CTCs has been shown to offer 

prognostic utility (de Bono et al., 2008; Punnoose et al., 2015). Extracting single 

cells, while time consuming, more costly and requiring sophisticated technology, 

allows for a high-resolution examination of tumour genomes present in the 

individual (Lambros et al., 2018). Low levels of input materials currently limit 

single-cell studies however, as acquiring sufficient cells of high enough quality for 

sequencing is challenging. In addition, analytical methods for making full use of 

single-cell data are not yet well established. 

1.4.2 Sequencing 

Following acquisition of genomic material for analysis (from biopsy, plasma, or 

circulating cells), DNA sequences need to be determined, a process most 

commonly performed by short-read sequencing, using workflows supplied by 

Illumina (Muzzey et al., 2015). Short-read sequencing is a ‘next-generation’ 

sequencing technology, a successor to the ‘first generation’ Sanger sequencing 

that drove the human genome project. Some ‘third-generation’ technologies are 

emerging, although for this work, due to ease of access and the prevalence of 

optimised approaches only short-read sequencing was used. 
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There are varying strategies for preparing samples for sequencing: essentially, 

input genomic material is fragmented (and size-selected) into short single-

stranded sequences (often around 500 nucleotides in length) and molecularly 

tagged with nucleotide barcodes for downstream identification (Rizzo and Buck, 

2012). This ‘library’ of tagged DNA fragments is then amplified using the 

polymerase chain reaction (PCR) to generate numerous copies of each fragment. 

Protocols for library generation range from those designed to access DNA from 

the entire human genome to those which provide data only on a set of pre-

defined regions. While whole-genome sequencing (WGS) uses all available DNA 

templates for library preparation and amplification, targeted sequencing protocols 

selectively amplify DNA sequences that match certain criteria - ie. sequence 

similarity for genes or regions of interest in the genome, effectively ‘targeting’ 

those genomic regions.  

 

The library is then loaded onto the DNA sequencer, where each strand of DNA is 

bound to a fixed position on a slide, and washes of fluorescently tagged artificial 

nucleotides are introduced; the complementary binding of specific nucleotides (ie. 

A, C, T, or G) identified by emission of differing fluorescent wavelengths (Muzzey 

et al., 2015). The fluorescent tags are then removed, and the process is repeated 

in order to extend this new complementary strand. After a set of sequencing 

cycles (commonly 100-150, although there are some varying approaches), the 

record of nucleotides at each strand position is reported as a single sequence - 

termed a ‘read’.  

1.4.3 Genome Analysis 

Sequenced reads are computationally ‘aligned’ to the human reference genome 

(a dataset derived originally from the one published by the human genome 

project), a process which assigns a chromosomal coordinate location for each 

read. Analysing sequencing data requires the application of specialised 

algorithms: the human genome is around 3 billion nucleotides in length, 

insurmountably huge for humans to remember, but relatively accessible for 

computers as a ~3 Gigabyte (Gb) text file. Software tools have been developed 

to aid this task; essentially consisting of a vast pattern-matching problem. The 

key to iterating rapidly through these files is the construction of indexes, for both 

the reference genome and the sample data in question. 
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The first genome alignment tools were derivatives of methods used for analysing 

protein sequence similarity: hash-table methods using the seed-extension 

approach. These rely on testing short stretches of each read (seeds) at 

numerous places across the genome, then extending the nucleotides either side 

and repeatedly testing the similarity of the read to the sequence. While accurate, 

these approaches suffer from long processing time, and for most short-read 

alignment tasks, are increasingly supplanted by algorithms based on the 

Burrows-Wheeler Transform (BWT) (Bao et al., 2011). The BWT is a data 

compression tool that is reversible and incurs no data loss during the process, 

and ideally suited to both storing NGS data (character sequences featuring many 

repeated characters) and performing many fast searches of the character string 

in question. Many current tools (such as BWA and BOWTIE) rely on the BWT to 

reduce the memory requirements and overall running time of short-read 

sequence alignment tasks: the first release of BWA was around ten times faster 

than pre-existing hash-table aligners (Bao et al., 2011; Canzar and Salzberg, 

2017; Li and Durbin, 2009).  

 

A limitation of next-generation sequencing is the presence of repetitive regions in 

the human genome - comprising approximately 50% of the genome (Treangen 

and Salzberg, 2011). Aligning short reads accurately to repetitive regions 

(comprised, for example, entirely of a short pattern <100 nucleotides in length 

repeated numerous times) is very challenging (or impossible) and therefore limits 

the downstream ability to detect mutations that may be present in these regions. 

Conversely, some reads may have multiple viable matches in the genome (multi-

mapped reads) due to sequence similarity between genes. New technologies 

such as linked-read and long read sequencing may offer solutions to these 

problematic areas in the genome, although adoption of these methods is not yet 

widespread. 

 

Another key concept in sequence alignment, and downstream analyses, is read 

coverage (or ‘read depth’). A reference base covered by one mapped read would 

have a read depth of one; a position covered by ten reads would have a depth of 

ten. Areas with higher coverage (ie. more successfully mapped reads) have a 

higher capacity to call mutations accurately (Figure 1-6). Sequenced samples 

may be described by the average coverage achieved for the whole genome – for 

example, a mean coverage of ten reads would be listed as 10X. Variation in 
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coverage can be due to technical biases (for example, introduced during library 

preparation), poorly mapped reads (due to repetitive regions) or due to the 

presence of somatic structural alterations, such as copy number changes. The 

term ‘breadth of coverage’ also is sometimes used to describe the proportion of 

the genome covered. 

Figure 1-6 Varying depth of coverage in NGS. 

Reads (green) are aligned to the reference genome (purple). Reads are not generated in an unbiased manner, 

and some areas in the genome are challenging to align reads to: therefore the coverage of aligned reads varies 

throughout. The ability to detect variants changes depending on sequencing depth (Rizzo and Buck, 2012).  

1.5 Genome Informatics 

Before mutations (and other aberrations) can be identified in sequenced 

samples, data has to be pre-processed to remove biases and artefacts from the 

data. As PCR is commonly used to amplify DNA (and thus, the input signal for 

sequencing), marking of identical reads as is performed to reduce issues 

associated with quantifying unique events (Xu, 2018). For downstream detection 

of small insertions and deletions, local realignment of poorly-mapping reads is 

often performed prior to further processing, although modern software tools are 

increasingly incorporating this into downstream variant calling (Van der Auwera 

et al., 2013). 

1.5.1 Single Nucleotide Variants 

When considering mutations in tumour biology, it is critical to differentiate 

between inherited (so-called ‘germline’) variants, and those arising 

spontaneously in tumours (somatic variants). 

 



 38 

A ‘mutation’ is typically considered a single nucleotide alteration (SNA) or a small 

insertion or deletion (indel) of several bases. The goals of somatic mutation-

calling software tools are to: a) identify nucleotides in mapped reads that do not 

match the reference genome sequence, b) delineate the extent of the alteration, 

and c) in tumour samples, determine whether the variant is somatic or germline. 

In addition, resolving mutations in the context of noise is a challenging task: with 

sufficient read depth all mutations could in theory be observed, but mutations 

have to be disentangled from sequencing errors (Xu, 2018).  

 

The ‘allele frequency’ (proportion of reads featuring the variant out of the total 

number of reads mapped to that site) is a key concept in examining mutations. 

Germline variants may be observed in heterozygous or homozygous states (a 

single-allele variation or one found in both alleles of a gene) - and therefore, 

theoretically, at frequencies of 50% or 100%. Somatic variants frequently occur at 

much lower frequencies, as biopsies often consist of mixed subpopulations of 

tumour cells (which may not all share the same alterations) and normal tissues. 

In theory, all somatic variants are heterozygous as the chance of acquiring 

mutations of the same type at the same position in both alleles is extremely 

unlikely. However, copy-number changes may impact the zygosity of alleles 

substantially. Allele frequencies are therefore both a key source of information 

about the tumour, and a limitation imposed upon the analysis, as they can be 

affected by changes in tumour ploidy and other chromosomal abnormalities – 

such as copy-number changes, which are discussed in section 1.5.2.  

 

Identifying somatic events requires the ability to distinguish from germline 

mutations present in every individual. For maximum specificity, most protocols for 

tumour mutation calling require the presence of a same-patient matched germline 

sample, sequenced in the same manner. These patient-matched ‘normals’ are 

used by variant calling software as a baseline from which to classify events 

occurring in the tumour sample, ie. whether detected mutations are inherited 

germline variants or spontaneous somatic events.  

 

Some variant calling software apply separate heuristics to the potential variants 

found in the tumour and normal, using statistical tests at each variant position to 

test the chance of being a real ‘non-reference’ site, before using the matched 

normal sample to filter out calls found in the germline data (Muzzey et al., 2015; 

Xu, 2018). The comparison of reads featuring non-reference variants found in the 
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germline sample to the non-reference variants of the somatic sample is key. 

Modern variant-calling tools often attempt to find a statistical model for the 

combination of unique genotypes observed at each nucleotide position, with a 

variety of approaches employed. For example, joint genotype analyses uses 

Bayes’ rule to estimate the probabilities of the genotypes, with prior probabilities 

supplied by previously quantified values such as the genome-wide rate of 

germline variants. A key concept employed by several widely used tools 

(FreeBayes, Platypus, MuTect2 and HaplotypeCaller, among others) is that of a 

realigned haplotype: identifying ‘active’ regions (ie. regions containing variants), 

generating a candidate set of possible combinations of alleles in a de Bruijn-like 

graph, and then examining the read support that each allele can draw from the 

aligned reads in that region. This local realignment also improves detection of 

indels, which may be the true cause of a cluster of closely located SNAs.  

 

Not all somatic alterations are equal. Only a few may be true driver events, while 

many will be so-called passenger alterations, with modest impacts on tumour 

fitness (Vogelstein et al., 2013). Identifying the relative importance of detected 

mutations - in the context of each unique tumour - remains a challenge in clinical 

genomics (Greenman et al., 2007). 

 

Two main approaches are available for researchers to classify and explore 

mutations. Databases such as ClinVar and COSMIC catalogue mutations with 

clinical associations; the variants included are based on supporting evidence 

such as identification in clinical trials and experimental data (Forbes et al., 2017; 

Landrum et al., 2018). These are inevitably incomplete: not all genes are studied 

to the same degree, so popular (or more important, depending on perspective) 

oncogenes and tumour suppressor genes that are well characterised in the 

literature are proportionally well characterised in variant databases, and less well 

known (or less commonly altered) genes are less so. Annotation of mutations 

with associations from such databases is a core technique for judging the 

relevance; the function of a specific mutation may be unknown, but if we observe 

it at an elevated frequency in cancers, then it may be important.  

 

The other primary method for annotating SNVs for functional impact relies on 

examining the sequence context in which the mutation has occurred and whether 

it lies within an area of the genome that codes for a protein (exonic regions 

contribute to under 5% of the human genome); although not all exonic 
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nucleotides are equally crucial to normal protein function. Exonic SNAs can 

change the subsequent protein sequence, either solely at that amino acid 

(‘missense’ mutations), or at all following amino acids until the next stop codon 

(‘frame-shift’ mutations). Others aberrantly convert the amino acid to be a stop 

codon, truncating any further transcription (‘nonsense’ mutations). Due to 

redundancy in the amino acid system, some SNAs in protein coding regions may 

result in no change to the protein structure (‘synonymous’ mutations). There is an 

implicit ordering in the severity of these mutational consequences – frame-shift 

and nonsense SNAs are likely to severely limit the function of the expressed 

protein, while synonymous mutations are generally considered to have mild (or 

non-existent) effects (Forbes et al., 2017; Li et al., 2017). 

 

Extending this conceptual framework are tools that aim to predict the impact of 

non-synonymous SNAs (any variant which changes the amino acid sequence), 

by integrating rules about protein structure with sequence conservation data 

(Tang and Thomas, 2016). Changes to amino acids have downstream structural 

consequences for expressed proteins, and estimating the change in free energy 

between the folded and unfolded states of the mutant and wild-type proteins is 

key to understanding the consequences of the mutation. Numerous tools have 

been proposed to examine this, but generally require high-quality 3d protein 

structures to be available, simulate folding of nearby side chains, and incorporate 

statistical models that summarise the interactions of atomic forces (Compiani and 

Capriotti, 2013; Tang and Thomas, 2016). The extent to which specific amino 

acid sequences are ‘conserved’ between species is also highly informative for 

identifying mutations with unusual downstream effects, and compete favourably 

with structural modelling approaches (Ramensky et al., 2002). Emerging 

methods such as machine learning and meta-prediction add benefits over 

existing tools – for example, the PON-P software considers the output from 

several predictors spanning sequence conservation, structural stability prediction, 

and machine learning classification to make a final prediction (Olatubosun et al., 

2012). 

1.5.2 Copy Number Changes 

In addition to smaller variants within genes (variants under 50 nucleotides in 

length), tumours also acquire broader abnormalities in chromosome structure. 

Humans have two copies of each autosome (non-sex chromosomes) - changes 
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from this are termed copy-number alterations (CNAs). Copy-number changes are 

frequently present as germline variants - some estimates place the proportion of 

the genome affected by an inherited CNA to be around 5%, with more events 

clustered around telomeric and centromeric regions (Zarrei et al., 2015). More 

drastic copy-number alterations occur frequently in prostate tumours, often 

alongside whole-genome duplications, and are enriched in tumours with DNA-

repair deficiencies (Wu et al., 2018).  

 

Next generation sequencing allows for the detection of copy number aberrations 

(CNAs), and several approaches have been established (Zare et al., 2017). The 

most common method relies on assessing the depth of aligned reads across the 

genome at a set of regions (bins). Typically a bias-correction step is applied; as 

discussed previously, read alignment is challenged by repetitive and low-

complexity regions, and in addition the presence of GC-rich regions can skew the 

distribution of aligned reads (Benjamini and Speed, 2012).  

 

The read depth is then normalised by the total number of reads in that sample, 

and compared to a reference data set - usually derived from a matched healthy 

tissue sample or a pool of unmatched healthy samples - to generate tumour-

reference coverage ratios at each position. Theoretically, regions with a copy-

number change will exhibit a shift in the resulting ratio, for example a tetraploid 

chromosome (4 copies) in a tumour will be overrepresented in terms of 

normalised read counts compared to a standard diploid chromosome (2 copies) 

in the germline reference. 

 

Copy ratios are ‘segmented’ - a denoising step - by merging bins into regions of 

similar values. This step also effectively converts the data into a format that more 

closely mimics tumour biology, as CNAs in tumours are frequently large events 

spanning thousands (or tens of thousands) of nucleotides, rather than single 

locus events. If segments exhibit significant divergence from the reference this 

can indicate changes in the copy-number state at that region. Several algorithms 

are currently used for copy number segmentation, with different underlying 

mechanics but similar goals (Liu et al., 2013). Circular Binary Segmentation 

(CBS) functions by circularising the genome and performing an initial 

segmentation. It then iterates over the available data, adjusting segments to 

minimise intra-segment variability (Olshen et al., 2004). Hidden Markov Model 
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(HMM) based tools rely on the ability of HMMs to identify discrete states from 

data, and map these states to integer copy numbers.  

 

 

Figure 1-7 Segmentation of Coverage Ratios and Allele Frequencies 

Copy number profiling of Chromosome 8 in a tumour sample analysed with whole-exome sequencing. 

Coverage data (A) and the allele frequencies of heterozygous germline alleles (B) illustrate changes in copy 

state throughout the chromosome. 

Copy number information can also be extracted from the allele frequencies of 

germline mutations present in the data (Figure 1-7). Theoretically, the genotypes 

of a germline variant (in a diploid cell) can be considered: A/A (homozygous, for 

the ‘A’ allele), A/B (heterozygous, ‘A’ and ‘B’ alleles), B/A (also heterozygous), or 

B/B (homozygous, for the ‘B’ allele). Following variant calling the allele 

frequencies for these variants, assuming that ‘A’ is the wild-type allele and ‘B’ is 

the mutant, would be: 0, 0.5, 0.5 and 1, respectively. In a genomic region bearing 

a copy-number change, the frequencies of the heterozygous (A/B, B/A) variants 

may exhibit a shift away from 0.5: the direction and extent of this shift can be 

highly informative. Joint segmentation of allele frequencies with coverage ratios 

are critical to the calculation of allele-specific copy numbers, in addition to 

identification of copy-neutral copy changes which cannot be detected from read 

coverage alone.  
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Aside from focusing on the impact of single genes impacted by copy number 

changes, recent work has shown that the genome-wide burden of copy number 

alterations affecting a tumour is highly indicative of overall disease progression, 

and associates with prognosis (Hieronymus et al., 2018). The proportion of the 

genome affected by a CNA is likely a reflection of a) the age of the tumour, with 

additional alterations accumulating over time, or (and possibly in addition to) b) 

the presence of some pro-CNA phenotype, such as deficient homologous 

recombination DNA repair. 

1.5.3 Systemic Genomic Data Sets 

In addition to detection of specific pathogenic events (for example, a mutation or 

copy-number event affecting a tumour suppressor gene), an emerging trend is 

the study of genome-wide biomarkers. A high frequency of somatic mutations (ie. 

tumour mutational burden or TMB) is a pan-cancer indicator of poor prognosis, 

and is associated with increased rates of tumour-specific antigen production 

through aberrant protein expression (Owada-Ozaki et al., 2018; Samstein et al., 

2019). These ‘neoantigens’ have been shown to provoke the immune system, 

and tumours that persist with a high neoantigen load are postulated to have a 

method to avoid immune surveillance – and are sensitive to immune checkpoint 

inhibition (Le et al., 2015; Messerschmidt et al., 2016). A recent study shows that 

a high number of indels correspond to a greater generation of tumour-specific 

neoantigens than single nucleotide variants (SNVs), and are likely to represent a 

highly immunogenic class of mutation (Turajlic et al., 2017).  

 

Studying the aggregate of mutations in a tumour offers an additional approach: 

mutational signatures. Specific classes of passenger mutations occurring at high 

frequencies have been linked to certain sources of DNA damage, such as 

smoking or UV light (Alexandrov et al., 2013). Biological processes including 

MMR deficiency have also been linked to mutation signatures (Van Hoeck et al., 

2019). Patterns of mutational signatures can therefore be used to characterise 

tumours.  

 

Distinct from small events such as indels or SNVs, the quantity of copy-number 

aberrations (CNAs) in the genome has been demonstrated to associate with 

patient outcome in prostate tumours, independent from other prognostic factors 

such as PSA (Hieronymus et al., 2014, 2018). The distribution of CNAs has been 
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linked to various types of DNA-repair deficiency, and may indicate specific 

therapeutic pathways (Wu et al., 2018). 

1.6 Biomarkers 

When linking genomic (or experimental) data with clinical data, the identification 

and validation of potential markers for clinical outcome is of great interest. 

Studies may attempt to test the ability of a specific biomarker to inform on: 

changes in survival (‘prognostic’ biomarkers), effect a change in drug response 

(‘predictive’ biomarkers), other important endpoints (‘surrogate’ biomarkers), or 

changes in disease status following treatment (‘response’ biomarkers). To 

explore these putative biomarkers requires – in addition to the key assay in 

question – a detailed description of additional factors that characterise the study. 

This includes information about the patient cohort and selection critieria, the 

sample collection and assay methods, and downstream statistical methods. 

Detailed suggestions can be found in several articles by Altman and Sauerbrei 

(Altman et al., 2012; Sauerbrei et al., 2018). Exploratory studies – that aim to 

generate hypotheses to support further prospective work – also benefit from 

heeding these guidelines. While categorically proving the ability of certain 

genomic features to perform as clinical biomarkers is out of the scope of this 

thesis, I have attempted to work within these suggested frameworks.  
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 Thesis Goals 

2.1 Overall Hypotheses 

• Genomic and molecular characterization of mCRPC can stratify 

individuals for well-established (anti-androgens, taxane chemotherapy) 

and emerging therapies (PARP- inhibitors, immunotherapies). 

• Liquid biopsies can be used to dynamically monitor molecular features 

that predict resistance to therapy. 

• Linking genotypes with novel phenotypic markers will characterize the 

development of CRPC and offer insights into the tumour.    

  

2.2 Overall Aims 

• Optimise and analytically validate methodology for robust copy-number 

calling from targeted and whole genome data. Test this in both biopsy 

data and plasma and show that key CRPC aberrations can be identified. 

• Use clinical outcome data to identify putative mechanisms of resistance to 

chemotherapy in a large cohort of individuals treated with taxanes and 

with cell-free DNA targeted sequencing available. 

• Apply whole-genome copy number profiling to investigate CRPC clonal 

structure and intra-patient heterogeneity by analysing single cells. 
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 Classification of DNA-Repair Deficient 

CRPC Tumours from Targeted NGS 

3.1 Introduction 

3.1.1 Specific Hypotheses 

• Targeted panels offer cost effective profiling of key genes, and are 

commonly used in clinical research (particularly for mutation calling) but 

have not been well established for precision medicine classification of 

prostate cancers.  

• A large proportion (30-40%) of CRPCs bear a defect in DNA repair 

pathways such as HR and MMR and these are identifiable from genomic 

screening.  

• Different techniques have to be leveraged to detected HR and MMR 

defects, including copy-number and micro-satellite profiling. 

3.1.2 Specific Aims 

• Optimise copy-number profiling from targeted-panel NGS data. 

• Validate these data with orthogonal methods and external data sources. 

• Optimise and apply MSI-scoring software to targeted-panel data. 

• Show that key HR and MMR pathway defects can be identified using 

these approaches.  

3.1.3 Research in Context 

Recent studies have shown that 20% to 30% of prostate tumours bear defects in 

homologous DNA repair (HR) genes that render them sensitive to treatment with 

PARP inhibition, and that these are commonly mediated through gene deletions 

in these tumour suppressors (Goodall et al., 2017; Mateo et al., 2015). 

Individuals with HR defects have been shown to be highly sensitive to treatment 

with PARP gene inhibitors such as Olaparib (Mateo et al., 2015). 

 

Despite the predominance of copy-number events in CRPC, emerging data have 

also highlighted the presence of defective mismatch repair (MMR) and 
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subsequent elevation of mutation rates in a small subset (5-10%) of mCRPC 

(Pritchard et al., 2014). These patients may benefit from immune-checkpoint 

blockade such as PD-1 inhibition, which aim to highlight tumours to the immune 

system (Graff et al., 2016). Taken together, HR and MMR deficient tumours may 

represent up to ~40% of all CRPC tumours, and therefore offer a subset of 

patients a precision medicine approach.  

 

High-throughput, inexpensive, multiplex assays for molecular stratification are 

needed to guide therapeutic choices and support clinical trial design. Although 

high-coverage whole-exome or genome sequencing can reliably assess tumour 

genomics, cost and bioinformatic demands currently restrict their routine clinical 

implementation to stratify patients for treatment. Targeted next-generation 

sequencing (NGS) represents an opportunity for implementing genomics in 

clinical practice with the advantages of a rapid turnaround time, lower cost, and 

the ability to concurrently analyse multiple genes with a limited bioinformatic 

analysis burden. Existing approaches to call germline and somatic SNVs/SNAs 

and short indels from targeted sequencing data are well established and have led 

to a number of FDA biomarker-dependent drug approvals, including for the PARP 

inhibitor olaparib, in the past decade (Fong et al., 2009; Ledermann et al., 2014).  

 

In the case of PARP inhibition for HR defective prostate cancers, screening for 

tumours with these DNA repair defects relies on detecting gene copy number 

changes and point mutations in the relevant genes (Mateo et al., 2015). Some 

data also suggests that applying a broader heuristic based on an overall burden 

of copy number changes (an HRD score) can also predict loss of these genes 

(Telli et al., 2016). Defining MMR deficient tumours in prostate cancer from NGS 

is similar, with deleterious variants in MMR pathway genes limiting function. In 

addition the number of somatic mutations (a ‘tumour mutational burden’ or TMB), 

and the presence of indels and multiple low-frequency variants at short 

nucleotide repeats (termed microsatellite instability, or MSI) may both be 

informative for detecting insufficient MMR (Pritchard et al., 2014; Salipante et al., 

2014). 

 

In this study I sought to develop and test computational approaches to classify 

HR and MMR deficient tumours by comparing copy number calls from targeted 

sequencing panel data with orthologous approaches. I initially focused on 

identifying gene copy number alterations (CNAs), based on targeted amplicon 
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sequencing of a focused gene panel dedicated to identifying DNA repair defects. 

I used a cohort of mCRPC patients to explore the utility of this approach. This 

targeted gene panel focused on the study of 113 genes important to DNA repair 

machinery, including HR genes such as: BRCA2, BRCA1, ATM, PALB2, 

and CDK12 as well as MMR genes including MSH2/6 and MLH1. Other important 

potentially actionable prostate cancer genes were also studied, including AR, 

SPOP, PIK3CA, PTEN, AKT1, AKT2, and MYC. 

 

I also tested a bioinformatic method for the detection of microsatellite instability 

(MSI), applied to samples sequenced using the same targeted amplicon panel 

and compare these data with a set of available orthogonal assays including 

immunohistochemistry and somatic mutation load. Currently, targeted panel NGS 

is not well established for the detection of MSI or MMR defects, so I also sought 

to validate these data with whole-exome sequencing. Accurately classifying 

mCRPC for MMR-defective and HR-defective states will expand the range of 

therapies available for advanced diseases, and enable precision medicine 

approaches in a disease for which these have traditionally been lacking.  
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3.2 Methods 

3.2.1 Patient Selection and Tissue Sample Preparation 

For the targeted-panel copy number analysis, patient tumour (biopsies) and 

germline (buccal swab and saliva) samples were collected as part of the Royal 

Marsden ethics committee–approved CCR2472 protocol. Samples were 

collected, annotated, stored, and reviewed as described previously (Mateo et al., 

2015). This patient cohort is described in Supplemental Table 10-5, with subsets 

for the copy-number (homologous repair/HR) and mismatch repair (MMR)  

samples also shown. Briefly, biopsies were paraffin embedded, DNA from 

biopsies was extracted using the QIAamp DNA FFPE Tissue Kit (Qiagen), 

Quant-iT Picogreen High-Sensitivity double-stranded DNA (dsDNA) Assay Kits 

(Invitrogen, Thermo Fisher Scientific) and QC check by FFPE QC Kit (Illumina) 

as described previously(Nava Rodrigues et al., 2018; Ong et al., 2014; Seed et 

al., 2017). For whole exome analyses (as part of validating copy number events 

or MSI-scores), samples were collated from the SU2C/PCF Prostate Cancer 

Dream Team sample cohort. 

3.2.2 Targeted Panel Design 

A customized Generead v2 DNAseq Panel (Qiagen) panel was used for library 

construction; the exonic regions of 113 genes were included in the targeted 

panel, these being selected for being potentially actionable and/or involved in 

DNA damage repair processes and/or in prostate carcinogenesis (Supplemental 

Table 10-1). The panel covered 564Kb of the human genome, and each of the 

113 genes was covered by an average of 18.69 targeted regions (SD, 13.64). 

3.2.3 Targeted Panel Sequencing 

Targeted amplicon sequencing was performed using the Illumina MiSeq platform 

following the manufacturers' protocol. FASTQ files were generated using the 

Illumina MiSeq Reporter (v2.5.1.3) (Ong et al., 2014). Reads were aligned to the 

human reference genome (hg19) using BWA. Whole-exome sequencing (WES) 

was performed at the University of Michigan (Ann Arbor, MI) as described 

previously (Robinson et al., 2015).  Sequence alignments were performed using 

Burrows-Wheeler Aligner (BWA) tools and the Genome Analysis Toolkit (GATK) 
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variant annotator by the QIAGEN GeneRead Targeted Exon Enrichment Panel 

Data Analysis portal. 

 

FastQC (v0.11.2) and Samtools (v0.1.19) were used to assess sequencing 

quality. Targeted sequencing samples were excluded from copy number analysis 

on the basis of: insufficient (<0.5 million) total read counts, low (<95%) 

percentage of properly paired reads, and low (<99.99%) percentage of on-target 

reads. Exome sequencing samples were rejected if the FastQC per-base quality 

score for 75% of the reads was less than Q20 over the first 80 bases, and 

alignment quality was monitored with Picard, as described previously (Robinson 

et al., 2015). I additionally processed aligned sequencing reads (.bam files) to: a) 

match the UCSC chromosome style (remove “chr” notation for chromosomes), b) 

sort and index the files, using Samtools.  

3.2.4 Array Comparative Genomic Hybridization 

Tumour DNA from prostate cancer patients and male reference DNA from Agilent 

were amplified using Sigma WGA2 Kit (Sigma-Aldrich) according to the 

manufacturer's recommendations, and the amplified DNA was quantified by the 

Qubit fluorometric quantitation method (Thermo Fisher Scientific). Amplified 

tumour DNA (500 ng) was then fluorescently labelled with Cy5, and male 

reference DNA labelled with Cy3, using the SureTag Complete DNA Labeling Kit 

(Agilent Technologies). Labeled DNA was subsequently hybridized utilizing the 

Agilent SurePrint G3 Human CGH Microarray Kit, 4 × 180 K according to the 

manufacturer's instructions. The slides were then scanned and analysed using 

the CytoGenomics Software v 4.0.3.12 (Agilent Technologies). To compare array 

comparative genomic hybridization (aCGH) and NGS results, we used the 

log2 ratio of the aCGH segments that overlap with genes present in the NGS 

panel. Genes not part of a copy-altered segment were included in the analysis by 

using the mean log2 ratio for probes, if the value was no greater than 0.25. Genes 

on the X-chromosome were excluded from comparison with results from the male 

reference–based panel data as a female reference was used for aCGH. 

3.2.5 RB1 Gene Fluorescence In-Situ Hybridization 

RB1 FISH was performed using a standard formalin-fixed, paraffin-embedded 

(FFPE) hybridization method on 3-μm FFPE tissue slices adjacent to hematoxylin 

and eosin sections that were confirmed to contain a minimum of 50 intact cells 
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(Ferraldeschi et al., 2015). Briefly, RB1 status was determined using Vysis LSI 13 

RB1 (13q14) probe (catalog # 08L65-020; Abbott Laboratories) and a reference 

probe Vysis 13q34 (catalog # 05N34-020; Abbott Laboratories). Nineteen z-

stacks were used to assess cell status. 

3.2.6 MMR Protein IHC Staining and Scoring 

FFPE samples were cut in 3-μm sections onto charged glass slides. 

Immunostaining was performed with antibodies against MSH2, MSH6, MLH1, 

PMS2 (M3639, clone FE11, 1:50; M3646, clone EP49, 1:500; M3640, clone 

ES05, 1:100; and M3647, clone EP51, 1:100; Dako, Agilent Technologies), and 

PD-L1 (catalog 13684, clone E1L3N, 1:200; Cell Signaling Technology). Heat-

induced antigen retrieval was performed using Tris-EDTA buffer, pH 8.1, in a 

MenaPath Antigen Access Unit at 125°C for 2 minutes to detect MSH2, MSH6, 

MLH1, and PMS2 or microwave oven for 18 minutes for the detection of PD-L1. 

Endogenous peroxidase was inactivated using 3% H2O2, and nonspecific 

staining was blocked using protein block serum-free solution (X0909, Dako, 

Agilent Technologies). Detection by diaminobenzidine reaction was performed 

using a Dako REAL EnVision Detection System (K5007, Agilent Technologies). 

Scoring of MSH2, MSH6, MLH1, and PMS2 was achieved by segregating cases 

in a binary fashion between positives and negatives using College of American 

Pathologists criteria for biomarker reporting in colorectal carcinomas (Bartley et 

al., 2014).  

3.2.7 PCR MSI Assay 

DNA (1 ng) was amplified using the MSI Analysis System (Promega) according 

to the manufacturer’s protocol. The MSI Analysis System is composed of 7 

fluorescently labeled microsatellites including 5 mononucleotide repeat markers 

(BAT-25, BAT-26, NR-21, NR-24, and MONO-27) for detecting MSI and 2 

pentanucleotide repeat markers (Penta C and Penta D) for sample identification. 

The PCR products were run in an ABI 3730 DNA Analyzer and subsequently 

analysed using GeneMapper 4.0 software (Thermo Fisher Scientific). Samples 

with microsatellite instability in 2 or more loci were defined as MSI-high, whereas 

samples with a single locus were defined as MSI-low; samples were 

microsatellite-stable (MSS) if no instability at any of the loci tested was detected. 

For the purpose of statistical analysis, cases were dichotomized between MSI-

high and MSS/MSI-low. 



 52 

 

3.2.8 NGS Copy Number Calling 

The software CNVkit (v0.3.5) was used to analyse sequencing coverage and 

copy number in the aligned sequencing reads from targeted amplicon 

sequencing of tumour and germline samples (Talevich et al., 2016). Sequencing 

coverage of targeted regions in age-matched male germline samples (not same-

patient) was assessed and used to create pooled reference data that 

incorporated the technical variability at each covered region. Regions that were 

poorly amplified or mapped were masked from further analysis. The analyses of 

germline samples were also performed with CNVkit to confirm reference sample 

quality. The read depths of tumour samples were accessed, normalized 

(corrected for GC content, target footprint size and spacing, and repetitive 

sequences), and individually compared with the reference, and the circular binary 

segmentation (CBS) algorithm was used to infer copy number segments (Olshen 

et al., 2004). Very small copy changes (≤3 bins) were treated as artefactual. Poor 

samples were also identified through high (>0.8) values of the segment 

interquartile range (IQR), a metric for the spread of bin-level copy ratios within 

each segment following application of the CBS algorithm. Copy number 

segments were aligned to genes, and regions bearing a log2 ratio of at least ±0.4 

were identified as suggestive of shallow deletions or gains. Segments with 

log2 <−1.2 were classified as deep deletions, and those with log2 >2 were 

classified as amplifications. Experimental noise was identified as a log2 ratio SD 

of approximately 0.2. 

 

WES CNA data were extracted from a previously reported Su2C-PCF dataset 

(Robinson et al., 2015). Briefly, log2 ratios were derived on a per-gene basis from 

circular-binary segmented, Lowess-normalized log2 transformed coverage ratio 

between each tumour and matched normal sample. The same reference genome 

(hg19) was used for both targeted and whole-exome copy-number datasets.  

3.2.9 NGS MSI Assay 

MSINGS software was used to score samples for an MSI-like phenotype by 

assessing targeted next-generation DNA-sequencing data (Salipante et al., 

2014). I applied a customised approach to modify the system to the computing 

environment available, and the structure of input data. For input to the algorithm, 
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aligned sequencing reads (.bam files) were reformatted using the SAMtools 

(v1.3) multiple pileup (mpileup) utility with the following parameters: max depth (-

d) 10000, count anomalous read pairs (-A), recalculate base alignment quality (-

E), and zero-depth nucleotide positions then excluded (Li et al., 2009). The pileup 

file (.mpileup) was then used as an input to Varscan readcounts (v2.3.7) to 

perform a basic variant-calling step, calculating the reads that support different 

alleles at each position in the list of selected potential msi-loci. A minimum base 

quality of 10 was used as a filter. The resulting data was then used as an input to 

MSINGS (Salipante et al., 2014).  

 

The MSINGS algorithm functions by (a) identifying possible DNA repeat regions; 

(b) examining the frequencies of these alleles bearing varying repeat lengths; 

and (c) comparing these values with a baseline reference from MMR-intact 

specimens. Loci with a significantly higher number of variable alleles are flagged. 

The output (“MSI-score”) is the frequency of flagged loci that feature evidence of 

multiple low-frequency alleles, out of all possible loci in the targeted regions. The 

113-gene targeted amplicon panel data contained 3,214 possible loci.  

 

Prior to running the main algorithm on test samples, I prepared the reference 

dataset by using a combination of both tumour and normal samples, which were 

analysed concurrently to produce an enriched reference set of 698 loci. This is a 

small departure from the standard MSINGS methodology, which typically uses 

only germline (normal) samples for generation of a reference data set. The goal 

of this alteration was to focus on detection of tumour-derived microsatellites. 

3.2.10 NGS Somatic Mutation Load 

Targeted-panel and whole-exome sequencing mutation calling was performed 

with standard procedures as previously described (Ong et al., 2014; Robinson et 

al., 2015). Variants were first processed by removing low-quality mutations: 

haplotype score >200, read depth <60, low mapping quality <40, multi-allelic 

variants, indels, and previously identified false-positives. To identify somatic 

variants in the absence of germline data (in the targeted NGS cohort), variant 

calls were first annotated with Oncotator (v.1.8.0), and then excluded when: the 

allele frequency was greater than 5% across all analysed samples, or if the 

variant was present in 2 or more public mutation databases (dbSNP, ExAC or 

1000Genomes) (1000 Genomes Project Consortium et al., 2015; Lek et al., 2016; 
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Sherry et al., 2001). Mutations present in the COSMIC database a minimum of 

10 times were rescued, and included in the final output (Forbes et al., 2017). 

3.2.11 NGS Mutation Signatures 

Mutation signatures from whole-exome sequencing were collated from somatic 

mutations and the respective nearby nucleotide contexts. Two methods were 

applied to identify signatures from the R-packages SomaticSignatures (v.2.6.1.) 

and NMF (Gaujoux and Seoighe, 2010; Gehring et al., 2015). Overlapping 

signatures from both tools that overlapped previously identified MMR-deficient 

signatures were used to compare with other methods.  

3.2.12 Study Approval 

All SU2C/PCF study individuals provided written informed consent for collection 

of fresh tumour biopsies and for comprehensive molecular profiling of tumour and 

germline samples. All Royal Marsden Hospital patients gave written informed 

consent and were enrolled in institutional protocols approved by the Royal 

Marsden NHS Foundation Trust Hospital (London, UK) ethics review committee 

(reference no. 04/Q0801/60). 
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3.3 Results 

3.3.1 Targeted Panel CNA Calling Identifies Key Events 

Freshly collected metastatic CRPC (mCRPC) biopsies (n = 110) were acquired 

from patients with progressing disease and assessed for copy number changes 

by sequencing with our targeted panel. Germline DNA samples (buccal swab) 

were taken from 34 consenting patients to use as a baseline reference and for 

additional analyses. Tumour biopsies were from: bone (49.1%), lymph nodes 

(35.5%), liver (9.1%), soft tissue disease (3.6%), and transurethral resection of 

the prostate (3.6%). 

 

High GC content and repetitive regions can bias accurately assessing the depth 

of coverage of genes, so I first evaluated CNA reproducibility on a per-gene basis 

between technical replicates (Olshen et al., 2004; Talevich et al., 2016). Thirteen 

samples were sequenced in duplicate to assess technical variation; 12 of these 

duplicate datasets included repeated library preparation from the same DNA 

extraction, while one involved re-sequencing of the same library twice. 

 

 

Figure 3-1 Variability of Per-Gene CNA Qualities 

Not all genes perform equally well in copy-number analyses. The median spread of observed coverage values 

in each segmented gene shows that a subset of genes feature substantial variability across the cohort (A). 

Another subset of genes are common outliers in duplicate sample analysis (B). 

While most genes offered good gene-level CNA data, I identified 15 genes that 

produced less concordant results between replicates, including five small genes 
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with insufficient number of targeted regions (ie. four or less probes) per gene 

(NRAS, NFKBIA, FANCF, FAM46C, CDKN1B), and 10 (MAP2K2, CDKN2A, 

HRAS, RECQL4, NOTCH1, FGFR3, STK11, TSC2, SMARCA4, AXIN1) that 

contained repetitive or polymorphic exonic regions that impeded accurate read 

alignment and possessed high coverage variability (Figure 3-1). These genes 

were excluded from downstream CNA analyses. 

3.3.2 Panel CNA Data is Reproducible  

Following removal of the aforementioned genes, CNA estimates between 

duplicates showed high correlation (Pearson r correlation coefficient = 0.92) 

(Figure 3-2). All genes with deep deletions (log2 ratio, <−1.2) or amplifications 

(log2 ratio > 2) had a similar (at least ±0.4) CNA estimation replicated in the 

duplicate sample. A total of 95% of samples with a log2 ratio change of at least 

±0.4 had a similar result in the duplicate.  

 

A matched germline sample is commonly used for identifying deviations in 

coverage ratios, so we sought to compare this with our pooled reference 

approach. For the pooled reference, we sequenced 34 unmatched germline 

samples (sequencing performed by J.M. and S.C.) and I assessed the depth of 

coverage using the CNVkit software. Regions with low variability were identified 

in the pooled reference and used to weight downstream CNA estimates. This 

approach produced a highly similar result (overall Pearson r = 0.93) when 

compared with the CNA estimation approach using a matched normal as 

reference, when matched normal samples were available (Figure 3-2); however, 

the CNA estimation confidence score (IQR value) was improved when using 

pooled germline samples (paired t test P = 0.05). This was in line with other 

reports that indicated that using pooled germline data as reference offered a 

robust method to identify gene CNAs (Grasso et al., 2015). 
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Figure 3-2 Targeted panel CNAs are highly reproducible 

Correlation of log2 ratio data from the 113-gene panel between technical replicate samples (n=13) was highly 

correlated (A). A matched reference performed similarly to an unmatched pooled reference (n=25) (B). 

Orthogonal validation with (C) exome-sequencing data (n=13) and aCGH (n=9) (D) showed well-correlated 

results for the evaluable genes in the panel, and high correlations for five key CRPC genes of interest (E, F). 

Colours in (E) and (F) indicate gene. Pearson r values are shown. 
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Figure 3-3 BRCA2 Gene Copy Numbers Are Highly Correlated  

Raw gene-level copy number data of the BRCA2 gene shows closely similar results with well-established 

methods of WES and aCGH (n=22). Cells are coloured for copy-losses (blues) and copy-gains (reds), with 

colour saturation reflecting spread of the value away from a neutral copy number (log2 ratio of 0). 

I cross-compared copy number log2 ratios for all evaluable genes on the targeted 

panel with log2 ratios generated by exome sequencing (n = 13; Figure 3-2), 

resulting in a Pearson r correlation coefficient of 0.86. Moreover, all the genes 

with a log2 ratio <−1.2 by targeted sequencing, in keeping with putative “deep” 

deletions, exhibited a similar (at least ±0.4) result in the exome sequencing. For 

example, one sample bore AR amplification (log2 ratio 5.7 in targeted NGS and 

4.91 in WES) alongside WRN deletion (−1.53 vs. −1.17) and ATM deletion (−0.68 

vs. −0.56). We also compared log2 ratios from aCGH segments (n = 9) with gene 

copy number estimations by panel NGS among the genes covered by both 

platforms and found log2 ratios were also concordant (Figure 3-2), with a 

Pearson r value of 0.7. I then sought to further validate copy number calls for 

specific genes of clinical relevance, such as BRCA2, MYC, PIK3CA, PTEN, 

and RB1 (Figure 3-2). For these genes, I found that the targeted panel produced 

results highly concordant with exome sequencing and aCGH data, with 

Pearson r values of 0.91 and 0.84, respectively. All clinically relevant deletions 

of BRCA2 in samples with exome or aCGH data were identified in our panel with 

deletions of varying intensity clearly evident and highly correlated (Figure 3-3). 
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Figure 3-4 Targeted Panel CNAs Match Other Studies 

Binned heatmap (A) of per-gene log2 ratio values shows that gene deletions (blues) and amplifications (reds) 

are detectable in this cohort at expected frequencies. Rows and columns clustered by Ward’s method and 

Euclidean distance for visualisation purposes. The proportion of samples bearing copy changes in these 

samples is similar to those reported in two recently published datasets, from the Fred Hutchinson Cancer 

Research Center (circles) and Stand Up to Cancer Dream-Team (squares) studies (B) (Kumar et al., 2016; 

Robinson et al., 2015). 
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3.3.3 HR Gene CNA Frequencies Match Other Studies  

In addition to validating the reproducibility of the targeted panel data, I sought to 

show that the prevalence of copy-number alterations in this cohort of CRPC 

tumours matched that of other datasets.  

 

CNAs of AR (amplification; log2 > 2) were found in 45.5% (50/110) of tumour 

samples. Broad deletions of chromosome 13 involving the loss 

of BRCA2 and RB1 were detected as previously described with 23 of 26 (88%) 

samples with any BRCA2 loss also having some loss of RB1, while overall 23 of 

66 (34.8%) samples with RB1 loss had loss of BRCA2 

 

Overall, the evaluation of the deep deletions of commonly aberrant CRPC genes 

revealed results in keeping with previous reports from two recent studies of 

CRPC genomics; PTEN genomic deep deletions were detected in 17 of 110 

(15.5%), BRCA2 deep deletion in 5 of 110 (4.5%), and RB1 deep deletion in 9 of 

110 (8.2%) mCRPC biopsy samples (Kumar et al., 2016; Robinson et al., 2015). 

In addition, gain of the MYC locus was found in 36 of 110 samples (32.7%). The 

copy number alteration frequencies in this cohort were in line with expected 

CRPC frequencies (Figure 3-4). 

3.3.4 CNA Calling is Limited by Purity and Heterogeneity 

To explore how tumour purity altered the capacity of this targeted assay to detect 

CNAs, I pursued the serial dilution of tumour DNA acquired from a sample 

estimated by pathology review as having 80% tumour content, with same-patient 

germline DNA (sequencing performed by J.M. and S.C). This sample harboured 

a somatic, BRCA2 homozygous deletion (independently confirmed with WES). 

The resulting dilutions were sequenced with targeted panel NGS and re-analysed 

with CNVkit. I found that homozygous deletions were easily distinguishable with 

tumour content purities >60% and that clonal CNAs were detectable with purity 

as low as 30%. 

 

To examine the ability of DNA sampling methodology to improve tumour material 

acquisition, I analysed a sample for which microdissected DNA was available 

(dissection performed by D.N.R). This sample was originally scored by targeted-

sequencing analysis as bearing a borderline BRCA2 deletion (log2 ratio of −1.15) 

and had a pathologist-estimated tumour purity of ∼40%). Re-sequencing the 
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resulting tumour-enriched DNA sample (purity estimate, ∼80%) and re-analysing 

the CNAs with CNVkit shifted the CNA estimates away from normal, with the 

log2 ratio for BRCA2 dropping to −2.82, an unambiguous homozygous deletion 

(Figure 3-5). 

 

 

Figure 3-5 Tumour Purity Limits CNA Detection 

Serial dilution of a mCRPC tumour sample with matched-patient germline DNA and resequencing (A) highlights 

the functional limits of copy-number detection. Homozygous deletions (BRCA2, PTEN – dark blue), 

hemizygously deleted (RB1 – light blue), copy-neutral (SPOP – grey), and copy-gained (PIK3CA – pink) genes 

are shown. Enriching tumour DNA by microdissection (B) shows a radical increase in detectable signal, with a 

shift in exon-level log2 ratios (blue points) and the corresponding assigned segment (orange line) away from 0. 

The log2 copy ratios estimated from sequencing a bulk of cells, as in this protocol, 

can be biased by tumour sample heterogeneity. To assess this relationship, I 

compared FISH assays of the RB1 gene with the targeted panel data (FISH 

performed by S.M. and scored by D.N.R.), counting the number of cells where 

each copy number (0 through 3+) was observed (Figure 3-6). I found a significant 

association between the proportion of cells with 1 or 0 copies of RB1 detected by 

FISH (ie. hemizygous or homozygous deletions) and putative copy loss inferred 

from our targeted sequencing panel (unpaired t test P = 0.02, n = 18, df = 

15.884). However, the full complexity of aneuploidy in individual tumor cells is 

masked by bulk tissue sequencing, which effectively averages the estimated 

DNA content across all cells in a sample. FISH analyses also revealed that many 

tumour samples contain a mixture of cells with different copy number changes at 

the RB1 locus, in highly heterogeneous cell populations (Figure 3-7). 
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Figure 3-6 Distinguishing copy-number states is limited by tumour heterogeneity 

Stacked bar plot illustrating RB1-FISH statuses in 18 mCRPC samples, with 50 cells scored per sample. 

Colours indicate numbers of RB1 gene detected; dark blue: 0 copies, light blue: 1 copy, white: 2 copies, pink: 3 

or more copies. Samples are split by panel-sequenced RB1 gene deletion status.  

 

Figure 3-7 RB1-FISH shows adjacent cells with variable copy-states 

FISH from sample p.16.0 showing RB1 (red) and reference (green) showing a mixture of: hemizygously deleted 

cells (white arrows) and homozygously deleted cells (orange arrows).  

3.3.5 MSINGS Identifies MSI-loci in CRPCs 

I sought to test the ability of the available targeted panel data to identify MMR-

defective tumours by detection of the microsatellite instability phenotype. I 

applied the MSINGS algorithm to a cohort of 127 mCRPC samples (sequenced 

with the available targeted panel) that also had orthogonal assays available. 

MSINGS works by: constructing a position-based summary of all reads mapping 



 63 

to a set of pre-defined loci, checking for non-reference alleles at these positions, 

and identifying loci that bear numerous alternative alleles, indicating variable 

indel lengths. Samples with high numbers of these loci are termed ‘microsatellite 

unstable’, with a MSINGS score derived from the frequency of unstable to stable 

loci. The targeted panel featured 698 potentially unstable loci. I modified the 

MSINGS algorithm to use a reference dataset assembled from both germline and 

tumour samples, instead of germline alone, to access the maximum number of 

tumour-specific microsatellites.  

 

Figure 3-8 Targeted panel NGS MSI-scoring associates with MMR markers 

Orthogonal assay validation of NGS-assessed microsatellite instability (MSI) shows that it is well correlated with 

somatic mutations, MMR IHC and a commercial MSI assay. 

Numerous unstable loci were detected in this targeted panel cohort, however no 

overall pattern of events emerged (Supplemental Figure 10-1). In this cohort, 

high MSINGS scores were closely aligned with: high somatic mutational load 

(generated by M.C.), IHC for MMR proteins (prepared by I.F. and D.N.R.), and 

results from an orthogonal PCR-based assay (run by M.B.L.) (Figure 3-8). 

However, the overall frequency of possibly MSI-high tumours in this mCRPC 

cohort was low (~5-8%). A cut-off of 0.0244 with this targeted MSINGS panel had 

an AUC of 0.79, a sensitivity of 60%, and a specificity of 98% to predict MMR 

cases defined positive by IHC and/or pcr-MSI (Figure 3-9). 
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Figure 3-9 Targeted Panel Data is Predictive of MMR Defects 

ROC curves of MSINGS and somatic mutational load scores predicting MMR protein loss or pcr-MSI assay 

positivity. Sensitivity was 60% and 78% respectively, while specificity was 98% and 72%.  

3.3.6 Further MSI Validation Confirms Panel NGS Data 

To confirm the viability of MSI testing from NGS data in CRPCs, I applied the 

MSINGS algorithm to a set of whole-exome sequencing samples generated as 

part of a Su2C/PCF funded effort. These samples (n=254) had targeted 

sequencing MSI data available, and the scores were correlated (r = 0.73, P < 

0.0001) (Figure 3-10). Mutation signature analyses (performed by W.Y. and an 

external collaborator D.L.) revealed that samples with high MSINGS scores had a 

strong correlation with high numbers of mutations linked to MMR-derived 

signatures (Figure 3-10). COSMIC signatures 6 and 26 were strongly associated 

with MMR deficient tumours in this cohort (Forbes et al., 2017). Interestingly, 

several cases in this cohort exhibited high quantities of MMR-like mutations but 

had a modest MSINGS score and expressed normal quantities of MMR proteins.  
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Figure 3-10 Whole-exome sequencing validation of MSI-scoring 

Targeted panel and whole exome NGS MSI-scores are well correlated (A) (Pearson’s r = 0.73). MSINGS results 

showed limited correlation with an MMR-deficient gene activity (RNA) signature (B). Whole-exome MSI-scores 

were associated with both a higher overall count of somatic mutations and MMR-deficient mutational signatures 

(C).  
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3.4 Discussion 

This chapter details approaches to robustly identify clinically viable copy-number 

changes in mCRPC biopsies through the application of targeted sequencing. This 

can support classification of mCRPC tumours as HRD-defective (~30 of cases), 

primarily through accurately calling losses of key tumour suppressor genes such 

as BRCA2. The results generated by this method are also comparable with 

widely used assays, including exome sequencing, aCGH, digital droplet PCR, 

and FISH. I also confirmed that using a pooled reference provides copy-number 

calls equally accurate to those generated by using matched normal sample, 

raising the possibility of stratifying patients even in situations where only tumour 

DNA is available, and also potentially reducing the sequencing cost of large 

studies.  

 

The gene panel I utilised also covered several key genomic aberrations that are 

of emerging interest as possible clinically predictive biomarkers that may be 

actionable in prostate cancer, including loss of PTEN, gain of PIK3CA, and 

amplification of MYC (de Bono et al., 2019; Crumbaker et al., 2017; Ferraldeschi et 

al., 2015; Reid et al., 2010; Sarker et al., 2009; Wee et al., 2014). The frequencies 

of the genomic events that I observed were in line with other recently reported 

studies of mCRPC copy-number changes (Robinson et al., 2015). 

 

However not all genes performed equally well in this analysis (including FGFR3 

and SMARCA4). There are several sources of possible noise: genes are 

distributed unevenly throughout in the genome, are of variable length, and may 

feature repetitive or high-GC regions that limit accurate read alignment. In 

addition, amplicon sequencing (as opposed to capture-based techniques) 

generates very little off-target reads (reads mapped to regions not targeted in the 

panel), which could otherwise be used to copy-number calls by providing 

coverage estimates throughout the genome (Talevich et al., 2016; Zare et al., 

2017). Due to varying primer sets used for amplification, different targeted panels 

may perform differently for CNA estimation, and are likely to require separate 

validation. 

 

As I show here, the relative purity of tumour cells to normal cells in the biopsied 

material applies hard limits to detection of CNAs in this technological setting, 

particularly in the context of tumour heterogeneity. These represent challenges 
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for all bulk sequencing applications, and I estimate that interpreting CNA data 

from targeted NGS sequencing of samples with less than 30% tumour purity may 

be challenging. My data also show that it is possible to mitigate these limitations 

by modifying sample collection procedures (i.e. microdissection) to enrich for 

tumour cells prior to sequencing. The manner in which tumour biopsy DNA is 

collected and enriched is a vital consideration for clinical applications of tumour 

genomics. 

 

I went on to apply the MSINGS algorithm for identification of the MSI phenotype 

in a cohort of samples sequenced using the same targeted-amplicon panel. In 

concert with somatic mutations and copy-number changes in MMR genes, these 

data show that targeted panel NGS can classify MMR-defective CRPC tumours, 

which are an emerging subtype of clinical interest in cancer (Nava Rodrigues et 

al., 2018; Pritchard et al., 2014).  

 

I validated the MSINGS results against orthogonal assays for MMR pathway 

deficiency, including IHC and PCR-based assays. The targeted-panel data were 

also highly correlated with whole-exome derived MSINGS results, with an entirely 

different set of loci considered for analysis. Collating the MSINGS results and 

somatic mutation load, in addition to specific alterations in MMR genes (such as 

deletions or mutations in MLH1 and MSH2/6, which were observed in these 

analyses) can therefore be used to identify a discrete subset of CRPCs (around 

~5-10% of the population). While the varying approaches I show here were 

overall well correlated, there is observable noise, which is related to the 

challenge of using systemic continuous variables rather than binary decisions. 

Classifying an individual based on the presence of a single event, such as the 

presence or absence of a specific mutation, is a simpler task than classifying 

based on a collection of biomarkers – such as numeric values of mutation load or 

MSINGS.  

 

Taken together, these results show the validation and clinical application of a 

accessible next-generation sequencing-based assay capable of categorising a 

substantial proportion (~40%) of mCRPC tumours into two categories of DNA-

repair deficiencies.   
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 Prognostic and Predictive Studies of Low-

Pass Plasma NGS 

4.1 Introduction 

4.1.1 Specific Hypotheses 

• Taxanes are used to treat mCRPC and other cancers, and tumour 

genomics studies can identify those that benefit from these drugs. 

• Plasma cell-free DNA offers key insights into tumour genomics but is 

limited by low tumour purity. 

• Copy number events are characteristic of CRPC genomes, and studying 

CNAs in a cohort of individuals treated with taxanes may identify 

associations with treatment resistance and sensitivity. 

4.1.2 Specific Aims 

• Use low-pass whole genome sequencing to generate copy-number 

profiles from cfDNA samples acquired from men with mCRPC treated with 

taxanes on two prospective phase 3 trials (FIRSTANA and PROSELICA). 

• Validate methodology and demonstrate reproducibility and sensitivity of 

these assays. 

• Address tumour purity in these serial cfDNA samples, acquired pre- and 

post-treatment and assess their utility as markers of response. 

4.1.3 Research in Context 

• Taxane are commonly used to treat multiple cancer types, with docetaxel 

and cabazitaxel approved for treating mCRPC.  

• No stratification exists for treating prostate tumours with taxanes.  

• Taxanes interfere with microtubule function by stabilising tubulin, thereby 

impacting mitosis and tubulin-dependent interphase interactions.  

• There are limited options for monitoring taxane response, and no genomic 

stratification exists for this class of chemotherapy in prostate tumours.  
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• I analysed lp-WGS data from plasma cell-free DNA, collected from 

individuals treated on two trials of taxane therapies, for genome-wide 

copy number changes.  

• Changes in tumour purity and other genomic signals offer an insight into 

disease progression. 

 

In advanced cancers – including prostate cancer – taxane-based chemotherapies 

are frequently used. Taxanes exhibit chemotherapeutic activity by binding to 

microtubules and preventing their disassembly, leading to cell-cycle arrest and 

resultant apoptosis (Jordan and Wilson, 2004). Taxanes are also thought to have 

some anti-androgenic properties; having been shown to potentially block nuclear 

translocation of the microtubule-dependent androgen receptor (AR) (Fitzpatrick 

and de Wit, 2014). In prostate tumours, Docetaxel was the first to lead to an 

improvement in overall survival (OS), prostate-specific antigen (PSA) falls and 

quality of life in mCRPC in two phase III trials (Berthold et al., 2008; Tannock et 

al., 2004). Cabazitaxel, a semi-synthetic taxane, was devised to overcome the 

emergence of taxane-resistance and has been shown to be efficacious in the 

post-docetaxel setting (de Bono et al., 2010). Taxanes are not currently applied 

in a ‘precision medicine’ context, as they are a broad-spectrum chemotherapy. 

Potential sources of stratification for these drugs are therefore of keen interest.  

 

Whilst both of these licensed chemotherapeutic agents result in demonstrable 

improvements in OS, PSA and quality of life, responses are variable and 

resistance inevitable. Monitoring response to treatment using available 

biomarkers, such as changes in prostate-specific antigen (PSA) and radiographic 

changes in bone disease can poorly reflect taxane anti-tumour activity, and 

superior clinical variables are much needed. Recent work has shown that 

mCRPC treatment response can also be monitored using plasma cell-free DNA 

(cfDNA); this can be both quantitative and qualitative (Annala et al., 2018; Mehra 

et al., 2018). Using these liquid biopsies to monitor disease has many 

advantages, and when analysed with next-generation genomics, cfDNA offers 

key insights into the elements driving an individual’s disease (Carreira et al., 

2014; Goodall et al., 2017).  

 

Low-pass whole genome sequencing is an effective approach to assess genome-

wide copy number events, with advances in technology making this more cost-

efficient and allowing for a high-throughput analyses of samples (Ulz et al., 
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2016). Aside from gene-level copy number events, other signals from sequencing 

cfDNA, such as whole genome copy-number burden and average copy-number 

fragment size have also been shown to be informative (Hieronymus et al., 2014; 

Wu et al., 2018). Several studies have shown that tumour purity estimated from 

cfDNA has value as a surrogate marker for tumour burden, although the precise 

origins and precise clinical use has not been fully established (Aucamp et al., 

2018; Nygaard et al., 2014; Valpione et al., 2018). 

 

In this study I sought to apply lp-WGS based copy number profiling to cfDNA 

samples acquired from prospectively collected clinical trial samples and therefore 

linked with detailed, high quality clinical data, with the goal of identifying 

prognostic as well as predictive biomarkers of taxane sensitivity. I accessed 

survival and response data from individuals treated on two trials of taxane 

chemotherapy, one taxane naïve and the other taxane pre-treated. In addition to 

identifying markers of poor prognosis, I pursued the study of tumour purity – ie, 

the proportion of tumour derived DNA from the overall quantitiy of circulating 

DNA - in serial samples as a measure of response to treatment. 
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4.2 Methods 

4.2.1 Sample Collection and Processing 

Blood samples were collected from patients treated on the FIRSTANA and 

PROSELICA clinical trials; study designs for both trials have been reported 

previously (Eisenberger et al., 2017; Mehra et al., 2018). The primary endpoint 

for both studies was OS, with secondary endpoints including radiological 

progression free survival (rPFS), PSA response and pharmacokinetics. Sanofi 

Aventis (S.A.) provided clinical data as a database. Clinical data included 

baseline measurements for: prostate specific antigen (PSA), lactate 

dehydrogenase (LDH), haemoglobin (HB), serum albumin (ALB), alkaline 

phosphatase (ALP), and Eastern Cooperative Oncology Group performance 

status (ECOG PS). Serial blood samples for cfDNA analyses were collected 

prospectively in both trials at two baseline timepoints screening (SCR) and Cycle 

1 Day 1 (C1), and at Cycle 4 Day 1 (C4) and where possible when a patient 

came off treatment (End of Study; EOS).  Blood was collected in lithium heparin 

tubes, as when these studies were initiated STRECKTM tubes were not available 

(BD Vacutainer; BD Biosciences, San Jose, CA, USA). Healthy volunteer plasma 

(n=10) was collected in STRECKTM tubes and pooled prior to library preparation.  

4.2.2 Cell-Free DNA Extraction and Quantification 

Cell-free DNA (cfDNA) was isolated from 1-4mls of plasma using QIAamp 

Circulating Nucleic Acid kit (Qiagen, Hilden, Germany) as per manufacturer's 

protocol. Of the 60ul eluate, 3ul were used for quantification using the Quant-IT 

Picogreen HS DNA kit (ThermoFisher, Massachusetts, USA) as per 

manufacturer's protocol, and concentrations read on a BioTek microplate 

spectrophotometer at 480ex/520em.  

4.2.3 Library Preparation and Sequencing 

Following extraction and prior to library preparation the samples were treated 

with heparinase I (Sigma-Aldrich, Missouri, USA) as per the manufacturer's 

guidelines. Heparinase concentration was titrated per sample (1U of heparinase 

to clean 1ug of DNA), vortexed briefly, spun down and incubated at 37C for 2 

hours (Taylor, 1997). Following this, low-pass whole genome library preparation 

was carried out using the QIAGEN QiaSeq FX DNA library kit (96) as per 
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manufacturer's guidelines. Samples were then sequenced on the Illumina 

NovaSeq 6000TM (Illumina, San Diego, USA). Technical replicate samples were 

prepared as above and then sequenced on the Illumina MiSeq (Illumina, San 

Diego, USA) as previously described (Mateo et al., 2015). 

4.2.4 NGS Data Processing 

Low-pass WGS sequencing data was converted to Paired-end reads using 

Illumina bcl2fastq2 software (v.2.17.1.14, Illumina) with the default filters to select 

sequence reads for downstream analyses. All sequencing reads were aligned to 

the human genome reference sequence (GRCh37) using the BWA-MEM 

(v.0.7.12) algorithm, with indels being realigned using the Stampy (v.1.0.28) 

package to produce aligned read files (.bam format). Quality control checks were 

performed using Picard CollectWgsMetrics (v.2.8.1) and FASTQC (v.0.11.8.). 

Samples were excluded if coverage of less than 0.05X was achieved or if overall 

read quality by FASTQC was classed as a failure.  

 

Aligned reads (.bam) were converted into interval-formatted counts of reads 

(.wig) using HMMcopy readCounter (v. ABC) with quality filter set to 20 and 

interval width set to 500kb. Copy-number (CN) modelling of read depth data was 

performed using ichorCNA (v0.1.0). Transition strength parameters (--txnE and --

txnStrength) were set at 0.99999 and 100000 respectively, and the maximum 

copy number was set to 20 to account for high-level amplifications. Normal 

contamination (initial values 40% to 90%), ploidy (initial values 2 and 3), and sub-

clonal events were modelled. The previously generated 500kb reference 

coverage and GC-content data supplied with the ichorCNA software were used.  

4.2.5 Data Handling and Statistical Analyses 

The ichorCNA software provides segmented copy data with both integer copy 

values and broad classifications, ranging from homozygous deletion to high-level 

amplification (Adalsteinsson et al., 2017). I further processed the results in R 

(v3.6.1). Segment copy-states were normalised to the inferred sample ploidy by 

deducting the ploidy value from the segment copy number, to remove spurious 

copy-gains due to overall triploid or tetraploid whole-genome ploidy states 

(common in mCRPC). In addition, homozygous deletions were re-classified as 

hemizygous if the log2-ratio of the segment was greater than -0.4. In this study, 

amplifications were defined as having 6 or more copies than the sample ploidy.  
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Survival analyses were performed using R (v.3.6.1) with the survival (v.2.44-1.1) 

and survminer (v.0.4.4) packages. Genome and chromosome-level visualisations 

were produced using karyoploteR (v.1.10.4) and GenomicRanges (v.1.36). 

Forest plots were produced using the forestmodel (v.0.5.0) package. Cox 

proportional-hazards models were used for multivariable survival analysis. 

Kaplan-meier curves and log-rank tests were used for univariable survival 

comparisons. For logistic regressions, a binomial (logistic) generalised linear 

model framework was used with the stats package (v.3.6.1). Unpaired tumour 

purity comparisons were made using the Wilcoxon rank-sum test as implemented 

in the ggpubr package (v.0.2.1) 
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4.3 Results 

4.3.1 Low-pass WGS Provides High-Quality Copy Number Data 

I accessed lp-WGS data that was generated from 528 samples acquired at three 

time-points pre- and post-taxane treatment (Baseline [SCR and C1], C4, and 

EOS). The samples were split between the FIRSTANA (FIRS) and PROSELICA 

(PROS) cohorts as shown below (Table 4-1). FIRSTANA represents individuals 

who had no prior taxane exposure, while PROSELICA patients had at least one 

course of prior docetaxel (Supplemental Figure 10-2). This supplied 188 unique 

patients. Some patients were excluded from analyses due to low coverage 

metrics (a median coverage less than 0.05X) or missing baseline samples 

(Figure 4-1). Due to financial limitations, this represents a small proportion of the 

total number of patients treated on the two trials, and was 

 

 Baseline   

 SCR C1 C4 EOS 

FIRSTANA 101 55 77 57 

PROSELICA 84 33 58 63 

Table 4-1 Breakdown of cfDNA-lpWGS sample data available for downstream analysis across timepoints.  
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Figure 4-1 Available samples for baseline studies. 

Flow chart showing substudy design following collation of samples that passed quality control sequencing. 

Some samples were excluded from multivariable analyses due to missing clinical variables. 

For analysis of baseline genomic data, I preferentially selected screening 

samples (n=185), but included several (n=3) samples collected at Cycle 1 for 

individuals who had no screening sequencing data available. Of these baseline 

samples, 5 were excluded from multivariable analysis due to missing clinical 

variables (Figure 4-1).  

 

For sequencing (performed by S.S.), average cfDNA input was 10ng, and the 

average sequencing depth achieved for the sample cohort was ~1.7X (n=528, 

median = 1.72, SD = 1.23). Copy number frequencies generated by ichorCNA 

were plotted as log2 ratios along with the assigned segments, showing that 

profiles consistent with emergent CRPC subtypes are clearly visible including: 

sparse alterations with highly focal amplifications (including AR), frequent large-

scale copy number changes previously described in homologous repair deficient 
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tumours, and a ‘sawtooth’ profile with numerous small-scale events previously 

linked to CDK12 deficient tumours ( 

Figure 4-2, below) (Wu et al., 2018). 

4.3.2 The characteristics of this cohort match other studies 

I collated the genome-wide copy number profiles of the baseline sample cohort 

(n=188), and calculated the frequency of aberrations (shallow/hemizygous 

deletion, deep/homozygous deletion, copy-gain, and amplification) at each 500kb 

genomic bin (Figure 4-3, below). These results show a similar profile to the 

publicly available International Stand Up To Cancer/Prostate Cancer Foundation 

(SU2C/PCF) Prostate Cancer Dream Team dataset of whole exome sequencing 

performed from 150 mCRPC biopsies (Robinson et al., 2015). The lp-WGS 

dataset featured events characteristic of CRPC genomes, with frequent 

amplifications of AR (~30%) and MYC (~13%), copy-gain of PI3KA (~45%) and 

copy-loss of NKX3-1 (~75%), RB1 (~70%) and PTEN (~50%). 

 

Comparing the baseline clinical characteristics of this subset of patients studied 

herein to the wider trial population (data collated by S.S.) shows some minor 

differences, despite random selection of patients for analysis. Significant 

(p=<0.05, unpaired t-test) differences were observed in ALB, HB and pain in the 

FIRS substudy patients compared to the overall FIRS population; while a 

difference in PROS substudy patients was observed for age, ALP, HB and PSA. 

No difference in response data, however, was found in either substudy 

population. Comparing the characteristics of FIRS and PROS patients showed, 

as previously reported, significant differences in ALP, LDH, HB, and PSA. 

Response rates were also lower in PROS (38%) compared to FIRS (68%), in line 

with patients receiving second line chemotherapy (Mehra et al., 2018; Oudard et 

al., 2017). Similarly, median overall survival for FIRS was longer than PROS (~22 

months compared to ~13 months). 



 

Figure 4-2 Example CNA profiles found in this cohort 

Three genome-wide copy-number aberration plots from samples analysed during this study, showing per-bin log2 ratios (grey points) and assigned segments (orange lines). Characteristic prostate 

cancer events are observable in each case including AR amplification and chromosome 8 losses/gains. The samples include a case with modest alterations and several highly focal amplifications 

(A), a case with large chromosome-spanning changes (B) and a case exhibiting frequent small alterations throughout the genome (C). 
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Figure 4-3 Comparing CNA frequencies between studies 

The genome-wide low-pass WGS copy number profiles of the baseline cfDNA samples analysed in this study (A) closely match the data from the Stand Up to Cancer mCRPC dataset (B) [ref]. 

Characteristic alterations are seen (chr8p deletions, chr8q amplifications, chr13 deletions, chrX amplifications).



 

4.3.3 Biological and Technical Replicates are Closely 

Correlated 

A baseline sample is shown in (Figure 4-4, below) where common CRPC 

aberrations are clearly visible, including broad arm-level copy events of 

chromosome 8 with NKX3-1 (loss) and MYC (gain) as well as RB1 loss on 

chromosome 13 in the context of an unaltered BRCA2. This sample, which had 

an estimated lp-WGS generated tumour purity of 50% (ie. the proportion of 

tumour-derived DNA in the total cfDNA concentration) was then diluted using a 

pool of healthy volunteer cfDNA, fresh sequencing libraries prepared, and 

resequenced (performed by S.S.) to assess how the same sample performed at 

decreasing purity levels. The copy number profiles of these technical replicates 

(diluted to 40%, 20%, 10% and 5% purity) were well correlated, with a high 

concordance of called copy-number events. Overall, the lp-WGS estimated 

tumour purity values for these dilutions were strongly correlated (Figure 4-5, 

below) with the target dilution value (Pearson’s r = 0.994). As the concentration of 

tumour-sample derived DNA drops, the log2-ratios of copy-number segments 

move closer to 0, the neutral value. This is illustrated by linear modelling of the 

dilution samples (Figure 4-5), showing the regression line trend to horizontal as 

the purity decreases. 

 

To assess how consistently the lpWGS assay would perform at different 

timepoints and study biological variability over time, I sought to compare same-

patient biological replicates. Screening and cycle 1 samples, taken at 2 separate 

blood draws but within 14 days of each other and without any interim treatment, 

for 85 pairs were analysed (Figure 4-6, below). Despite being collected at 

different pre-treatment baseline time-points (approximately one week apart), the 

per-bin log2 ratio profiles correlate well between these biological replicate 

samples (Pearson’s r=0.778). Estimated lp-WGS-derived tumour purities were 

also correlated but exhibited greater variation (Pearson’s r = 0.656), particularly 

at higher purity values. For subsequent analyses, I elected to use predominantly 

screening samples so as to have a single baseline sample for each patient. 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4-4 Dilution and resequencing of technical replicates 

A sample with high (ichorCNA-predicted 50%) tumour purity (A) and clearly observable CNAs was diluted and resequenced (B), with similar genome-wide results observed at each dilution value. As 

before, grey points are genomic bins and orange lines are assigned segments.



 

Figure 4-5 Technical replicate validation 

The lpWGS copy-number calling was well correlated across technical replicates. Purity values predicted by 

ichorCNA (y-axis) correlate well with the estimated dilution (x-axis) concentration (A). Linear modelling of the 

diluted sample CNAs correlated with the original sample demonstrate the effect of a falling DNA concentration 

(B). 

 

Figure 4-6 Biological replicate correlation 

Same-patient biological replicates (taken ~1 week apart) show well correlated log2 ratios (B) and WGS-inferred 

tumour purity values (B). Screening samples (x-axis), Cycle 1 samples (y-axis)



4.3.4 Baseline Tumour Purity Values are Highly Prognostic But 

Not Predictive of Drug Response 

I assessed baseline lp-WGS data for all 188 individuals, and observed no 

significant differences in tumour purity or ploidy (Figure 4-7) between the two 

clinical trials (Wilcoxon rank-sum test p-values of 0.29 and 0.75 respectively). 

Interestingly, there was however a significant increase in the number of copy-

number segments called in baseline PROSELICA compared to baseline 

FIRSTANA (Wilcoxon p-value of 0.045), perhaps indicating a change in genomic 

composition following therapy. Patients were then classified by median baseline 

cfDNA tumour purity values for univariable survival analysis (ie. high or low 

purity). This stratification was highly prognostic of overall survival (OS) in both 

FIRSTANA (log-rank test p-value 0.0056) and PROSELICA samples (log-rank 

test p-value <0.0001), with the high purity group (i.e. greater than the median 

purity value 9.56%) having a ~10 months shorter median overall survival than the 

low-purity group (Figure 4-8, below). 

 

Figure 4-7 Baseline genomic characteristics of lpWGS cohort 

Violin plots showing distribution of observed genomic characteristics for baseline FIRSTANA (green) and 

PROSELICA (violet) cohorts. Neither lp-WGS estimated purity (A) and ploidy (B) values were significantly 

different between studies. More copy-number segments were observed in PROSELICA when compared to 

FIRSTANA (C), however. 
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Figure 4-8 Baseline tumour purity values are highly prognostic of overall survival 

Segregation of lp-WGS derived tumour purity into high (yellow) and low (blue) groups shows that it is highly 

prognostic in both FIRSTANA (A) and PROSELICA (B) with ~10 months difference in median survival in both 

patient cohorts. 

For 183/188 patients who had complete clinical data sets, I applied a 

multivariable Cox proportional hazard model to assess the impact of tumour 

purity on overall survival (OS) (Figure 4-9, below) and a multivariable logistic 

regression model to examine the likelihood of response to treatment (Figure 

4-10). While baseline tumour purity (treated as continuous variable) from lp-WGS 

was prognostic for overall survival (HR = 4.42, CI: 1.09-17.82, p=0.037), it was 

not predictive of response to taxanes (OR = 3.75, CI: 0.22-83.01, p=0.377), 

indicating that tumour burden does not dictate drug responsiveness. Taxane 

response was classed as having either radiographic tumour shrinkage or a 50% 

PSA fall. In addition, other clinical variables (ECOG status, the presence of 

visceral metastases, baseline LDH and HB concentrations) were also 

significantly associated with shorter survival. Some clinical variables were 

associated with tumour purity (Supplemental Figure 10-4), although interestingly 

the presence of visceral metastasis was not. None were predictive of response to 

taxane chemotherapy, however.  
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Figure 4-9 Multivariable prognostic model for tumour purity 

Tumour purity estimated by lp-WGS is prognostic for tumour overall survival in a multivariable (cox proportional 

hazards model) context, alongside other established prognostic variables.  

 

Figure 4-10 Multivariable predictive model for tumour purity 

Tumour purity is not predictive of drug response status in a multivariable logistic regression model.  

The inclusion of these variables was based on a published set of prognostic 

variables for mCRPC studies (Halabi et al., 2014). Study ID (ie. being enrolled on 

PROSELICA rather than FIRSTANA) was also associated with both shorter 

overall survival and a lower response rate, which is expected due to PROSELICA 
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being overall a more advanced and heavily treated cohort. These variables were 

broadly in line with expected results for metastatic CRPC cancers, and were 

broadly representative of the overall clinical trial population from which these 

samples were drawn as shown in Supplemental Table 10-7. Some minor 

differences were observed: 

• PROSELICA patients in the cfDNA sub-study were younger at diagnosis 

(p-value 0.01). 

• Serum alkaline phosphatase concentration was greater in the 

PROSELICA sub-study compared to the wider PROSELICA population 

(p=0.02). 

• Serum haemoglobin concentration was significantly less in both 

FIRSTANA and PROSELICA sub-studies (p=0.01,0.02 respectively). 

• Prostate-specific antigen (PSA) concentration was greater in the 

PROSELICA sub-study compared to the wider PROSELICA population 

(p=0.001). 
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4.3.5 Serial cfDNA Tumour Purity Measures Associate with 

Treatment Response 

I examined individual patient datasets, and observed that longitudinal changes in 

tumour purity corresponded with response status. Copy number profiles from the 

same patient are shown (Figure 4-11) at three time points (baseline/C4/EOS), 

and an initial clinical response to therapy matched with a fall in tumor purity at 

C4. By EOS the patient had evidence of disease progression coinciding with a 

rise in lp-WGS tumour purity and detectable copy number events in the EOS 

sample. 

 

Figure 4-11 Example purity changes in a taxane-responsive patient 

Copy-number plots showing genomic regions (grey points) and assigned segments (orange lines) for three 

same-patient samples at baseline, on-treatment (cycle 4) and end of treatment timepoints. Tumour-derived copy 

number changes disappear in the on-treatment sample, but return by the end of treatment. This individual was 

classed as a responder. 

These changes were also evident across the entire cohort (unmatched; all 

evaluable samples analysed), with the proportion of low tumour purity  (<5% 

purity) cases being highest at C4 (48% of cases) increasing from 23% at 

baseline. Responding individuals (either exhibiting a radiological or PSA-defined 

response) exhibited significantly decreased (Wilcoxon rank-sum test p value < 

0.05) tumour purity values at both on treatment (C4) and end of treatment (EOS) 

compared to non-responding cases across both trials (Figure 4-12).  
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Figure 4-12 Decreases in tumour purity on treatment indicate therapy response 

Box-and-whisker plots showing lp-WGS tumour purity values split between taxane responders (orange) and 

non-responders (grey), across screening (SCR), cycle 4 (C4D1) and end of study (EOS). Samples are 

segregated between FIRSTANA and PROSELICA trials. Significant differences in tumour purity were observed 

at C4 and EOS across both trials. Wilcoxon Rank Sum test p-values are shown. 

 

Patients where matched baseline (SCR samples preferred except in 3 cases 

where no SCR was available and C1 was used instead) and on treatment (C4) 

timepoints with complete clinical data were available (n=132) were grouped into 4 

categories based on their baseline and on treatment (C4) purity states. These 

were defined as high or low purity (split by the median baseline value in this 

subset of ~9.4%) and classified as: 1) Baseline High; C4 High, 2) Baseline High; 

C4 Low, 3) Baseline Low; C4 Low; 4) Baseline Low; C4 High. Logistic regression 

was used for multivariable analysis of the impact of these categories on response 

rates (Figure 4-13, below). Both Baseline high; C4 low and baseline low; C4 low 

were significantly associated with a higher likelihood of response to taxanes. As 

before, study (PROSELICA) was associated with a lower response rate.  
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Figure 4-13 Stratification by tumour purity enables use as a response factor 

Forest plot showing multivariable cox-proportional hazards model. Patients are stratified based on high or low 

tumour purity at baseline (BL) and on-treatment (C4) timepoints.  
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0.62

0.73

0.29

0.91

0.21

0.46

0.36
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4.4 Discussion 

This chapter details the analyses of cell-free DNA collected from two prospective 

Phase 3 clinical trials of mCRPC with taxane-based chemotherapy: FIRSTANA, 

taxane naïve patients treated with docetaxel or cabazitaxel and PROSELICA, 

patients with prior docetaxel exposure treated with two different doses of 

20mg/ml2 or 25mg/ml2 of cabazitaxel (Oudard et al., 2017). There was no 

significant differences in survival outcomes between the three arms in FIRSTANA 

or the two arms in PROSELICA, which demonstrated non-inferiority. These data 

show that low-pass (~1.5X) whole genome sequencing is capable of producing 

sensitive, high-quality and reproducible copy-number profiles. In addition, this 

methodology (using ichorCNA) allows for the estimation of tumour purity (the 

proportion of tumour DNA in the total cfDNA concentration), a signal distinct from 

specific genomic alterations. In cases with very low purity values, detecting 

precise CNAs can be challenging: but low tumour purity is also a prognostic 

factor in mCRPC itself. I also show that that thanks to the broad coverage and 

high quantity of data points available for each potential copy-number segment, 

plausible CNAs can be detected at tumour purities as low as 5%. These data 

agree with previously published analyses of cfDNA CNAs, and the suggested 

functional limits of lpWGS (Adalsteinsson et al., 2017; Johansson et al., 2019). 

While the biological replicate data were linearly correlated, some variation was 

observed, particularly in purity values, which is likely due to biological variation, 

as cfDNA production is a dynamic, variable process (Bromberg et al., 2017). 

 

I have shown that baseline values of tumour purity are strongly prognostic in both 

univariable and multivariable analyses, with a substantial increase of hazard 

even in the presence of other known clinical variables. In addition, I have found 

that tumour purity was independently associated with other clinical variables. 

These data are similar to previously published studies of total cell free DNA 

concentration; specifically, Mehra et al showed that baseline cfDNA 

concentrations correlated overall survival, with a hazard ratio of 1.53, a significant 

result but a smaller effect than this study, reflecting the difference between 

assays (Mehra et al., 2018). However, using the concentration of cell-free DNA 

as a clinical vairable alone may to be less sensitive than tumour purity estimation 

from lpWGS, as a significant proportion of cfDNA has been shown to be from 

non-tumour sources (Aucamp et al., 2018; Bronkhorst et al., 2019). 
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Studying samples collected at different time-points shows that longitudinal 

changes in tumour purity values reflect response to therapy, as tumour DNA 

concentration in the plasma in responding patients falls due to reduced tumour 

burden. I found significant changes in both studies at both on-treatment and end 

of study timepoints. This supports the concept that tumour purity is representative 

of overall tumour burden; therefore these assays may provide a response 

biomarker capable of tracking treatment response – in addition to providing 

potentially clinically actionable CNAs (Nygaard et al., 2014; Valpione et al., 

2018). 

 

I did not observe any association of baseline tumour purity values with drug 

response, which confirms data from Mehra et al, and suggests that tumour purity 

is unlikely to serve as a predictive biomarker for response to taxanes (Mehra et 

al., 2018). The trends for prognostic and response analyses were consistent 

across both FIRSTANA and PROSELICA cohorts, despite different clinical 

backgrounds, indicating that these approaches have a broad applicability.  

 

This study may be limited by some inadvertent sample selection: samples were 

sequenced preferentially on the basis of detectable DNA in the plasma, so this 

may represent a biased group of cases. This is an intrinsic limitation of the assay, 

however: blood samples without available DNA cannot be sequenced. Advanced 

prostate cancer overall does have, however, some of the highest quantities of 

cfDNA compared to other adult solid tumour types, making these studies 

especially feasible in mCRPC (Perkins et al., 2012). The availability of 

STRECKTM tubes to better collect the plasma may improve cfDNA acquisition 

when concentrations are low and improve the future feasibility of these studies. 

 

To summarise, here I show that patient tumour burden can be accurately and 

reproducibly estimated by application of low-pass WGS to cfDNA, and have 

clinical use as markers of survival and drug response. Tumour purity 

measurements compete with other well-characterised clinical biomarkers, and 

have a strong association with survival on treatment with taxanes. It was not, 

however, able to predict drug response.  
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 Genomic Copy-Number Signatures of 

Taxane Chemotherapy 

5.1 Introduction 

5.1.1 Specific Hypotheses 

• Certain copy-number alterations present in CRPC genomes may provide 

sensitivity or induce resistance to taxane chemotherapy. 

• Chemotherapy levies a pressure on tumours that may select for or 

against these aberrations. 

• These aberrations may change in frequency between treated and 

untreated cohorts.  

5.1.2 Specific Aims 

• Examine the impact of copy-number burden on overall survival, 

radiographic progression-free survival, and response to taxane 

chemotherapy. 

• Examine differences between the FIRSTANA and PROSELICA cohorts in 

terms of CNA frequencies, and longitudinally within these cohorts. 

• Expand this approach by screening all available genomic regions for 

survival and response associations. 

5.1.3 Research in Context 

• I have shown in Chapter 4 that low-pass WGS is capable of providing 

accurate copy number data, with alterations corrected for estimated 

tumour purity and ploidy measurements.  

• Aside from tumour purity, specific CNAs are likely to be prognostic of 

survival in the FIRSTANA and PROSELICA cohorts. 

• Mechanisms of resistance and sensitivity may, however, involve multiple 

diverse processes rather than one specific alteration, and tumour CNAs 

are frequently large in size, spanning many genomic bins. 

 



 92 

I have shown in chapter 3 that targeted NGS analyses can stratify around 40% of 

mCRPCs into clinically actionable subtypes based on deficiencies in DNA repair. 

In chapter 4, I found that lpWGS analysis of cfDNA was capable of providing 

robust whole-genome copy-number profiles, and that in addition the proportion of 

cfDNA comprised of tumour-derived DNA was highly prognostic of overall 

survival. As this cfDNA dataset was derived from individuals treated with taxane 

chemotherapy (commonly used in multiple tumour types), I attempt in this 

chapter to, in an unsupervised manner, identify genomic predictive biomarkers in 

CRPCs that may provide useful stratification for taxane treatments, similar to the 

classifications for PARP inhibitors and immune checkpoint inhibitors. Currently, 

no such classification exists, and taxane therapies are applied without molecular 

stratification, despite over half the patients not demonstrating a response, and 

many having significant side effects.  

 

Data has emerged highlighting the role of tumour copy-number burden in multiple 

tumour types, including prostate cancer, with high values associated with poor 

survival and higher risks of relapse (Hieronymus et al., 2014, 2018). CNA burden 

is associated with aneuploidy (and genomic instability), similar to the results of 

taxane treatment. Varying results have been shown for a possible relationship 

between genome instability and taxane resistance – with both pro- and anti-

survival effects demonstrated (Jamal-Hanjani et al., 2015; Swanton et al., 2009).  

 

In this chapter, I explore the possibility that copy number burden could associate 

with taxane response status. I go on to explore the changes in CNA frequencies 

between cohorts, which may be induced by taxane therapy, and identify 

significantly altered regions. In addition, as the available dataset is not limited to 

single genes, I also depict the chromosomal regions identified by a genome-wide 

screen for association with response and survival.   
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5.2 Methods  

5.2.1 Sample Selection and Data Collection 

Samples were collated and initial data processed as described in Chapter 4 from 

the FIRSTANA and PROSELICA clinical trials. FIRSTANA included patients who 

had had no prior taxane exposure, although most had had hormone therapy, and 

the population was randomised to docetaxel or cabazitaxel (20 and 25 mg/ml2). 

Patients enrolled on PROSELICA had all been previously treated with docetaxel, 

and were randomised to two different doses of cabazitaxel (20 and 25 mg/ml2). 

The details of both trials have been previously published (Eisenberger et al., 

2017; Oudard et al., 2017). 

5.2.2 Data Analysis 

As in Chapter 4, I used ichorCNA to generate whole genome CNA data from 

cfDNA for each sample, in addition to purity and ploidy estimates. A bin size of 

500kb was used. 

 

To access bin-level copy number ratios, I intersected each sample’s ichorCNA 

segment data with the initial 500kb intervals used for collation of coverage data 

(n=5226). Intersection and management of genomic coordinate data was 

performed using the GenomicRanges (v.1.36.0) package in R. 

 

When analysing genomic data, I excluded samples that had an estimated tumour 

purity of less than 5%. Whole-genome and chromosome plots were generated 

using the karyoploteR package (v.1.10.4). 

5.2.3 Statistical Modelling 

For univariable and multivariable models predicting response to therapy, I used 

generalised linear models (as logistic regressions), provided by the glm() function 

from the stats package (v3.6.1) in R. Survival models were built using the coxph() 

function from the survival package (v2.44-1.1). ‘Study’ (ie. FIRSTANA or 

PROSELICA) was included as a co-variable in both logistic and survival models. 

Where stepwise selection was used to modify multivariable models, the Akaike 

information criterion (AIC) was used in a bi-directional manner using the 

stepAIC() function from the MASS (v7.3-51.4) package. Elastic net regressions 
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were performed using the glmnet (v2.0-18) package, with optimal lambda values 

estimated by: bootstrapping over the cv.glmnet() function, using 10-fold cross 

validation each time, and returning the lambda with the minimum mean lambda 

value across all bootstraps. This lambda value was used as an input parameter 

for the final elastic net, and the alpha parameter was set to 0.5, as a compromise 

between lasso (fewer final variables) and ridge (more final variables).  
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5.3 Results  

5.3.1 Copy-Number Burden and Taxanes 

Following exclusion of samples with less than 5% purity, 144 baseline samples 

were available, split between FIRSTANA (n=75) and PROSELICA (n=69) 

cohorts. Both sample sets featured frequent CNAs with a large proportion 

(median 47%) of the genome impacted. 

 

To investigate the potential impact of overall genomic copy number burden, I 

performed multivariable analyses of baseline CNA data, with variables 

representing: the estimated ploidy value, the number of assigned CNA segments, 

and the overall proportion of the genome impacted by a CNA (Figure 5-1).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5-1 Multivariable models of CNA burden 

Forest plots showing models of (A) drug response (logistic regression), (B) overall survival (Cox proportional 

hazards) and (C) radiographic progression-free survival (Cox proportional hazards) models for copy number 

burden data. 

 

I found that the percentage proportion of the genome impacted by a CNA 

modestly associated with odds of responding to therapy; a higher percentage 

associated with higher odds (p=0.03). This was not reflected in the OS or RPFS, 

however. The estimated ploidy value did not associate with either drug response 

A 

Drug Response 

B 

Overall Survival 

 

C 

Progression-Free 
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or overall survival. Interestingly, there was an association between the number of 

copy-number segments and a slightly poorer overall survival (p=0.02), although 

the change in hazard was modest (HR 1.01). This was supported by the RPFS 

(p=<0.001), although again the change in hazard was again slight (HR 1.02). 



5.3.2 Baseline CNA Frequency Differences Between Cohorts 

 

Figure 5-2 Genome-wide copy number frequencies observed in the FIRS and PROS baseline cohorts 

Stacked plots indicating CNA frequencies and p-values of fisher’s exact tests comparing gains and losses between FIRS and PROS baseline cohorts. Frequencies displayed for copy-gains (pink), 

amplifications (red), copy-losses (light blue) and deletions (navy). P-values presented as –log10 transformed.
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To assess changes in CNA frequency between cohorts, I compared the 

frequency of copy-gains and copy-losses in a genome-wide manner (Figure 5-2). 

This analysis offers an unbiased approach. Additionally, while many statistical 

tests are performed as part of this analysis, individual CNA data points are not 

unrelated, with many adjacent bins bearing similar results. For this reason, and 

as this is a hypothesis-generating analysis, I did not perform multiple testing 

correction. 

 

When comparing FIRS (taxane naïve) baseline samples against PROS 

(docetaxel treated) baseline samples, although both cohorts had broadly similar 

mCRPC-like profiles, I found that several regions showed highly significant (p <= 

0.01) shifts in either copy-gain or copy-loss CNA frequencies: chr1 (211-

230.5Mb), chr5 (59.5-63Mb and 71-73Mb), chr6 (70-72Mb, 79.5-8Mb, 99-

100.5Mb), chr7 (27-33Mb and 67-72Mb) and X (34-34.5Mb), covering 60 bins 

and 30Mb in total. Each bin is 500kb in size – the input bin size selected for the 

copy number analysis. 

 

Several other regions displayed some significance (p <= 0.05), including areas 

on chromosomes 2, 3, 10, 13, 15, 17, 20 and 21 (along with wider areas on 1, 5, 

6, 7 and X) (Figure 5-2). In total, 491 bins (245.5Mb) exhibited some significant 

changes for either copy-gain or -loss frequencies. 



 

5.3.3 Longitudinal CNA Frequency Shifts in FIRSTANA and PROSELICA 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5-3 Genome-wide copy number frequencies observed in the FIRS baseline and end of study cohorts 

Stacked plots indicating CNA frequencies and p-values of fisher’s exact tests comparing gains and losses FIRSTANA baseline and end of study sample sets. Frequencies displayed for copy-gains 

(pink), amplifications (red), copy-losses (light blue) and deletions (navy). P-values presented as –log10 transformed. 
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Figure 5-4 Genome-wide copy number frequencies observed in the PROS baseline and end of study cohorts 

Stacked plots indicating CNA frequencies and p-values of fisher’s exact tests comparing gains and losses PROSELICA baseline and end of study sample sets. Frequencies displayed for copy-gains 

(pink), amplifications (red), copy-losses (light blue) and deletions (navy). P-values presented as –log10 transformed. 
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I performed similar analyses comparing the longitudinal (baseline to end of study) 

FIRSTANA and PROSELICA sample cohorts. When comparing baseline (n=75) 

and EOS (n=33) samples from FIRSTANA, several regions (on chromosomes 6, 

9 10, 14 and 15, 146 bins and 73Mb) were highlighted as having significant 

changes (p<0.05), surprisingly almost all distinct from those in the prior 

comparison of baseline FIRS/PROS samples (Figure 5-3).  

 

There were, however several regions that were significantly (<0.05) altered in 

both this comparison and the BL FIRS/PROS analysis, including chr6 139Mb-

140Mb (q23) and chr15 36-37Mb (q14). CNAs in these regions may be related to 

changes induced by chemotherapy. 

 

I performed similar analysis using the PROSELICA cohort, comparing baseline 

(n=69) and EOS (49) samples, and found that far fewer regions showed a 

significant frequency shift: only six bins, of which two overlapped with those from 

the BL FIRS/PROS: chr5 53-56Mb (q11) and chr5 71-73Mb (q13) (Figure 5-4). 

This is perhaps unsurprising, since the PROSELICA cohort were already 

docetaxel exposed. 

 



5.3.4 Whole-Genome Screening of Response Associations 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5-5 Genome-wide screen for response-associated CNAs 

Stacked plots showing: univariable logistic regression results for CNAs in each binned genomic region (A), -log10 p-values shown (copy-gain red, copy-loss blue), with significant regions highlighted 

in green; the regions (green) retained after variable selection with elastic net regression (B); the input CNA data for this analysis with copy-gains in red and copy-losses in blue, sorted by response 

status.
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To identify genomic regions that were significantly predictive of a change in drug 

response in an unsupervised manner, I performed a multi-step analysis on the 

baseline data set to identify areas in the binned genomic CNA that can be 

candidates for predictive biomarkers of drug response, and convert the bins into 

merged genomic regions (Figure 5-5). The approach was as follows: 

 

1. Sequentially apply a univariable logistic regression model, as before, to 

each genomic bin, and identify regions with any significant (<0.05) copy-

gain or copy-loss associations with taxane response. At the start of this 

analysis, 762 bins were included. 

2. Use these regions as input variables for a penalised elastic-net regression 

model, which performs a multivariable analysis and shrinks coefficients 

that do not contribute to the model. This results in a small set of variables 

suitable for further analysis, n=56. 

3. As the data features many variables that are highly collinear with each 

other (ie. regions of CNA cover many bins and have similar results in 

each bin), and elastic-net regression tends to exclude these variables, 

expand the list of variables with any other adjacent bins that have highly 

(r>0.9) correlated CNA data, n=246.  

4. Collapse the set of bins (each one 500Kb) into broader genomic regions 

(of varying length), based on adjacency (a gap of 10Mb was permitted 

between regions). This resulted in 9 broad regions, covering 152Mb. 

5. Calculate the modal value of CNA of bins within that region for use in 

downstream regression models. 

6. Perform follow-up multivariable logistic and survival analysis on the final 

variables.  

 

I applied multivariable modelling on the 9 genomic regions highlighted using this 

methodology, for both drug response and survival (Figure 5-6, below). I 

performed stepwise selection to refine the set of variables for the final models. 

Six regions were retained in the multivariable analysis, with all these final regions 

showing some association with drug response. In addition, I did not distinguish 

between varying intensities of CNA in the subsequent analyses, ie. between 

hemi/homozygous deletions, or copy-gain/amplification. I made two small 

modifications to the models: including a variable ‘Study’ in all analyses (including 

nominally univariable models), as both studies had different response rates; and 

for CNAs with extremely low event frequencies (ie. copy-losses or gains 



 104 

occurring in less than 10% of cases) these were merged with the ‘Neutral’ 

category, to avoid over-interpreting results with very sparse events.  

 

Some regions had significant associations with response ratio and changes in 

survival time.  

• Copy-losses in the chr15 (30-63.5Mb) region strongly associated with 

response with a 64.5% response rate (p=0.002, OR 4.55), and an 

improved OS (p=0.01, HR 0.58), although RPFS did not appear 

associated (p=0.87, HR 1.05).  

• A region on chr19 (12.5-24.5Mb) also displayed a clear result, with copy-

gains having a significantly worse response rate of 33.3% (p=0.005, OR 

0.2), and shorter OS and RPFS (p=0.03 and 0.01, HR 1.67 and 2.12).  

• Aberrations on chromosome 6 (29-65Mb) in this cohort presented 

counterintuitive results: both copy gains and losses were associated with 

improved response rates (71.4% and 65.2%), which were statistically 

significant (p=0.008 and 0.030, ORs 5.27 and 4.93), however there was 

no multivariable association with OS or RPFS.  

 

These regions are interesting candidates for predictive biomarkers. In 

particular, chromosome 15 has been highlighted in section 5.3.2 and 5.3.3, 

and contains several genes of interest – including the BUB1B and PAK6 

locus. Both genes are serine/threonine kinases with links to cell cycle 

progression and mitosis. Additionally, following false discovery rate correction 

(using the Benjamin-Hochberg procedure, with the initial univariable statistical 

tests), this region was also the only one remaining with a significant (<0.05) 

p-value.



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5-6 Final multivariable models of unsupervised genomic regions 

Forest plots showing models of (A) drug response, (B) overall survival and (C) radiographic progression-free survival for CNA data derived from genomic regions highlighted in unsupervised 

analyses. Variables for tumour purity and study are included to model the impact of tumour burden and varying hazard between cohorts, respectively.  

A Taxane Drug Response B Overall Survival C Radiographic  

Progression-Free Survival 



5.4 Discussion 

Currently, no genomic stratification for taxane treatment exists. I illustrated in 

Chapter 4 how lpWGS from cfDNA offers high-quality genome-wide CNA data, 

but is limited by tumour purity. I also showed that tumour purity is itself highly 

prognostic, and may be considered a surrogate marker for tumour burden. 

Critically, I found that changes in cfDNA tumour purity associate with drug 

response status, but baseline concentrations did not. In this chapter, my work 

focused on first examining the impact of copy-number burden on clinical 

outcome, before studying on the genomic differences observed between patients 

with varying amounts of prior treatments (taxane naïve vs docetaxel pre-treated), 

and between taxane non-responders and responders. 

 

The CNAs studied in these analyses are typically large in scale, frequently 

covering tens of thousands of nucleotides and hundreds of genes. Therefore, 

while studying individual genes is of interest in certain contexts, here I performed 

genome-wide studies to try and identify clinically relevant loci. Dissecting these 

loci with further functional studies will be key to identifying mechanisms impacting 

taxane sensitivity. This cohort of patients represents a set of advanced diseases, 

progressing on prior hormone therapies, and all bear significant genomic 

aberrations that likely drive their disease. This may explain why CNA burden was 

not strongly associated with survival or response in these data, compared to 

other studies. 

 

There are no published tools or ‘best practices’ for the application of clinical 

statistical models to genome wide copy-number data, so for this study I designed 

an approach that was both conceptually simple and statistically robust. I did not 

include false-discovery rate (FDR) correction during the initial univariable 

analysis step, as the number of variables analysed would reduce the number of 

potential hits to a negligible number, and this step was designed to provide hits 

for further validation, rather than fully explain the variables. Additionally, FDR 

correction may not be appropriate to CNA data, due to the presence of large 

regions of near identical p-values. However, the subsequent use Elastic-net 

regression avoids some of the pitfalls related to multiple testing, and I carefully 

merged adjacent genomic loci to avoid having multiple highly collinear variables 

in the final models. Interestingly, several genes of interest are located in the 
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highly significant chr15 (30-63.5Mb) region, including BUB1B and PAK6, both of 

which have been implicated in taxane resistance and sensitivity (Bargiela-

Iparraguirre et al., 2014; Wen et al., 2009). Defining and exploring the genes of 

interest in these regions will require future studies.  

 

In summary, in this chapter I have sought to examine changes in CNA profiles 

due to taxane therapy, and identify potential predictive factors that may explain 

drug resistance or sensitivity. I found no association with CNA burden and 

taxanes, although this may be related to the cohort analysed in this study. 

However, several genomic regions were highlighted in this dataset, which may 

provide a valuable starting point for further investigations. These results are to be 

considered hypothesis-generating, and therefore validation of these regions with 

independent samples and orthogonal technologies will be key, with identification 

of the genes responsible crucial to offering a clinical stratification for taxanes.  
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 Supervised Analysis of Taxane Associated 

Molecular Pathways 

6.1 Introduction 

6.1.1 Specific Hypotheses 

• The mechanism of action of taxanes relies on inhibition of mitosis and cell 

cycle interruption, and molecular pathways that control these processes 

may play a role in taxane resistance and sensitivity. 

• Taxanes bind directly to beta-tubulin subunits present in microtubules, so 

CNAs of this gene family may impact drug efficacy.  

• Key copy-number events found in mCRPCs may play roles in taxane 

chemoresistance, in addition to serving as prognostic markers.  

6.1.2 Specific Aims 

• Analyse a targeted set of tubulin family genes for both changes in CNA 

frequency and also clinical impact. 

• Similarly, test previously highlighted gene copy-number events in other 

important molecular pathways for prognostic and predictive impact in the 

FIRSTANA and PROSELICA cohorts.  

• Distinguish between predictive and prognostic CNAs in these cohorts. 

6.1.3 Research in Context 

• I have shown in Chapter 5 that several genomic regions are associated 

with changes in response and survival. 

• Additionally, I detected significant alterations in the frequency of CNAs 

between untreated and treated sample sets.  

• Studies have reported several possible mechanisms for taxane 

resistance, but there are currently no predictive biomarkers in place for 

stratifying patients for taxane therapy. 

• Tubulin genes are an axis of potential taxane resistance due to these 

being the main drug target, with these being commonly altered in many 

tumour types. 
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In chapter 4 I showed that lpWGS analyses can provide robust CNA data, and in 

chapter 5 I found that several regions, such as on chromosomes 2, 6, 15 and 19 

may contain key genes that confer taxane resistance or sensitivity. Various 

studies have also implicated several functional pathways in taxane resistance, so 

here I seek to test molecular pathways for significant clinical associations. 

  

The taxanes are a class of agents that bind to the beta-tubulin protein, which 

normally forms heterodimers with alpha-tubulin and subsequently assembles into  

microtubules (a key part of the mitotic spindle) (Fitzpatrick and de Wit, 2014; 

Ganguly et al., 2012; de Leeuw et al., 2015; Parker et al., 2014). Microtubule 

function relies on being able to rapidly polymerise and depolymerise, growing 

and shortening in a dynamic process. Taxane binding, promotes over-

stabilisation of the complex, preventing depolymerisation, which traps the 

filament in place, thus limiting microtubule function, preventing cell division and 

interphase functions. Identified in the 1970’s, paclitaxel was the first of this drug 

class, followed by subsequent developments of docetaxel and cabazitaxel, 

sharing the same chemical backbone but with modified functional groups (de 

Bono et al., 2010; Bumbaca and Li, 2018; Tannock et al., 2004).  

 

 

Figure 6-1 Tubulin dimers and microtubule assembly 

Tubulin α and β isoforms heterodimerise before aligning head-to-tail into protofilaments, and then polymerising 

together (13 filaments together) into hollow microtubules (Saeidi et al., 2014). 

The numerous possible combinations of alpha and beta tubulin isoforms, along 

with post-translational modifications, allow for regulation of heterodimer binding 
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affinities and thus downstream microtubule dynamics (Miller et al., 2010; Vemu et 

al., 2017). Differential tubulin isoform expression is found between different 

healthy tissues, and represents a method of control for core cellular processes, 

such as cell division and motility. 

 

The acquisition of mutations in βI-tubulin (TUBB), particularly at residues 270 and 

364, has been associated with taxane resistance in cell line models (Bumbaca 

and Li, 2018; Giannakakou et al., 1997). Another site between residues 215 and 

228 has been implicated as well; as with other variants the precise mechanism of 

resistance remains unknown, although the position of variants around the taxane 

binding site is suggestive (Gonzalez-Garay et al., 1999). Heightened expression 

of the β3 isoform (encoded by the TUBB3 gene) has also been associated with 

reduced sensitivity to taxanes and poorer survival in multiple tumour types, 

although it has also been linked to other therapies including hormone treatment 

(Hwang et al., 2013; Loeser et al., 2017; Ploussard et al., 2010; Sobue et al., 

2016). One study reported frequent copy number events and expression changes 

in both tubulin family members and tubulin-associated genes, including both 

TUBB and TUBB3, in paclitaxel resistant breast cancer cell lines (Nami and 

Wang, 2018). These tubulin-based adaptive mechanisms have been observed 

across the various members of the taxane family of drugs (to varying degrees), 

including cabazitaxel, which was engineered to bypass docetaxel resistance 

(Duran et al., 2015; de Leeuw et al., 2015). Aside from providing mechanisms of 

resistance, modulation of tubulin family proteins in cancer cells is likely to provide 

a broad suite of pro- and anti-oncogenic processes, thanks to diverse roles in the 

cytoskeleton, cell motility and intracellular transport (Cirillo et al., 2017; Ganguly 

et al., 2012; Parker et al., 2014).  

 

Multidrug Resistance (MDR) family proteins are also well established as causes 

of chemotherapy resistance across cancer types by transporting chemicals out of 

the cell. Members of the ABC protein superfamily (featuring ATP-binding 

cassettes), such as ABCB1 and ABCC4 have been demonstrated to confer 

taxane resistance (Duran et al., 2015; Oprea-Lager et al., 2013; Sissung et al., 

2008). Some cell lines that resist docetaxel are sensitive to cabazitaxel, which 

has reduced affinity for MDR-mediated efflux (Fumoleau et al., 2013; Oprea-

Lager et al., 2013).  
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Additionally, several key CRPC oncogenic pathways, including the androgen 

receptor pathway, the PI3K-AKT axis, and cell cycle regulation have been 

reported to impact on taxane resistance or sensitivity (Duran et al., 2015; Wang 

et al., 2013). Several studies have shown that the tumour microenvironment can 

play a role in tumour cell survival in the presence of taxanes. MDSCs may induce 

senescence, protecting tumours from spindle poisons by slowing cell division, 

and interestingly tumour cells may shelter within the perivascular niche, protected 

by interactions with neighbour cells and vascular endothelium (Carlson et al., 

2019; Di Mitri et al., 2014; Kampan et al., 2015). The development of cancer 

stem cells has also been shown to provide some protection from taxane-induced 

cell death, with high expression of stem cell markers (CD133, CD44) linked to 

this phenomenon (El-Khattouti et al., 2014; Mittal et al., 2017).  

 

It is clear that a plethora of approaches are available for tumour cells to escape 

microtubule-induced arrest, ranging from specifically removing drug molecules 

from the cytosol to induction of senescence and alternative mechanisms of cell 

division. In this chapter, I plan to interrogate a select group of genes previously 

reported in taxane chemoresistance, to explore the possibility that copy number 

changes common to CRPCs could provide predictive biomarkers. I also present 

here comparisons in CNA frequencies between taxane-naïve and taxane-treated 

cohorts, and data showing treatment-induced changes in CNA frequency over 

time.   
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6.2 Methods  

6.2.1 Sample Selection and Data Collection 

Samples were collated and initial data processed as described in Chapter 4 and 

5 from the FIRSTANA and PROSELICA clinical trials. FIRSTANA included 

patients who had had no prior taxane exposure, although most had had hormone 

therapy, and the population was randomised to docetaxel or cabazitaxel (20 and 

25 mg/ml2). Patients enrolled on PROSELICA had all been previously treated 

with docetaxel, and were randomised to two different doses of cabazitaxel (20 

and 25 mg/ml2). The details of both trials have been previously published 

(Eisenberger et al., 2017; Oudard et al., 2017). 

6.2.2 Data Analysis 

As in Chapters 4 and 5, I used ichorCNA to generate whole genome CNA data. 

 

As before, to access Per-gene copy number data, I intersected each sample’s 

ichorCNA segment data with the genomic coordinates. Gene coordinates for 

hg19 retrieved using biomaRt (v2.36.1). When analysing genomic variable data, I 

excluded samples that had an estimated tumour purity of less than 5%.  

6.2.3 Statistical Modelling 

For univariable and multivariable models predicting response to therapy, I used 

generalised linear models (as logistic regressions), provided by the glm() function 

from the stats package (v3.6.1) in R. Survival models were built using the coxph() 

function from the survival package (v2.44-1.1). ‘Study’ (ie. FIRSTANA or 

PROSELICA) was included as a co-variable in both logistic and survival models. 

Where stepwise selection was used to modify multivariable models, the Akaike 

information criterion (AIC) was used in a bi-directional manner using the 

stepAIC() function from the MASS (v7.3-51.4) package.  
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6.3 Results  

6.3.1 Frequency Changes in Tubulin Genes 

Beta-Tubulins are the target of taxane cytotoxics. Due to the reports implicating 

regulation of tubulins in: a) tumour development and b) taxane drug sensitivity 

and resistance, I pursued an investigation of tubulin genes and tubulin-beta 

specific chaperone proteins (Bumbaca and Li, 2018; Giannakakou et al., 1997; 

Hwang et al., 2013; Nami and Wang, 2018; Ploussard et al., 2010). Following the 

generation of whole-genome copy number profiles, I intersected those data with 

the genomic coordinates of this gene set. Genes analysed are shown in Table 

6-1. All tubulin group genes and chromosomal coordinates were accessed from 

the Hugo Gene Nomenclature Committee database, retrieved 2nd of July 2019. 

Adjacent genes were merged, as shown below in Table 6-1. 

 

I excluded any samples with <5% tumour purity from all subsequent analysis of 

genomic data, as these would erroneously appear to be false-negatives. This left 

144 Baseline (BL) and 82 End-of-Study (EOS) samples available for study, split 

between the FIRSTANA (FIRS) and PROSELICA (PROS) cohorts.  

 

 

  

Table 6-1 Tubulin genes and beta-tubulin chaperones selected for analysis 

Gene Group Chrom Band 

TBCE Chaperone 1 q42.3 

TUBA3D/TUBA3E Tubulin A 2 q21.1 

TUBA4A Tubulin A 2 q35 

TBCA Chaperone 5 q14.1 

TUBB2A/TUBB2B Tubulin B 6 p25.2 

TUBB Tubulin B 6 p21.33 

TBCC Chaperone 6 p21.1 

TUBE1 Tubulin E 6 q21 

TUBB4B Tubulin B 9 q34.3 

TUBB8 Tubulin B 10 p15.3 

TUBAL3 Tubulin A 10 p15.1 

TUBA1A/TUBA1B/TUBA1C Tubulin A 12 q13.12 

TUBA3C Tubulin A 13 q12.11 

TUBB3 Tubulin B 16 q24.3 

TUBG1/TUBG2 Tubulin G 17 q21.2 

TUBD1 Tubulin D 17 q23.1 

TBCD Chaperone 17 q25.3 

TUBB6 Tubulin B 18 p11.21 

TUBB4A Tubulin B 19 p13.3 

TBCB Chaperone 19 q13.12 

TUBB1 Tubulin B 20 q13.32 

TUBA8 Tubulin A 22 q11.21 
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I first assessed frequency changes in the overall unmatched cohort between 

baseline FIRSTANA and PROSELICA samples. The results are shown in 

(Supplemental Table 10-3). I found that:  

• TBCE (tubulin beta chaperone E, chr1 q42.3) and TUBB1 (tubulin beta 1 

class VI, chr 20 q13.32) were copy-gained at significantly higher 

frequencies in PROSELICA (taxane pretreated) baseline samples 

compared to FIRSTANA (taxane naïve) baseline samples. The TBCE 

copy-gain frequency changed from 35% to 53%, (p=0.04), while TUBB1 

copy-gain frequency changed from 39% to 58%, (p=0.03). 

• No significant changes in copy-loss frequency were observed, although 

TUBE1 (tubulin epsilon 1, chr6 q21) losses increased from 33% in FIRS 

BL to 48% in PROS BL (but this was not statistically significantly, p=0.08). 

 

I went on to examine the longitudinal changes in the FIRSTANA trial (between BL 

and EOS timepoints). No genes exhibited statistically significant changes, 

although I observed that: 

• Copy-losses of TUBB (tubulin beta class 1, chr6 p21.33) increased from 

11% to 24%, although this was a not a statistically significant change 

(p=0.08).  

• Copy-gains of TUBB8 increased from 7% to 18% (with a reduction in 

copy-losses of 39% to 27%), although this again was not statistically 

significant (p=0.088) (Supplemental Table 10-3).  

No significant changes were observed in the PROS BL/EOS analysis, which is 

relatively unsurprising, as this cohort had already had prior taxane exposure. 

 

Using McNemar’s test for paired data sets to examine shifts in proportion, I 

analysed same-patient longitudinal matched samples: FIRSTANA had 29 pairs 

available, while PROSELICA had 43.  

• In FIRSTANA, I found that: TUBAL3 (tubulin alpha like 3, chr10 p15.1) 

had a significant shift in the frequency of copy losses, with 6 aberrations 

in FIRS found in baseline samples that were all absent by EOS (p=0.041).  

• In the PROS cohort (n=43 matched sets) the TUBA1A/B/C locus (tubulin 

alpha isoforms a/b/c, chr12 q13.12) showed a marked increase in copy-

gains between BL and EOS (p=0.027), with 9 additional events from 

baseline to EOS (Supplemental Table 10-4).  

The limited number of paired samples may limit interpretation of these data. 
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6.3.2 Univariable and Multivariable Associations of Tubulin 

Genes with Taxanes 

I performed univariable analyses of the gene set for both response and survival 

associations. As before, I included the ‘Study’ variable to account for biases due 

to varying response rates between cohorts. I did not distinguish between varying 

intensities of CNA in the subsequent analyses, ie. between hetero/homozygous 

deletions, or copy-gain/amplification. I made two modifications to the univariable 

models: including a variable ‘Study’ in all analyses, as both studies had different 

response rates; and for CNAs with extremely low event frequencies (ie. copy-

losses or gains occurring in less than 10% of cases) these were merged with the 

‘Neutral’ category, to avoid over-interpreting models with very sparse events. 

 

 

 Raw Counts (Percentages) Logistic Regression Results for Response Prediction 

 Losses Gains Losses Gains 

Gene 
Responders 

Non-
Responders 

Responders 
Non-

Responders 
OR CI p-value OR CI p-value 

TBCE 7 (38.9) 11 (61.1) 32 (51.6) 30 (48.4) 0.59 0.19-1.76 p=0.349 1.41 0.67-3.00 p=0.368 

TUBA3D 22 (47.8) 24 (52.2) 12 (75.0) 4 (25.0) 1.19 0.56-2.54 p=0.650 4.38 1.33-17.43 p=0.021 

TUBA4A 12 (46.2) 14 (53.8) 21 (61.8) 13 (38.2) 1.13 0.45-2.83 p=0.799 2.16 0.93-5.14 p=0.076 

TBCA 24 (45.3) 29 (54.7) 13 (72.2) 5 (27.8) 1.04 0.50-2.18 p=0.913 2.67 0.87-9.29 p=0.097 

TUBB2A 23 (52.3) 21 (47.7) 17 (70.8) 7 (29.2) 1.94 0.89-4.36 p=0.100 4.49 1.64-13.59 p=0.005 

TUBB 12 (63.2) 7 (36.8) 20 (64.5) 11 (35.5) 3.15 1.10-9.71 p=0.036 2.87 1.21-7.15 p=0.019 

TBCC 13 (61.9) 8 (38.1) 22 (73.3) 8 (26.7) 3.26 1.19-9.52 p=0.024 4.66 1.87-12.66 p=0.001 

TUBE1 28 (48.3) 30 (51.7) 0 (NaN) 0 (NaN) 1.16 0.58-2.36 p=0.672 NA NA NA 

TUBB4B 8 (44.4) 10 (55.6) 30 (62.5) 18 (37.5) 1.3 0.43-3.86 p=0.630 2.63 1.23-5.82 p=0.014 

TUBB8 25 (43.9) 32 (56.1) 7 (46.7) 8 (53.3) 0.73 0.35-1.50 p=0.393 1.01 0.31-3.26 p=0.990 

TUBAL3 26 (43.3) 34 (56.7) 7 (46.7) 8 (53.3) 0.68 0.33-1.39 p=0.291 0.97 0.29-3.14 p=0.955 

TUBA1A 6 (40.0) 9 (60.0) 16 (48.5) 17 (51.5) 0.81 0.25-2.54 p=0.722 0.89 0.39-2.03 p=0.783 

TUBA3C 27 (56.2) 21 (43.8) 13 (48.1) 14 (51.9) 1.8 0.84-3.97 p=0.136 1.39 0.55-3.57 p=0.489 

TUBB3 54 (53.5) 47 (46.5) 0 (NaN) 0 (NaN) 2.18 1.03-4.80 p=0.046 NA NA NA 

TUBG1 17 (60.7) 11 (39.3) 16 (55.2) 13 (44.8) 1.83 0.75-4.59 p=0.191 2.04 0.84-5.07 p=0.118 

TUBD1 17 (65.4) 9 (34.6) 21 (50.0) 21 (50.0) 2.55 1.00-6.92 p=0.056 1.6 0.73-3.59 p=0.244 

TBCD 10 (55.6) 8 (44.4) 29 (52.7) 26 (47.3) 1.66 0.57-5.05 p=0.357 1.62 0.78-3.44 p=0.200 

TUBB6 16 (57.1) 12 (42.9) 22 (45.8) 26 (54.2) 1.85 0.73-4.81 p=0.198 1.04 0.48-2.25 p=0.928 

TUBB4A 22 (53.7) 19 (46.3) 10 (43.5) 13 (56.5) 1.39 0.63-3.08 p=0.416 0.71 0.26-1.87 p=0.492 

TBCB 12 (48.0) 13 (52.0) 16 (47.1) 18 (52.9) 1.04 0.41-2.66 p=0.929 0.87 0.38-2.00 p=0.748 

TUBB1 0 (NaN) 0 (NaN) 35 (50.7) 34 (49.3) NA NA NA 1.52 0.76-3.11 p=0.245 

TUBA8 36 (55.4) 29 (44.6) 0 (NaN) 0 (NaN) 1.7 0.86-3.41 p=0.131 NA NA NA 

Table 6-2 Univariable analyses of taxane-response associations for copy-gains and copy-losses in tubulin 

genes 

I found that several tubulin family genes were univariably associated with drug 

response (Table 6-2).  

• Copy-gains of the TUBA3D/TUBA3E locus (tubulin alpha 3D and 3E, chr2 

q21.1,  ~11% of cases) were significantly associated with better response 

with a response rate of 75% (p=0.021, OR 4.38).  
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• Similarly, copy gains of the TUBB2A/TUBB2AB locus (tubulin beta 2A and 

2B, chr6 p25.2; ~16% of cases) were also associated with a very high 

response rate of 70.8% (p=0.005, OR 4.49).  

• Copy-gains for both TUBB (chr6 p21.33, ~22% of cases) and TBCC 

(tubulin beta chaperone C, chr6 p21.1, ~20% of cases) also correlated 

with higher than expected response rates, at 64.5% and 73.3% 

respectively (p=0.019 and 0.001, ORs 2.87 and 4.66). Strangely, copy-

losses for these two genes also exhibited a significant trend of improved 

response rates: 63.2% and 61.9% (p=0.036 and 0.024, ORs 3.15 and 

3.26).  

• Copy-gains of TUBB4B (tubulin beta 4B, chr9 q34.3, ~33% of cases) 

were also associated with significantly more responses with a rate of 

62.5% (p=0.014, OR 2.63). Interestingly, TUBB4B copy-losses (~12% of 

cases) exhibited a worse OS (p=0.043 HR 1.73) and a similar but non-

significant trend for RPFS (p=0.101 HR 1.76) – aligning with the response 

association. 

• Conversely lower copy-number of TUBB3 (tubulin beta 3, chr16 q24.3, 

~70% of cases) was associated with improved responses, with a rate of 

53.5% in the copy-lost group (p=0.046, OR 2.18). 

 

  
Cox Proportional Hazard Results for Overall Survival 

Prognosis 
Cox Proportional Hazard Results for Radiographic 

Progression-Free Survival 
 Losses Gains Losses Gains 

Gene HR CI p-value HR CI p-value HR CI p-value HR CI p-value 

TBCE 1.3 0.74-2.28 p=0.360 1.25 0.85-1.83 p=0.262 1.02 0.47-2.22 p=0.954 1.06 0.64-1.74 p=0.829 

TUBA3D 1 0.68-1.47 p=0.988 1.17 0.66-2.07 p=0.598 1.23 0.75-2.00 p=0.418 0.97 0.43-2.18 p=0.933 

TUBA4A 1.83 1.15-2.89 p=0.010 1.05 0.68-1.62 p=0.829 2.56 1.47-4.46 p=0.001 0.71 0.39-1.27 p=0.245 

TBCA 1.3 0.90-1.90 p=0.167 1.04 0.58-1.88 p=0.887 1.13 0.69-1.86 p=0.617 0.73 0.35-1.54 p=0.409 

TUBB2A 1.28 0.86-1.90 p=0.229 1.19 0.72-1.97 p=0.494 1.46 0.88-2.44 p=0.144 1.24 0.67-2.30 p=0.490 

TUBB 1.1 0.66-1.84 p=0.720 0.84 0.54-1.32 p=0.451 1.27 0.65-2.50 p=0.481 1.08 0.61-1.92 p=0.782 

TBCC 1.24 0.76-2.03 p=0.392 0.86 0.55-1.35 p=0.521 1.31 0.68-2.51 p=0.420 0.94 0.53-1.66 p=0.837 

TUBE1 1.06 0.74-1.52 p=0.736 NA NA NA 1.14 0.71-1.85 p=0.587 NA NA NA 

TUBB4B 1.73 1.02-2.95 p=0.043 0.81 0.55-1.21 p=0.311 1.76 0.90-3.46 p=0.101 0.92 0.56-1.51 p=0.746 

TUBB8 1.16 0.79-1.70 p=0.447 3.45 1.89-6.30 p<0.001 1.02 0.61-1.68 p=0.952 3.18 1.60-6.32 p=0.001 

TUBAL3 1.26 0.86-1.84 p=0.234 3.62 1.98-6.63 p<0.001 1.13 0.69-1.86 p=0.630 3.34 1.67-6.68 p=0.001 

TUBA1A 1.28 0.73-2.25 p=0.391 0.95 0.62-1.45 p=0.806 2 1.00-3.99 p=0.050 0.98 0.56-1.74 p=0.952 

TUBA3C 1.17 0.79-1.74 p=0.437 1.02 0.63-1.64 p=0.942 1.32 0.78-2.21 p=0.298 1.16 0.64-2.09 p=0.624 

TUBB3 1.06 0.72-1.58 p=0.758 NA NA NA 1.03 0.61-1.75 p=0.911 NA NA NA 

TUBG1 0.95 0.60-1.51 p=0.824 1.59 1.02-2.48 p=0.042 0.85 0.46-1.60 p=0.623 1.42 0.82-2.46 p=0.206 

TUBD1 0.96 0.59-1.55 p=0.868 1.64 1.09-2.45 p=0.017 0.82 0.42-1.58 p=0.545 1.5 0.90-2.49 p=0.123 

TBCD 0.69 0.39-1.22 p=0.201 1.36 0.93-1.99 p=0.111 0.59 0.26-1.35 p=0.213 1.43 0.89-2.32 p=0.142 

TUBB6 1.39 0.87-2.22 p=0.174 1.28 0.85-1.91 p=0.235 0.99 0.53-1.84 p=0.963 1 0.59-1.69 p=0.990 

TUBB4A 0.8 0.53-1.21 p=0.297 1.75 1.08-2.84 p=0.023 0.94 0.53-1.67 p=0.835 2.58 1.48-4.52 p=0.001 

TBCB 0.82 0.50-1.34 p=0.426 1.61 1.06-2.45 p=0.026 0.84 0.44-1.59 p=0.587 1.64 0.93-2.88 p=0.086 

TUBB1 NA NA NA 0.84 0.59-1.20 p=0.343 NA NA NA 0.92 0.57-1.47 p=0.724 

TUBA8 0.68 0.47-0.98 p=0.038 NA NA NA 1.09 0.69-1.72 p=0.710 NA NA NA 

Table 6-3 Univariable analyses survival associations for copy-gains and copy-losses in tubulin genes 

Some tubulins were also associated with survival, but not response.  

• TUBA4A (tubulin alpha 4A, chr2 q35, ~18% of cases) copy-losses 

associated with significantly worse survival, for both OS and RPFS 

(p=0.01 and 0.001, HRs 1.83 and 2.56).  
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• Copy-gains of TUBB8 and TUBAL3 (both on chr10, p15.3 and p15.1 

respectively, ~10% of cases) showed strong associations having 

significantly shorter OS and RPFS (p<=0.001 and HRs > 3).  

• Copy-gains of TUBG1/TUBG2 and TUBD1 (both chr17, q21.2 and 

23.1 respectively, ~33% of cases) were also associated with shorter 

OS (p=0.042 and 0.17, HRs 1.59 and 16) but not RPFS.  

• TUBB4A (tubulin beta 4A, chr19 q13.3) copy-gains (~15% of cases) 

led to a worse OS (p=0.02, HR 1.75) and RPFS (p=0.001, HR 2.58). 

Similarly, copy-gains of the nearby TBCB (tubulin beta chaperone B, 

chr19 q13.12, ~24% of cases) were associated with significantly 

worse OS (p=0.026, HR 1.61), although the RPFS exhibited a non-

significant trend (p=0.08, HR 1.64).  

• Interestingly, and unlike many of the other survival associations in this 

study, deletions of TUBA8 (tubulin alpha 8, chr22 q11.21, ~45% of 

cases) actually resulted in an improved OS (p=0.038, HR 0.68), 

although RPFS was unaffected. 

 

I went on to perform multivariable analyses of this gene set. I included in the 

initial model all genes displaying any significance in the univariable analysis, 

before performing stepwise model optimisation to generate the final model. 

Several genes were closely located, so to avoid collinearity I removed TBCC 

(same cytoband as TUBB) and TUBAL3 (adjacent to TUBB8). The multivariable 

results are shown below in (Figure 6-3). 

 

In the multivariable analyses, some genes exhibited significant trends for 

response association.  

• Copy-gains of TUBB4B were again predictive of improved response 

(p=0.03, OR 3.19), along with a similar trend for OS (p=0.087, HR 0.65) 

and RPFS (p=0.016, HR 0.45). Decreased expression of TUBB4B has 

been associated with taxane resistance (Nami and Wang, 2018). 

• TUBA3D copy-gains did not reach significance, although showed a trend 

for better response (p=0.15, OR 3.89), and had significantly improved 

RPFS (p=0.017, HR 0.18). Similarly to TUBB4B, low TUBA3D expression 

has been linked to paclitaxel resistance (Nami and Wang, 2018).  

• The results for TUBB8/TUBAL3 were counterintuitive: copy-losses were 

again associated with fewer responses (p=0.01, OR 0.26), but had no 
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significant association with OS or RPFS; copy-gains however, had no 

association with response, but showed a substantial association with 

poorer OS (p=0.009, HR 2.8) and RPFS (p=0.008, HR 3.5). 

Changes in these genes may, therefore, offer a taxane-specific predictive clinical 

factor.  

 

Several genes associated with altered survival in multivariable data but no 

change in response frequency: 

• Of particular interest is TUBB, with copy-gains showing significantly 

improved OS (p=0.045, HR 0.44) and a borderline RPFS (p=0.063, HR 

0.38).  

• Copy-gains of TUBB2A were associated with poorer OS (p=0.022, HR 

2.83) and RPFS (p=0.003, HR 5.49).  

• TUBB4A copy-gains had strong correlation with better OS (p=0.029, HR 

2.32) and RPFS (p<0.001, HR 14.09). 

Changes in these genes may represent processes associated with advanced 

tumours, but not specific taxane-associated mechanisms.  



A  Taxane Drug Response B  Overall Survival C  Radiographic Progression-
Free Survival 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6-2 Drug response and survival multivariable models for tubulin genes 

Forest plots for (A) taxane response status, (B) overall survival and (C) radiographic progression-free survival, showing per-gene CNA associations. Odds/hazard ratios are shown, along with 

confidence intervals and p-values. The variable ‘Study’ is included in both models to model the impact of samples drawn from cohorts with different hazards and response rates, and the variable 

‘Purity’ is included to model the impact of high tumour burden. Blue arrows indicate improved response and prognosis; red arrows indicate worse response and prognosis



6.3.3 Key mCRPC Gene CNA Frequency Shifts 

I next sought to profile genes that commonly feature copy number alterations in 

mCRPC (Williams et al., 2014). In addition, I expanded this list with a subset of 

genes from the PI3K-AKT and cell cycle pathways (Table 6-4). This is not an 

exhaustive list, but aims to cover a number of common mCRPC CNAs thoughout 

the genome.  

 

Gene Group Chrom Band 

E2F2 Extra Cell Cycle  1 p36.12 

CXCR4 Recurrent Del 2 q22.1 

FOXP1 Recurrent Del 3 p13 

RYBP Recurrent Del 3 p13 

SHQ1 Recurrent Del 3 p13 

PIK3CB Extra Pi3K  3 q22.3 

PIK3CA Recurrent Gains 3 q26.32 

ETV5 Recurrent Gains 3 q27.2 

PIK3R1 Extra Pi3K  5 q13.1 

CDK7 Extra Cell Cycle 5 q13.2 

CHD1 Recurrent Del 5 q21.1 

APC Recurrent Del 5 q22.2 

E2F3 Extra Cell Cycle  6 p22.3 

MAP3K7 Recurrent Del 6 q15 

ETV1 Recurrent Gains 7 p21.2 

EGFR Recurrent Gains 7 p11.2 

CDK6 Extra Cell Cycle  7 q21.2 

MCM7 Recurrent Gains 7 q22.1 

BRAF Recurrent Gains 7 q34 

CDK5 Extra Cell Cycle  7 q36.1 

NKX3-1 Recurrent Del 8 p21.2 

E2F5 Extra Cell Cycle  8 q21.2 

MYC Recurrent Gains 8 q24.21 

CDKN2A Extra Cell Cycle  9 p21.3 

CDK9 Extra Cell Cycle  9 q34.11 

CDK1 Extra Cell Cycle  10 q21.2 

PTEN Recurrent Del 10 q23.31 

CDKN1B Recurrent Del 12 p13.1 

CDK2 Extra Cell Cycle  12 q13.2 

CDK4 Extra Cell Cycle  12 q14.1 

CDK8 Extra Cell Cycle  13 q12.13 

BRCA2 Recurrent Del 13 q13.1 

RB1 Recurrent Del 13 q14.2 

AKT1 Extra Pi3K  14 q32.33 

E2F4 Extra Cell Cycle  16 q22.1 

CDH1 Recurrent Del 16 q22.1 

TP53 Recurrent Del 17 p13.1 

BRCA1 Recurrent Del 17 q21.31 

ETV4 Recurrent Del 17 q21.31 

CDK3 Extra Cell Cycle  17 q25.1 

SMAD4 Recurrent Del 18 q21.2 

BCL2 Recurrent Del 18 q21.33 

E2F1 Extra Cell Cycle  20 q11.22 

AR Recurrent Gains X q12 

Table 6-4 Genes assessed for taxane associations 

Table of genes selected from four groups: recurrent copy gains/losses in CRPC, along with selected cell-cycle 

and pi3k/akt genes not featured in the other lists. Also shown are chromosome and cytoband information.  

 



 

Table 6-5 Frequencies of CNAs in key mCRPC genes between cohorts, with fisher’s test p-values shown

  Copy-Losses Copy-Gains  Frequency Comparison (Fisher's Test) P-Values 

  Baseline End of Study Baseline End of Study  Baseline FIRS/PROS FIRS BL/EOS PROS BL/EOS 

 Gene FIRS PROS FIRS PROS FIRS PROS FIRS PROS  Loss Gain Loss Gain Loss Gain 

1_22500001_23000000 E2F2 0.49 0.48 0.45 0.39 0.04 0.07 0.09 0.12  0.87 0.48 0.84 0.37 0.35 0.52 

2_135500001_136000000 CXCR4 0.33 0.33 0.39 0.35 0.09 0.12 0.12 0.12  1.00 0.79 0.66 0.73 1.00 1.00 

3_70000001_70500000 FOXP1 0.19 0.19 0.18 0.24 0.39 0.32 0.3 0.24  1.00 0.49 1.00 0.52 0.50 0.42 

3_71000001_71500000 RYBP 0.2 0.2 0.18 0.27 0.37 0.32 0.3 0.24  1.00 0.60 1.00 0.52 0.51 0.42 

3_71500001_72000000 SHQ1 0.21 0.2 0.18 0.29 0.36 0.32 0.3 0.24  1.00 0.73 0.80 0.66 0.38 0.42 

3_137000001_137500000 PIK3CB 0.05 0.04 0 0.06 0.4 0.58 0.42 0.49  1.00 0.04 0.31 0.83 0.69 0.35 

3_177500001_178000000 PIK3CA 0.08 0.1 0.06 0.06 0.39 0.51 0.36 0.47  0.77 0.18 1.00 1.00 0.52 0.71 

3_184500001_185000000 ETV5 0.07 0.1 0.06 0.06 0.43 0.49 0.42 0.47  0.55 0.50 1.00 1.00 0.52 0.85 

5_66500001_67000000 PIK3R1 0.37 0.45 0.39 0.51 0.15 0.03 0.15 0.08  0.40 0.02 0.83 1.00 0.58 0.23 

5_68530622_68573257 CDK7 0.36 0.43 0.42 0.49 0.15 0.03 0.15 0.08  0.40 0.02 0.53 1.00 0.58 0.23 

5_97000001_97500000 CHD1 0.36 0.43 0.36 0.43 0.19 0.1 0.15 0.14  0.40 0.16 1.00 0.79 1.00 0.57 

5_111000001_111500000 APC 0.31 0.32 0.27 0.39 0.24 0.14 0.21 0.12  1.00 0.21 0.82 0.81 0.56 0.79 

6_19000001_19500000 E2F3 0.16 0.23 0.27 0.2 0.19 0.2 0.21 0.14  0.30 0.84 0.19 0.80 0.82 0.47 

6_90000001_90500000 MAP3K7 0.41 0.61 0.24 0.51 0.09 0 0.21 0.04  0.02 0.01 0.13 0.12 0.35 0.17 

7_12500001_13000000 ETV1 0.13 0.07 0.09 0.08 0.4 0.57 0.45 0.51  0.28 0.07 0.75 0.67 1.00 0.58 

7_54000001_54500000 EGFR 0.11 0.01 0.03 0.08 0.4 0.59 0.42 0.51  0.03 0.03 0.27 0.83 0.16 0.45 

7_91000001_91500000 CDK6 0.04 0.03 0 0.04 0.45 0.55 0.45 0.51  1.00 0.32 0.55 1.00 1.00 0.71 

7_98500001_99000000 MCM7 0.04 0.04 0 0.06 0.47 0.54 0.45 0.45  1.00 0.50 0.55 1.00 0.69 0.46 

7_139000001_139500000 BRAF 0.05 0.06 0 0.04 0.51 0.58 0.55 0.53  1.00 0.41 0.31 0.84 1.00 0.71 

7_149500001_150000000 CDK5 0.08 0.09 0 0.14 0.47 0.54 0.55 0.51  1.00 0.50 0.17 0.53 0.38 0.85 

8_22500001_23000000 NKX3-1 0.75 0.8 0.64 0.73 0.03 0.03 0.06 0.06  0.55 1.00 0.26 0.58 0.51 0.65 

8_85000001_85500000 E2F5 0.03 0 0 0 0.76 0.78 0.76 0.73  0.50 0.84 1.00 1.00 1.00 0.66 

8_127500001_128000000 MYC 0 0 0 0 0.77 0.84 0.79 0.78  1.00 0.40 1.00 1.00 1.00 0.47 

9_20500001_21000000 CDKN2A 0.23 0.28 0.36 0.33 0.27 0.25 0.09 0.27  0.57 0.85 0.16 0.04 0.68 0.83 

9_130547958_130553066 CDK9 0.08 0.14 0.18 0.24 0.36 0.39 0.21 0.35  0.29 0.73 0.18 0.18 0.23 0.70 

10_61500001_62000000 CDK1 0.27 0.23 0.24 0.2 0.16 0.3 0.15 0.29  0.70 0.05 1.00 1.00 0.82 1.00 

10_88500001_89000000 PTEN 0.42 0.52 0.33 0.51 0.07 0.07 0.1 0.07  0.29 1.00 0.50 0.70 1.00 1.00 

12_11500001_12000000 CDKN1B 0.25 0.26 0.21 0.27 0.19 0.22 0.21 0.33  1.00 0.68 0.81 0.80 1.00 0.21 

12_55000001_55500000 CDK2 0.05 0.12 0.15 0.19 0.27 0.24 0.3 0.3  0.23 0.70 0.13 0.82 0.30 0.52 

12_57000001_57500000 CDK4 0.07 0.1 0.12 0.16 0.27 0.25 0.33 0.37  0.55 0.85 0.45 0.50 0.40 0.22 

13_26828276_26979375 CDK8 0.35 0.32 0.45 0.27 0.13 0.25 0.09 0.27  0.86 0.09 0.29 0.75 0.55 0.83 

13_31500001_32000000 BRCA2 0.41 0.46 0.48 0.37 0.13 0.14 0.06 0.2  0.61 1.00 0.53 0.34 0.35 0.46 

13_47500001_48000000 RB1 0.6 0.75 0.55 0.69 0.05 0.01 0.03 0.02  0.05 0.37 0.67 1.00 0.53 1.00 

14_104000001_104500000 AKT1 0.13 0.06 0.15 0.1 0.31 0.38 0.39 0.31  0.16 0.39 0.77 0.39 0.49 0.44 

16_66000001_66500000 E2F4 0.39 0.42 0.48 0.35 0.16 0.17 0.03 0.18  0.74 0.83 0.40 0.10 0.45 1.00 

16_67500001_68000000 CDH1 0.41 0.43 0.48 0.35 0.15 0.14 0.03 0.18  0.87 1.00 0.53 0.10 0.35 0.62 

17_6500001_7000000 TP53 0.67 0.52 0.64 0.59 0.01 0.09 0.06 0.06  0.09 0.05 0.83 0.22 0.46 0.73 

17_40000001_40500000 BRCA1 0.25 0.13 0.33 0.2 0.15 0.26 0.21 0.22  0.09 0.10 0.49 0.41 0.32 0.67 

17_40500001_41000000 ETV4 0.25 0.13 0.33 0.2 0.15 0.26 0.21 0.22  0.09 0.10 0.49 0.41 0.32 0.67 

17_72500001_73000000 CDK3 0.15 0.1 0.24 0.12 0.33 0.43 0.3 0.49  0.46 0.23 0.28 0.83 0.77 0.58 

18_47000001_47500000 SMAD4 0.37 0.48 0.45 0.49 0.16 0.13 0.12 0.04  0.24 0.64 0.52 0.77 1.00 0.12 

18_59500001_60000000 BCL2 0.45 0.46 0.48 0.49 0.15 0.16 0.12 0.08  1.00 1.00 0.84 1.00 0.85 0.27 

20_31000001_31500000 E2F1 0.11 0.14 0.06 0.16 0.29 0.35 0.27 0.33  0.62 0.59 0.72 1.00 0.80 0.85 

X_65500001_66000000 AR 0.15 0.13 0.21 0.08 0.48 0.46 0.42 0.59  0.81 0.87 0.41 0.68 0.55 0.19 



I observed significant differences in CNA frequencies between the FIRS (n=75) 

and PROS (n=69) baseline samples in several genes (Table 6-5):  

• PIK3CB (chr3 q22.3) copy gains: 40% FIRS to 58% PROS 

• PIK3R1 and CDK7 (chr5 q13.1) copy gains: 15% to 3% 

• MAP3K7 (chr6 g15) copy losses: 41% to 61%, copy gains: 9% to 0% 

• EGFR (chr7 p11.2) copy losses: 11% to 1%, copy-gains: 40% to 59% 

• CDK1 (chr10 q21.2) copy gains: 16% to 30% 

PIK3R1, CDK7, MAP3K7, and CDK1 trended towards more losses and fewer 

gains in PROS than FIRS, while PIK3CB and EGFR exhibited more gains and 

fewer losses.  

 

The only significant frequency change between FIRS baseline (n=75) to end of 

study (n=33) was CDKN2A (chr9 p21.3), which showed increased deletions (BL 

23% to EOS 36%)and significantly fewer copy-gains (BL 27% to EOS 9%) 

 

No genes in the shortlist showed differences in the PROS baseline (n=69) vs end 

of study (n=49) comparison, however.  

 

I went on to examine frequency changes in copy-states in a matched same-

patient set of cases (baseline and end of study, n=72). There was a significant 

shift in the proportion of copy-gains for the CDK4 (chr12 q14.1) gene in the 

PROSELICA cohort, with 9 cases displaying new copy-gain events by the end of 

treatment (out of 43 pairs) (Supplemental Table 10-2). 
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6.3.4 Key mCRPC Gene Univariable and Multivariable 

Associations with Taxanes 

Table 6-6 Univariable analyses of taxane-response associations for copy-gains and copy-losses in selected 

genes 

To explore the impact on drug response and survival, I performed univariable 

analyses using logistic regressions and Cox’ proportional-hazard models, 

respectively (Table 6-6 and Table 6-7). Several genes were associated with drug 

response. 

• In this analysis, copy-losses in the APC (chr5 q22.2) and MAP3K7 (chr6 

q15) loci were associated with improved taxane response status, with 

60% and 54% response rates (p=0.02 and 0.026, ORs 2.52 and 2.58). 

• Copy-gains of the CXCR4 (chr2 q22.1) and CHD1 (chr5 q21.1) loci were 

also significantly associated with improved drug response, with 68%, 71% 

responses in these groups (p=0.03 and 0.024, OR 4.1 and 3.55). 

• E2F3 (chr6 p22.3) locus copy-gains were associated with an improved 

response rate (67%, p=0.006, OR 3.87) – and similarly, losses were 

 Raw Counts (Percentages) Logistic Regression Results for Response Prediction 
 Losses Gains Losses Gains 

Gene Responders 
Non-

Responders 
Responders 

Non-
Responders 

OR CI p-value OR CI p-value 

E2F2 35 (50.0) 35 (50.0) 0 (NaN) 0 (NaN) 1.1 0.56-2.18 p=0.774 NA NA NA 

CXCR4 23 (47.9) 25 (52.1) 11 (73.3) 4 (26.7) 1.18 0.56-2.50 p=0.667 4.1 1.22-16.51 p=0.030 

FOXP1 12 (44.4) 15 (55.6) 30 (58.8) 21 (41.2) 1.05 0.41-2.68 p=0.916 1.85 0.86-4.03 p=0.116 

RYBP 13 (44.8) 16 (55.2) 29 (58.0) 21 (42.0) 1.05 0.42-2.62 p=0.918 1.77 0.82-3.86 p=0.149 

SHQ1 14 (46.7) 16 (53.3) 28 (57.1) 21 (42.9) 1.12 0.45-2.75 p=0.812 1.72 0.79-3.77 p=0.171 

PIK3CB Insufficient # Insufficient # 36 (51.4) 34 (48.6) NA NA NA 1.59 0.79-3.25 p=0.196 

PIK3CA Insufficient # Insufficient # 32 (50.0) 32 (50.0) NA NA NA 1.29 0.65-2.59 p=0.475 

ETV5 Insufficient # Insufficient # 33 (50.0) 33 (50.0) NA NA NA 1.21 0.61-2.40 p=0.591 

PIK3R1 29 (49.2) 30 (50.8) Insufficient # Insufficient # 1.14 0.57-2.29 p=0.713 NA NA NA 

CDK7 27 (47.4) 30 (52.6) Insufficient # Insufficient # 1 0.50-2.01 p=0.999 NA NA NA 

CHD1 29 (50.9) 28 (49.1) 15 (71.4) 6 (28.6) 1.73 0.82-3.68 p=0.151 3.55 1.23-11.40 p=0.024 

APC 27 (60.0) 18 (40.0) 16 (57.1) 12 (42.9) 2.52 1.15-5.66 p=0.023 1.91 0.76-4.87 p=0.169 

E2F3 16 (57.1) 12 (42.9) 19 (67.9) 9 (32.1) 2.58 1.04-6.66 p=0.044 3.87 1.53-10.55 p=0.006 

MAP3K7 40 (54.8) 33 (45.2) Insufficient # Insufficient # 2.28 1.12-4.82 p=0.026 NA NA NA 

ETV1 7 (46.7) 8 (53.3) 31 (44.9) 38 (55.1) 0.68 0.21-2.22 p=0.526 0.82 0.40-1.71 p=0.602 

EGFR Insufficient # Insufficient # 34 (47.9) 37 (52.1) NA NA NA 1.18 0.59-2.39 p=0.637 

CDK6 Insufficient # Insufficient # 36 (50.0) 36 (50.0) NA NA NA 1.26 0.64-2.52 p=0.503 

MCM7 Insufficient # Insufficient # 37 (51.4) 35 (48.6) NA NA NA 1.38 0.70-2.76 p=0.356 

BRAF Insufficient # Insufficient # 40 (51.3) 38 (48.7) NA NA NA 1.4 0.71-2.81 p=0.334 

CDK5 Insufficient # Insufficient # 35 (48.6) 37 (51.4) NA NA NA 1.08 0.55-2.15 p=0.818 

NKX3-1 54 (48.6) 57 (51.4) Insufficient # Insufficient # 1.09 0.49-2.47 p=0.830 NA NA NA 

E2F5 Insufficient # Insufficient # 52 (46.8) 59 (53.2) NA NA NA 0.74 0.33-1.67 p=0.474 

MYC Insufficient # Insufficient # 58 (50.0) 58 (50.0) NA NA NA 1.55 0.65-3.77 p=0.326 

CDKN2A 17 (47.2) 19 (52.8) 21 (56.8) 16 (43.2) 1.18 0.51-2.74 p=0.698 1.65 0.72-3.84 p=0.239 

CDK9 8 (50.0) 8 (50.0) 30 (55.6) 24 (44.4) 1.7 0.54-5.44 p=0.360 1.86 0.89-3.96 p=0.102 

CDK1 15 (41.7) 21 (58.3) 14 (42.4) 19 (57.6) 0.58 0.25-1.33 p=0.202 0.75 0.31-1.78 p=0.510 

PTEN 28 (46.7) 32 (53.3) Insufficient # Insufficient # 0.93 0.47-1.86 p=0.841 NA NA NA 

CDKN1B 18 (48.6) 19 (51.4) 14 (48.3) 15 (51.7) 1.03 0.45-2.32 p=0.951 1.05 0.43-2.55 p=0.921 

CDK2 Insufficient # Insufficient # 18 (50.0) 18 (50.0) NA NA NA 1.03 0.47-2.25 p=0.946 

CDK4 Insufficient # Insufficient # 19 (51.4) 18 (48.6) NA NA NA 1.14 0.52-2.48 p=0.746 

CDK8 27 (56.2) 21 (43.8) 12 (44.4) 15 (55.6) 1.68 0.78-3.67 p=0.189 1.23 0.48-3.17 p=0.666 

BRCA2 32 (50.8) 31 (49.2) 9 (45.0) 11 (55.0) 1.24 0.60-2.60 p=0.564 0.96 0.33-2.75 p=0.935 

RB1 50 (51.5) 47 (48.5) Insufficient # Insufficient # 1.85 0.88-3.99 p=0.109 NA NA NA 

AKT1 Insufficient # Insufficient # 22 (44.9) 27 (55.1) NA NA NA 0.86 0.42-1.76 p=0.674 

E2F4 29 (50.0) 29 (50.0) 12 (50.0) 12 (50.0) 1.22 0.58-2.58 p=0.608 1.22 0.45-3.27 p=0.696 

CDH1 31 (50.8) 30 (49.2) 9 (42.9) 12 (57.1) 1.14 0.55-2.39 p=0.724 0.79 0.28-2.23 p=0.663 

TP53 44 (51.2) 42 (48.8) Insufficient # Insufficient # 1.11 0.55-2.23 p=0.772 NA NA NA 

BRCA1 17 (60.7) 11 (39.3) 16 (55.2) 13 (44.8) 1.83 0.75-4.59 p=0.191 2.04 0.84-5.07 p=0.118 

ETV4 17 (60.7) 11 (39.3) 16 (55.2) 13 (44.8) 1.83 0.75-4.59 p=0.191 2.04 0.84-5.07 p=0.118 

CDK3 11 (61.1) 7 (38.9) 28 (50.9) 27 (49.1) 1.99 0.67-6.21 p=0.218 1.53 0.73-3.24 p=0.260 

SMAD4 29 (47.5) 32 (52.5) 10 (47.6) 11 (52.4) 1.02 0.49-2.13 p=0.967 0.9 0.32-2.51 p=0.833 

BCL2 29 (43.9) 37 (56.1) 12 (54.5) 10 (45.5) 0.73 0.35-1.53 p=0.404 1.17 0.42-3.34 p=0.759 

E2F1 9 (50.0) 9 (50.0) 26 (56.5) 20 (43.5) 1.52 0.52-4.53 p=0.445 1.94 0.90-4.25 p=0.093 

AR 10 (50.0) 10 (50.0) 33 (48.5) 35 (51.5) 1.02 0.35-2.97 p=0.971 0.98 0.47-2.05 p=0.957 
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significantly associated with poorer progression-free survival (p=0.04, HR 

1.72).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

Table 6-7 Univariable analyses of survival associations for copy-gains and copy-losses in selected genes 

Some genes were univariably associated with survival, but not drug response. In 

particular:  

• Copy-losses in CDKN2A (chr9 p21.3) were associated with substantially 

shorter OS (p=0.02, HR 1.62)  

• Copy-losses of E2F4 and CDH1 (chr16 q22.1) were associated with a 

shorter OS (p=0.019, HR 1.59) and RPFS (p=0.008, HR 2). 

• Interestingly, in addition to copy-losses, copy-gains of the E2F4/CDH1 

locus were also associated with worse OS (p=0.038, HR 1.73) and RPFS 

(p=0.01, HR 2.3).  

 

I used any statistically significant genes as candidates for multivariable analysis. 

BRCA1/ETV4 and E2F4/CDH1 are effectively adjacent, so to avoid collinearity in 

 Cox Proportional Hazard Results for Overall Survival 
Prognosis 

Cox Proportional Hazard Results for Radiographic 
Progression-Free Survival 

 Losses Gains Losses Gains 

Gene HR CI p-value HR CI p-value HR CI p-value HR CI p-value 

E2F2 0.85 0.59-1.21 p=0.357 NA NA NA 0.93 0.59-1.45 p=0.739 NA NA NA 

CXCR4 1.1 0.75-1.61 p=0.631 1.13 0.62-2.05 p=0.685 1.12 0.69-1.81 p=0.646 0.84 0.35-2.00 p=0.695 

FOXP1 1.3 0.81-2.09 p=0.277 0.97 0.65-1.44 p=0.877 1.74 0.94-3.23 p=0.079 1.08 0.65-1.79 p=0.763 

RYBP 1.36 0.86-2.16 p=0.191 0.98 0.66-1.47 p=0.925 1.74 0.94-3.23 p=0.079 1.08 0.65-1.79 p=0.763 

SHQ1 1.41 0.89-2.22 p=0.144 0.96 0.64-1.44 p=0.842 1.81 0.99-3.31 p=0.055 1.05 0.63-1.75 p=0.844 

PIK3CB NA NA NA 1.07 0.75-1.53 p=0.697 NA NA NA 1.14 0.72-1.79 p=0.584 

PIK3CA NA NA NA 1.31 0.92-1.87 p=0.136 NA NA NA 1.28 0.81-2.02 p=0.292 

ETV5 NA NA NA 1.42 0.99-2.02 p=0.054 NA NA NA 1.34 0.85-2.11 p=0.210 

PIK3R1 1.15 0.81-1.64 p=0.438 NA NA NA 1.15 0.72-1.81 p=0.561 NA NA NA 

CDK7 1.26 0.88-1.80 p=0.201 NA NA NA 1.12 0.70-1.79 p=0.628 NA NA NA 

CHD1 1.28 0.88-1.87 p=0.200 1.06 0.61-1.85 p=0.826 1.07 0.65-1.75 p=0.791 0.86 0.44-1.68 p=0.650 

APC 1.39 0.94-2.06 p=0.102 1.21 0.74-1.98 p=0.456 1.24 0.75-2.07 p=0.403 1.08 0.59-1.97 p=0.807 

E2F3 1.18 0.76-1.85 p=0.462 0.88 0.54-1.42 p=0.595 1.74 1.00-3.01 p=0.048 1.07 0.58-1.98 p=0.826 

MAP3K7 0.94 0.66-1.34 p=0.721 NA NA NA 0.9 0.57-1.42 p=0.651 NA NA NA 

ETV1 1.7 0.93-3.09 p=0.083 1.15 0.79-1.69 p=0.469 2.18 1.02-4.66 p=0.045 1.07 0.65-1.75 p=0.799 

EGFR NA NA NA 1.19 0.83-1.71 p=0.336 NA NA NA 1 0.63-1.59 p=0.990 

CDK6 NA NA NA 1.17 0.82-1.66 p=0.391 NA NA NA 0.97 0.62-1.53 p=0.905 

MCM7 NA NA NA 1.14 0.80-1.61 p=0.478 NA NA NA 0.97 0.62-1.52 p=0.900 

BRAF NA NA NA 1.16 0.82-1.66 p=0.400 NA NA NA 1.07 0.67-1.68 p=0.785 

CDK5 NA NA NA 1.2 0.85-1.71 p=0.302 NA NA NA 1.08 0.69-1.69 p=0.739 

NKX3-1 0.97 0.64-1.49 p=0.899 NA NA NA 0.63 0.37-1.06 p=0.083 NA NA NA 

E2F5 NA NA NA 1.6 1.03-2.51 p=0.038 NA NA NA 1.69 0.96-2.95 p=0.067 

MYC NA NA NA 1.26 0.78-2.01 p=0.344 NA NA NA 1.21 0.68-2.18 p=0.517 

CDKN2A 1.62 1.06-2.48 p=0.026 0.95 0.62-1.47 p=0.826 1.52 0.88-2.63 p=0.135 1.23 0.71-2.12 p=0.458 

CDK9 1.65 0.95-2.90 p=0.078 1.02 0.70-1.50 p=0.905 1.8 0.86-3.77 p=0.118 1.29 0.80-2.09 p=0.292 

CDK1 1.12 0.73-1.71 p=0.613 1.17 0.75-1.83 p=0.486 0.83 0.47-1.46 p=0.521 1.29 0.73-2.28 p=0.380 

PTEN 0.89 0.62-1.28 p=0.538 NA NA NA 0.73 0.45-1.20 p=0.219 NA NA NA 

CDKN1B 1.17 0.77-1.79 p=0.457 1.06 0.67-1.66 p=0.814 1.51 0.88-2.59 p=0.137 0.76 0.41-1.40 p=0.373 

CDK2 NA NA NA 1.02 0.68-1.52 p=0.938 NA NA NA 1.02 0.60-1.72 p=0.947 

CDK4 NA NA NA 0.9 0.61-1.35 p=0.617 NA NA NA 0.96 0.57-1.61 p=0.864 

CDK8 1.16 0.78-1.73 p=0.459 1.02 0.63-1.65 p=0.946 1.32 0.79-2.22 p=0.291 1.2 0.66-2.15 p=0.553 

BRCA2 1.27 0.87-1.86 p=0.217 1.27 0.74-2.18 p=0.390 1.41 0.87-2.30 p=0.165 1.68 0.83-3.38 p=0.150 

RB1 1.29 0.86-1.92 p=0.215 NA NA NA 0.99 0.60-1.65 p=0.978 NA NA NA 

AKT1 NA NA NA 1.25 0.86-1.82 p=0.235 NA NA NA 1.37 0.85-2.21 p=0.190 

E2F4 1.59 1.08-2.35 p=0.019 1.73 1.03-2.90 p=0.038 2 1.20-3.34 p=0.008 2.33 1.20-4.51 p=0.012 

CDH1 1.58 1.08-2.32 p=0.019 1.8 1.04-3.10 p=0.035 2.03 1.22-3.36 p=0.006 2.11 1.05-4.24 p=0.035 

TP53 1.21 0.84-1.76 p=0.311 NA NA NA 1.1 0.69-1.76 p=0.675 NA NA NA 

BRCA1 0.95 0.60-1.51 p=0.824 1.59 1.02-2.48 p=0.042 0.85 0.46-1.60 p=0.623 1.42 0.82-2.46 p=0.206 

ETV4 0.95 0.60-1.51 p=0.824 1.59 1.02-2.48 p=0.042 0.85 0.46-1.60 p=0.623 1.42 0.82-2.46 p=0.206 

CDK3 0.61 0.34-1.09 p=0.094 1.45 0.99-2.11 p=0.056 0.47 0.20-1.15 p=0.097 1.53 0.95-2.47 p=0.083 

SMAD4 1.24 0.84-1.83 p=0.272 1.33 0.78-2.27 p=0.297 1.09 0.65-1.85 p=0.742 1.08 0.56-2.07 p=0.826 

BCL2 1.32 0.90-1.95 p=0.156 1.14 0.66-1.96 p=0.636 1.05 0.62-1.78 p=0.858 1.33 0.71-2.49 p=0.380 

E2F1 1.5 0.89-2.55 p=0.131 1.08 0.73-1.59 p=0.712 2.29 1.20-4.35 p=0.011 1.03 0.62-1.71 p=0.905 

AR 0.93 0.54-1.61 p=0.789 1.2 0.82-1.76 p=0.357 0.7 0.32-1.55 p=0.380 1.25 0.77-2.03 p=0.361 
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the multivariable regression models I removed the ETV4 and CDH1 variables. 

Any result for BRCA1 and E2F4 can be considered essentially identical for their 

respective removed variable. I constructed initial models before optimising them 

using stepwise selection. As I have shown that it is highly prognostic in chapter 4, 

I included tumour purity in the final multivariable models as a way to account for 

tumour burden (Figure 6-3).  

 

Several genes remained associated with changes in response in the 

multivariable analysis (Figure 6-3). 

• Copy-losses of the MAP3K7 (chr6 q15) locus were significantly predictive 

(p=0.0494) of drug response, with an odds ratio of 2.55, and this was 

supported with a trend for better OS (p=0.066, HR 0.67) and significantly 

better RPFS (p=0.012, HR 0.49) (Figure 6-3). Interestingly, MAP3K7 

deletions have been implicated in aggressive prostate cancers, but in this 

study performed better than expected (Rodrigues et al., 2015). 

• Copy-gains of CXCR4 (chr2 q22.1) associated with a non-significant 

improvement in drug response (p=0.12, OR 3.35) and OS (p=0.388, HR 

0.74), but RPFS was significantly longer (p=0.033, HR 0.32).  

• Copy-gains of ETV1 (chr7 p21.2) associated with a significantly lower 

drug response rate (p=0.02, OR 0.28) but offered no changes to survival.  

 

For changes in survival, relatively few genes were multivariably significant: 

• Copy-gains of the E2F4/CDH1 locus (chr16 q22.1) had a non-significant 

trend for lower drug response (p=0.14, OR 0.38) but a significant 

association with worse OS (p=0.025, HR 1.96) and RPFS (p=0.004, HR 

3.06). Copy-losses of this locus were also associated with poorer RPFS 

(p=0.009, HR 2.08), but not with a change in response or OS.  

• The results for E2F3 (chr6 p22.3) were counterintuitive, however: both 

copy-gains and losses were associated with improved response (p=0.01 

and 0.05, OR 4.67 and 3.23), with a non-significant impact on OS, and 

copy-losses associating with worse RPFS (p=0.018, HR 2.33). 

• As before, CDKN2A losses were associated with significantly worse OS 

(p=0.026, HR 1.73) but not RPFS. 
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Figure 6-3 Refined drug response and survival multivariable models for specific genes 

Forest plots for (A) taxane response status, (B) overall survival and (C) radiographic progression-free survival, showing per-gene CNA assocations. Odds/hazard ratios are shown, along with 

confidence intervals and p-values. The variable ‘Study’ is included in both models to model the impact of samples drawn from cohorts with different hazards and response rates, and the variable 

‘Purity’ is included to model the impact of high tumour burden. Blue arrows indicate improved response and prognosis; red arrows indicate worse response and prognosis.



6.3.5 RB1 and Partners and Clinical Outcomes 

My analyses above suggested that cell cycle gene alterations may emerge during 

taxane chemotherapy, with new CDKN2A deletions and CDK4 gains. Some 

reports have also indicated that RB1 (chr13 q14.2) deletions may play a role in 

taxane drug resistance, so I therefore extended the analyses to examine this 

gene specifically, while further studying the closely linked cell cycle genes CDK4 

(chr12 q14.1), CDK6 (chr7 21.2) and CDKN2A (chr9 p21.3) (Hamid et al., 2019; 

Liu et al., 2015). Surprisingly, in multivariable analyses, none associated with 

drug response or RPFS, although CDKN2A deletion significantly associated with 

OS (p=0.022, HR 1.7) (Figure 6-4). The sub-clonal emergence of CDKN2A 

during chemotherapy and castration in this cohort does nonetheless imply a 

relevance to mCRPC disease evolution. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6-4 Multivariable models of RB1 gene subset 

Forest plots for (A) drug response status, (B) overall survival and (C) radiographic progression-free survival 

showing associations of RB1 gene and key pathway partners with clinical outcome. Odds/hazard ratios are 

shown, along with confidence intervals and p-values.  
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6.4 Discussion 

In this chapter, I initially studied the tubulin genes, encoding the proteins that 

taxanes bind to, before moving on to genes frequently impacted by CNAs in the 

mCRPC genome, with some additional important Pi3K/AKT pathway and cell-

cycle genes. This list, while not exhaustive, covers a range of genomic loci and 

serves to test several hypotheses with regards to prostate tumour biology and 

taxane therapy. Critically, it focused on genes that are key CRPC CNAs and 

genes with mechanistic links to taxane chemotherapy. 

 

In these analyses, I did not comprehensively test every possible gene, for several 

reasons:  

a) Genes are not evenly distributed in the genome, and many genes would 

have almost-identical results.  

b) Limiting the number of genes in univariable analyses reduced the chance 

of false positives for multiple testing. These univariable tests were applied 

only to identify possible candidates for multivariable analyses. 

 

I hypothesised that alterations in tubulin homeostasis via CNAs could a) have 

oncogenic impact, and b) associate with taxane sensitivity. I observed that 

several tubulin genes altered in frequency between cohorts, and that around half 

of the studied genes had univariable associations with either drug response or 

survival, including 6 isoforms of beta-tubulin – which is the binding target of 

taxanes. Interestingly, several alpha-tubulins isoforms also exhibited clinical 

association with outcome, possibly due to the close interactions required 

between alpha and beta tubulins for complete microtubule assembly (Cirillo et al., 

2017; Ganguly et al., 2012; Vemu et al., 2017).  

 

Of particular interest are TUBB4A and TUBB4B, which univariably and 

multivariably displayed associations with clinical outcome including drug 

response (TUBB4A-gains correlating with worse OS and RPFS, and borderline 

worse response, respectively; and TUBB4B-gains associating with improved 

responses, OS and RPFS). Interestingly, TUBB4B – aside from being 

downregulated in tumour metastasis – has been reported to be under-expressed 

in taxane-resistant breast tumours, and has been shown to interact with both 

TUBB4A and TUBB, among other tubulin family members (Nami and Wang, 

2018; Sobierajska et al., 2019). Similarly, TUBA3D downregulation has been 
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linked to taxane resistance, so the copy-gains in this cohort could plausibly be 

generating sensitivity. 

 

I also observed significant associations involving alterations of the 

TUBB8/TUBAL3 gene locus, which are reported to be the most frequently 

mutated tubulins in basal breast cancer (Nami and Wang, 2018). These 

associations appeared counterintuitive however, and require validation to confirm 

the results. TUBB3 expression has also been linked to pro-survival pathways in 

several tumour types, and some (but not all) studies have suggested it to be a 

biomarker for taxane therapy: my analysis was unable to confirm this, although I 

did find a modest univariable association with improved drug response and 

TUBB3 region copy-loss (Hwang et al., 2013; Loeser et al., 2017; Nami and 

Wang, 2018; Person et al., 2017). Moreover, there may be some drug-specific 

interactions – with one report suggesting that cabazitaxel has some binding 

affinity for the alpha-tubulin TUBA4A, in addition to the beta-tubulins that 

docetaxel binds to (Nami and Wang, 2018). However, in the data I present here 

the sample sizes limited further analyses, as the majority of individuals received 

cabazitaxel. Further studies of tubulins in taxane-resistant mCRPC will require 

expression and mutation analyses to fully characterise this complex set of 

interactions.  

 

Alterations in the genes PIK3CA, PTEN and RB1 have been highlighted as 

taxane-associated markers in other studies – but in these analyses I found only 

modest associations between CNAs in these genes and response and survival 

(Bumbaca and Li, 2018; Hamid et al., 2019; Liu et al., 2015).  

 

One possible explanation for these interesting results may be that such analyses 

do not fully reflect the clinically relevant changes occurring at a protein level. 

Additionally, lpWGS data do not permit the identification of somatic mutations. 

Nevertheless, I found that loss of CDKN2A, associates with poor prognosis, as 

reported in other tumour types (Cao et al., 2018; Horn et al., 2018; Reis et al., 

2015; Zeng et al., 2018). Interestingly, CDKN2A actually displayed a significant 

shift towards less copy-gains (27% to 9%) and more copy-losses (23% to 33%) 

throughout the course of treatment on the FIRSTANA study, indicating the 

emergence of additional losses over time.  
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I did also observe an association of MAP3K7 copy-losses with improved 

response and survival, which mirrors similar studies that correlated high MAP3K7 

(TAK1) expression with taxane resistance (Bo et al., 2016; Ying et al., 2015). 

Additionally, several genes highlighted in these analyses (including E2F3, 

MAP3K7, TUBB2A/B, TUBB) are present on chromosome 6, which was 

highlighted several times in chapter 5. Unpicking the genes responsible for 

taxane resistance here will require careful screening to validate each one. 

Multiple genes may be contributing to the observed effect, which may explain 

why some genes had counter-intuitive results.  

 
Low-pass WGS offers robust CNA data, although it is limited by the read depth 

and resolution used, and in addition can not be used to resolve a) complicated 

structural events or b) true allele-specific CNAs, including copy-neutral loss of 

heterozygosity (Adalsteinsson et al., 2017). The baseline CNA frequencies I 

detected in these studies were broadly in line with those expected from mCRPC 

tumours, however these increased when I excluded low-purity cases (Robinson 

et al., 2015). This is an important step in these analyses, particularly when 

analysing cell-free DNA; the absence of signal (ie. a particular CNA) due to low 

purity is not truly the absence of signal, and should not be included in biomarker-

negative stratification. 

 

Overall, these data show that while common CNAs found in mCRPC may offer 

few candidates in terms of stratification for taxanes, the tubulin family of genes 

may provide a solution, with significant changes in aberration frequency along 

with over half of the genes showing some univariable or multivariable 

association. Of particular note for further studies is the possibility that taxane 

efficacy could be modulated by interactions with alpha-tubulins, not just beta-

tubulins – as part of the microtubule complex. These studies, however, are 

limited by the large size of CNAs impacting the genes, and the fact that sub-

clonal aberrations are very challenging to resolve with cfDNA studies.  
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 Single-Cell CRPC Genomics and Copy-

Number Heterogeneity 

7.1 Introduction 

7.1.1 Specific Hypotheses 

• Circulating tumour cells (CTCs) from the peripheral blood of advanced 

prostate cancer patients are a source of of cancer cell genomic DNA.  

• Enrichment through whole-blood apheresis allows for a major 

improvement in single cell yield.  

• Single cell genomic analyses offer a potentially superior alternative to bulk 

biopsies and  cfDNA for identification of tumour subclonal alterations. 

7.1.2 Specific Aims 

• Optimise methods to access single cell CNA profiles for each patient. 

• Illustrate clonal diversity using quantitative methodology. 

• Validate copy-number changes with alternative methods. 

• Identify sub-clonal CNA events that may be overlooked by bulk 

sequencing and offer clues to clonal evolution under treatment pressure. 

7.1.3 Research in Context 

• Tumour heterogeneity remains an intractable issue in terms of identifying 

clinically relevant alterations, and both solid and liquid biopsies suffer 

from this limitation due to sampling a mixture of tumour clones. 

• Single-cell approaches may alleviate this by treating each cell as a 

separate sample, allowing for greatly improved resolution of genomic 

alterations 

• Studying single cell genomics can reveal sub-clonal genomic alterations 

and their relationships, such as mutually exclusive events.  
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Studies elucidating the genomic landscape of CRPC have been restricted by 

difficulties acquiring multiple metastatic castration-resistant prostate cancer 

(mCRPC) biopsies (Attard et al., 2006). The landscape of both localized and 

advanced prostate cancer has been recently described but bulk tumour biopsy 

genomics only provides disease snapshots (Robinson et al., 2015). Concerns 

have been raised regarding the ability of bulk biopsy sequencing to document 

intra-tumour heterogeneity and clonal evolution, and I have shown earlier in this 

work that these are limitations to commonly utilized tumour sequencing methods. 

 

In addition, serial tumour biopsies are necessary to evaluate changes imposed 

by therapeutic selective pressures over time; but the acquisition of repeat 

biopsies is challenging, invasive, and often not feasible. Less invasive 

alternatives (such as liquid biopsies) can be an impactful alternative, allowing 

serial evaluation, and detecting disease evolution that can influence treatment 

choices (Carreira et al., 2014; Goodall et al., 2017). 

 

Two main forms of liquid biopsy studies have emerged: circulating plasma cell-

free DNA (cfDNA) and circulating tumour cell (CTC) analyses. Although cfDNA-

based approaches have strong clinical utility, as I have shown earlier in this work, 

limitations in qualitative analyses to deconvolute intrapatient heterogeneity and 

accurately call allele-specific copy-number aberrations have been acknowledged 

(Wan et al., 2017). CTCs, shed from solid tumours and found in the peripheral 

blood (PB) of patients with advanced disease, are prognostic, allow the early 

detection of disease dissemination, and changes in serial CTC counts can 

identify therapeutic benefit (de Bono et al., 2008; Cristofanilli et al., 2004; 

Premasekharan et al., 2016). Indeed, some data has shown that serial CTC 

count evaluation may be superior to radiological assessments in determining 

response to treatment and outcome (Budd et al., 2006; Danila et al., 2007). 

 

Studies of CTCs can be used to molecularly characterise tumours, but a major 

challenge to this has been their detection in significant numbers to enable true 

multi-omic analyses. To overcome these limitations, whole-blood apheresis has 

been suggested to increase CTC yield (Stoecklein et al., 2016). Apheresis 

involves the processing of an individual’s entire blood volume by centrifugation, 

separating blood components (e.g., red cells, platelets, and leukocytes) based on 

density. Apheresis has a therapeutic role in the management of hematologic 
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disorders and is well tolerated with few safety concerns. Previous studies have 

suggested that CTCs can be collected from an apheresis product from patients 

with and without metastases (Stoecklein et al., 2016). CTCs can have a similar 

density to mononuclear cells and apheresis can increase CTC separation from a 

larger volume of processed blood.  

 

The genomic characterisation of single CTCs from mCRPC patients has so far 

been limited (Leung et al., 2017). Due to the importance of CNAs to CRPC 

disease, I sought to profile single CTC data derived from patients suffering from 

mCRPC. I analysed CTC genome-wide copy number events utilising whole-blood 

apheresis to increase CTC count yields and initially array comparative genomic 

hybridisation (aCGH) to detect copy-number events. I first confirmed that these 

cells are tumour derived CTCs and representative of the mCRPC genome. I went 

on to characterise the cohort in terms of both key CRPC aberrations (such as 

AR, PTEN and RB1 gene copy-number changes), and the overall copy number 

burden of individual cells. I calculated measures of per-patient tumour diversity 

using these. I attempted to identify intra-patient tumour heterogeneity of key 

genomic events and compared them with orthogonal methods including 

fluorescent in-situ hybridisation (FISH). To expand on these data, I analysed a 

separate cohort of single mCRPC CTCs from one patient, utilising low-pass 

whole genome sequencing, with the goal of more deeply characterising the clonal 

heterogeneity and development of these cancers.  
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7.2 Methods 

7.2.1 Patient Selection for Apheresis 

Eligible patients had histologically confirmed mCRPC. Additional eligibility criteria 

included detectable PB CTCs (CellSearch), good bilateral antecubital fossa 

venous access, and no coagulopathy. Clinical assessments included medical 

history and physical examination, full blood count, biochemical tests, and 

coagulation. Safety assessments were done during apheresis and after 30 days. 

All patients provided written informed consent. The study was conducted in 

accordance with the Declaration of Helsinki, with the ethics committee of the 

Royal Marsden and The Institute of Cancer Research approving the study. 

7.2.2 Circulating Tumour Cell Collection by Apheresis 

Apheresis was performed using a Spectra Optia Apheresis System (Terumo, 

BCT). Patients were connected to this via two peripheral venous catheters in 

each cubital vein. Whole blood was anticoagulated before entering the rotating 

centrifuge. Heavier blood elements including erythrocytes migrated to the outside 

of the channel, plasma to the centre, and the buffy coat (including mononuclear 

cells and CTCs) to the middle. The mononuclear cell layer was removed and the 

remaining blood cells and plasma were constantly returned to the patient to the 

contralateral arm. Granulocyte-colony-stimulating factor was not used. Blood was 

anticoagulated with citrate dextrose solution A (two to four 500-mL infusion bags 

were required for each procedure). 

7.2.3 CTC enumeration using CellSearch platform 

CTC counts were determined in 7.5 mL of peripheral blood (PB) drawn 

immediately before, and after, the apheresis; an aliquot of apheresis product 

containing 200 × 106 white blood cell (WBC) was transferred to a CellSave 

preservative tube (Menarini, Silicon Biosystems) and mixed with CellSearch 

dilution buffer to a final volume of 8 mL. All samples were processed within 96 

hours, and CTC counts were determined by CellSearch (Menarini, Silicon 

Biosystems). Briefly, cells were subjected to immunomagnetic capture using anti-

EpCAM antibodies and stained with antibodies specific for cytokeratin 8, 18, and 

19 (CK-PE), CD45 (CD45-APC), and nucleic acid dye (DAPI). Cells were defined 

as CTCs when positive for cytokeratin and DAPI and negative for CD45. Images 



 135 

were captured using the CellTracks Analyzer II (Menarini, Silicon Biosystems) 

and manually examined to determine the presence of CTC. CellSearch cartridges 

were stored in the dark at 4°C before further analyses. 

7.2.4 Single-Cell Isolation and Amplification 

CellSearch cartridge contents were transferred into fresh Eppendorf tubes, 

washed twice with 150 μL of phosphate-buffered saline, and FACS sorted 

(FACSAria III; Becton, Dickinson and Company) to single CTCs (DAPI+, CK+, 

CD45−) or WBC (DAPI+, CD45+, CK−). Sorted single CTC or WBC were whole-

genome amplified (WGA) using Ampli1 (Menarini, Silicon Biosystems) according 

to the manufacturer's instructions with minor modifications. Cells were lysed, 

digested for 30-minutes, adaptor ligated for 3-hours, and PCR amplified. The 

WGA DNA was purified (MinElute PCR Purification Kit; Qiagen), quantified using 

Qubit (Invitrogen), and stored at −20°C. 

7.2.5 Biopsy DNA Acquisition 

DNA from formalin-fixed paraffin-embedded (FFPE) biopsies was extracted using 

the QIAamp DNA FFPE Tissue kit (Qiagen), quantified using Qubit (Invitrogen), 

and evaluated by Illumina FFPE QC kit. Whole-genome amplification was carried 

out on 10 ng of tumour DNA using WGA2 (Sigma-Aldrich). WGA DNA was 

purified (MinElute PCR Purification Kit; Qiagen), quantified (Qubit; Invitrogen), 

and stored at −20°C. 

7.2.6 Array Comparative Genomic Hybridization (aCGH) 

Five hundred nanograms of amplified single CTC DNA was fluorescently labeled 

with Cy5, and WBC reference DNA labelled with Cy3 (SureTag Complete DNA 

Labeling Kit; Agilent Technologies). Labeled DNA was purified and hybridized 

utilizing the Agilent SurePrint G3 Human array CGH Microarray Kit, 4 × 180K. 

Slides were scanned and ratios of CTC/WBC determined using CytoGenomics 

Software v 4.0.3.12 (Agilent Technologies).  

7.2.7 Copy-Number Data Processing and Statistics 

Single cell copy number profiles were segmented using the CytoGenomics 

Software v 4.0.3.12 (Agilent Technologies). Log2 ratios of aCGH segments were 

matched with gene coordinates to assign per-gene values. Copy states of genes 
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were classified by the assigned log2 ratio values. Log2 ratio values < −0.25 were 

categorized as losses; those > 0.25 as gains; and those in between as 

unchanged. Amplifications were defined as smoothed log2 ratio values ≥1.2 and 

homozygous deletions as the segment log2 ratio values ≤ −1.2. 

 

Per-sample CNA burden was calculated as the proportion of the human genome 

(3,000 megabase pairs) affected. Unsupervised hierarchical clustering was 

performed using R (v3.4) with Ward method and the Euclidean distances of 

unique copy-number changes. When clustering samples from multiple tissue 

types, X-chromosome genes were excluded (aside from the AR gene and 10 

genes on either side) due to different reference X-chromosome ploidies (as a 

female reference was used). Per-patient functional diversity was derived from 

cluster dendrograms of CTC samples by calculating the sum of connecting 

branches in a dendrogram (from the R package vegan v2.4.4) and divided by the 

number of samples. 

7.2.8 Whole-Exome Sequencing 

Whole-exome sequencing (WES) was performed using Kapa HyperPlus library 

prep kits and the Agilent SureSelectXT V6 target enrichment system. Paired-end 

sequencing was performed using the NextSeq 500 (2 × 150 cycles; Illumina). 

FASTQ files were generated from the sequencer output using Illumina bcl2fastq2 

software (v.2.17.1.14, Illumina) with the default chastity filter to select sequence 

reads for subsequent analysis. Sequencing reads were aligned to the human 

genome reference sequence (GRCh37) using the BWA (v. 0.7.12) MEM 

algorithm, with indels being subsequently realigned using the Stampy (v.1.0.28) 

package. Picard tools (v.2.1.0) were used to mark PCR duplicates and to 

calculate sequencing metrics for QC check.  

 

The Genome Analysis Toolkit (GATK, v.3.5.0) was then applied to realign local 

indels, recalibrate base scores, and identify point mutations and small insertions 

and deletions. Somatic point mutations and indels were called using MuTect2 by 

comparing tumor DNA to matched germline control. To obtain copy-number 

estimates, germline mutation data was converted to a microarray-like data 

structure (a matrix of allele frequencies with a matching matrix of coverage ratios 

for each SNP) for input to the ASCAT (v2.5.2) package. 
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7.2.9 Fluorescence in Situ Hybridization (FISH) Analysis 

FISH was performed by FFPE hybridization as previously described (Armstrong 

et al., 2012). Briefly 3- to 4-μm FFPE sections were deparaffinized, heat 

pretreated, pepsin digested and hybridized with FISH probe hybridization mix 

overnight at 37°C. FISH probes used were BRCA2/CEN13q (Abnova), RB1 

(Abbott Laboratories), PTEN (10q23)/SE10, MYC (8q24)/SE8 (Leica 

Microsystems), and a custom-made AR/CEPX probe (Menarini, Silicon 

Biosystems). Stringency washes were performed on all slides; for AR, where the 

probe was indirectly labelled, a secondary incubation with anti-digoxigenin–

fluorescein antibody (Roche Diagnostics) was done. Slides were digitally imaged 

(BioView Ltd.), and a pathologist (D.N.R.) evaluated a minimum of 100 tumour 

cells; the ratios between probes of interest and reference probes were recorded. 

Amplification was reported if the ratio was >2; heterozygous loss and 

homozygous deletion if at least one of three of the cells showed loss of one copy, 

or loss of all copies, of the tested probe, respectively. 

 

7.2.10 Pilot Study lpWGS of CTCs 

For the pilot study of lpWGS, cells were not isolated with apheresis. Instead, CTC 

enrichment and enumeration were performed using the CellSearch® Circulating 

Tumor Cell kit (Veridex) in the CellSearch® system (Veridex) according to the 

manufacturer’s protocol. Isolation of single CTCs, defined as 

DAPIpos/CKpos/CD45neg cells, and single white blood cells (WBCs), defined as 

DAPIpos/CKneg/CD45pos, was performed by flow cytometry as previously 

described (Neves et al., 2014). Whole genome amplification (WGA) was 

performed using adapter-linker PCR as previously described with the Ampli1TM 

WGA Kit by Silicon Biosystems (Bologna, Italy) (Klein et al., 1999). Sequencing 

was performed by Silicon Biosystems using a procedure similar to in chapter 4 on 

the Illumina HiSeq. NGS reads were aligned using BWA (v0.7). Aligned read data 

was analysed using the Control-FREEC (v6.0) software to generate segmented 

CNA data with log2 ratios.  

 

I merged the segmented CNA data from Control-FREEC into a same-patient 

dataset with CNA values covering identical 600-kb bins using the 

GenomicRanges (v.1.36) R library. The data structure was essentially a matrix, 

with rows corresponding to genomic regions and columns single cell samples. 
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For CNA segment analyses I performed segmentation using multi-sample 

segmentation from copynumber (v1.24.0). Missing data points were imputed 

using the same package. This approach means that CNA boundaries are unified 

between samples. For phylogenetic analysis I used the raw binned data. 

 

Before downstream analysis, I considered cells which: a) present with extremely 

noisy CNA data or b) are extremely divergent from all other same-patient cells, 

uninformative for phylogenetic analyses, so I applied two broad filters to remove 

them. To identify noisy samples I calculated the median per-sample interquartile 

range (IQR), (ie. the median spread of log2 ratios of bins away from the assigned 

segment value), and excluded samples with a median IQR higher than the 95% 

of that patient data set. I also calculated a mean per-cell pearson correlation (ie. 

the mean correlation value of that CTC dataset when compared to every other 

from that patient), and excluded those below 0.4.  

 

Phylogenetic trees were initially produced using the neighbour-joining algorithm 

with the NJ() function from the phangorn library (v2.5.5). Maximum parsimony 

(MP) trees were produced using the initial tree as input, and the 

optim.parsimony() function from phangorn. MP tree branch lengths were 

estimated using the acctran() function, also from phangorn. Trees were exported 

in newick format, and used as input for TreeCluster (v1.0), with the ‘Max’ method 

and a threshold value of 7000. 
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7.3 Results  

7.3.1 Patient Characteristics of CTC-CNA Cohort 

To establish methods for single cell CNA profiling, I first accessed data collected 

by an enriched sampling method (patients consented and apheresis established 

by S.S., M.F. and M.L.) using whole-blood apheresis, which enables acquisition 

of large numbers of viable CTCs for downstream analyses. From November 2015 

to July 2017, 14 eligible mCRPC patients with detectable CTCs by CellSearch 

were enrolled (median age, 70.4 years; range, 60–77); time from prostate cancer 

diagnosis to procedure ranged from 2–11.6 years (mean, 6.2 years; median, 3.9 

years). The median PSA value at sampling was 506 ng/mL (range, 41–6089 

ng/mL); all 14 (100%) had metastatic bone disease. Prior to apheresis, patients 

had received 1 to 5 lines of systemic therapy for CRPC (Supplemental Figure 

10-3). At sampling, none of the subjects was receiving active treatment other 

than androgen deprivation. 

 

Each apheresis procedure lasted between 90 and 160 minutes and the total 

apheresis product volume ranged from 40 to 100 mL (Supplemental Figure 10-6). 

The apheresis procedure was well tolerated with no related adverse events 

recorded during the procedure or in the 30-day follow-up. The observed CTC 

count did not decrease significantly following apheresis (P = 0.48), however the 

procedure did substantially increase CTC yields (Supplemental Figure 

10-6). Following collection of apheresis product, single cells were stained and 

identified using the CellSearch platform, and isolated using fluorescence-

activated cell sorting (FACS) for prostate epithelial cell surface markers (single 

cell isolation performed by M.L.).  

7.3.2 Single-cell CNAs Represent the CRPC Genomic 

Landscape 

Isolated single CTCs (n=205, from 14 patients) were processed for aCGH 

analysis (by M.L.) and I assessed the overall genome-wide frequencies of copy-

number changes. The aggregate aCGH copy-number profiles of these samples 

closely matched a previously reported dataset of advanced prostate cancer 

biopsies analysed by whole-exome sequencing (Figure 7-1, below).  
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I then analyzed the single CTC aCGH genomic profiles for CNAs with 185 CTC 

(90%) showing complex genomic copy change profiles and 20 (10%) cells having 

relatively flat genomic copy-number profiles. Only two of the evaluated 14 

patients had cell populations with both flat and cancer-like aCGH profiles, 

suggesting that these cells are not found across all tumours but are instead a 

sporadic phenomenon.  

 

 

Figure 7-1 Copy number frequencies of CTCs match bulk biopsy tissue 

Whole-genome copy number aberration (CNA) frequency plots showing results from 185 single cell aCGH 

profiles from 14 patients (A), a cohort of 150 WES bulk biopsy samples (B), and a set of 21 biopsies taken from 

the single cell-analysed cohort (C). aCGH of biopsies (C) was performed using a female reference sample, so 

deletions across the X chromosome are observed. Chromosomes are shown across the x-axis, whereas the y-

axis represents the frequency of gains, losses, amplification, and homozygous deletions. Gains are depicted in 

light pink, losses are depicted in light blue, amplification in dark red, and homozygous/deep deletions are in dark 

blue. 

 

To validate the aCGH copy-number calling, comparisons were made between 

reference samples (male vs female) as well as apheresis derived single white 

blood cells (WBCs). No detectable CNAs were observed, aside from the 

expected sex chromosome imbalance as female control was used (Figure 7-2). 

Additionally, single CTC DNA from a patient with known tumour CNAs was 



 141 

evaluated at variable concentrations of whole-genome amplified (WGA) input 

material: at 10ng/μL, 1ng/μL, 0.1ng/μL and 0.03 ng/μL, with consistent calling of 

copy-gains and losses clearly visible and minimal amplification biases. 

 

Of the 14 patients with single CTCs available, 12 had biopsies (a mix of 

diagnostic and metastatic biopsies) available for analysis, and these also showed 

similar frequencies of key CRPC events (Figure 7-1) to the overall single cell 

cohort and the orthogonal WES cohort. Unsupervised hierarchical clustering of all 

sample CNA profiles showed that patient biopsies invariably clustered alongside 

same-patient CTCs (Figure 7-3), despite some visible heterogeneity in overall 

cluster size and position. Differences were frequently observed between 

treatment-naïve biopsies and castration-resistant CTC samples however, 

including AR gain (chrX), MYC gain (chr8q), and RB1 loss (chr13), which may 

depict tumour evolution under selective pressures (Supplemental Figure 10-7). 

High concordance between single CTC genomic profiles and contemporaneous, 

same patient, metastatic biopsies was seen, although intra-patient genomic 

variety was discernible from the single CTC analyses. 



 

Figure 7-2 Single-cell aCGH validation 

Whole-genome copy number profiles of validation samples show now observable amplification biases. Both male/female (A) and WBC/reference (B) analyses show flat (ie. non copy-altered) 

profiles. Assessing copy-number changes in variable input DNA concentrations (C) shows that the observed copy segments are consistent throughout. Copy gains shown in red, deletions in blue.



 

 

 

Figure 7-3 Unsupervised hierarchical clustering of CTCs with matched biopsies 

Same-patient samples (CTCs, biopsies and CTC-organoids) invariably cluster with other samples from the 

same individual. Nodes are samples, coloured by patient, and node shape corresponds to sample type.  
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7.3.3 Single CTC Copy-Number Changes Reveal Diverse 

Genomes 

 

 

Figure 7-4 Heatmap of single-cell whole-genome CNA profiles 

Individual single CTC copy-number data detecting complex intra- and inter-patient genomic heterogeneity. 

Columns are ordered first by patient and then by unsupervised hierarchical clustering. Patients are organised by 

the overall intrapatient diversity score, from left to right. Chromosomal coordinates are shown from top to 

bottom. Copy-number gains are shown in red, with copy-losses in blue. 

I scored each patient with a diversity value, derived from the total Euclidean 

distance of the evaluable cells normalised by total per-patient cell count. Overall, 

the genomic analyses of 185 single CTCs from 14 patients revealed that some 

patients had highly homogenous CTC CNA traces, while others had highly 
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diverse single CTC CNA traces (Figure 7-4). This may be related to disease 

phenotypes or acquired treatment resistance mechanisms (AR and MYC gain at 

chromosomes X and 8q, respectively; BRCA2/RB1 locus loss at chromosome 

13).  

 

I found now no significant correlation between median percentage genome 

alteration and intrapatient diversity, suggesting that this was due to true clonal 

diversity rather than accumulation of aberrations over time. Despite this, the 

unsupervised hierarchical clustering of all the CTC CNA data and same patient 

biopsies indicated that most samples from one patient clustered together (Figure 

7-3).  

 

 

Figure 7-5 Single CNA copy-number burden 

Box-plot illustrating the proportion of each genome impacted by a copy-number event in the single CTCs. 

Patients ordered by the intra-patient heterogeneity value.  

Some patients (such as P09) had highly homogenous CTC copy-number profiles, 

with the contemporaneous mCRPC biopsy bearing a virtually identical set of CNAs 

to the CTCs (Figure 7-6, below), including characteristic events on chromosome 8 

(8p deletion and 8q gain). 
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Figure 7-6 Whole-genome copy-number traces for P09 

Individual copy-traces for CTCs and a matched metastatic solid biopsy from patient P09. Copy 

gains/amplifications in pink/red, and copy loss/deletions in light blue/navy. 

7.3.4 Clinically Relevant Sub-Clonal Alterations  

The majority of evaluated patients bore a heterogeneous set of CTC CNA 

profiles, with infrequent events that gross biopsy genomic analyses could fail to 

identify. To further interrogate this intra-patient heterogeneity, I studied additional 

cells from patient P13, who had heterogeneous CTCs, with CNA data suggesting 

distinct groups of cells (Figure 7-7). All CTCs were collected at the same time, 

but some CTCs clustered with his diagnostic prostatectomy sample, while others 

more closely resembled the mCRPC bone biopsy, with a large copy-number 

including most of chromosome 5q affecting a proportion of the cells (Figure 7-7). 

This segment had breakpoint in the PIK3R1 locus. A third group of cells was also 

apparent, displaying more complex genomic aberrations.  
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Figure 7-7 Heterogenous cells and subclones in patient P13 

Copy-number heatmap illustrating three main groups for Patient P13: prostatectomy-like, metastasis-like, and a 

set of hyper-altered cells (A). FISH analyses of both biopsies revealed intracellular heterogeneity at the 5q21.1 

locus (B). Tracking the changes over time indicates a shift to the copy-gained sub-population (C).  

FISH analyses of the 5p11/5q21.1 loci performed (by S.M. and D.N.R.) on both 

the hormone-sensitive prostatectomy sample and the castration-resistant 

metastasis revealed the presence of distinct copy-number aberrant cells, with 

5q21.1 being either gained, normal, or lost in a mixed cell population (Figure 7-7). 

This heterogeneity was reflective of the variety observed in the aCGH data. The 

5q21.1 region includes the chromatin-remodelling gene CHD1. These three copy-

states were equally common in the prostatectomy sample, and existed in a broad 

admixture. Over time and following treatment, the proportion of tumour cells with 

5q copy gain increased as shown in the mCRPC biopsy and apheresis CTCs and 

as confirmed by tissue FISH analysis (Figure 7-7).  

 

I went on to study patient P03 in detail, as multiple biopsies were available: a 

castration-resistant lymph node metastasis sample, and a transurethral resection 
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of the prostate (TURP). The TURP was micro-dissected (by D.N.R. and M.L.), 

and four morphologically distinct regions (A, B, C, and D) were processed for 

copy-number changes (Figure 7-8).  

 

All four micro-dissected regions featured a homozygous deletion of BRCA2, 

along with copy-gain of the q-arm of chromosome 8. Distinct sub-clonal events 

were also clearly visible between the regions, including broad losses on 

chromosome 18 (B and D) and gains on chromosome 7 and 12 (A and C) (Figure 

7-8). The CNA profile of a lymph node (LN) biopsy acquired from this patient 6 

years later, following treatment with docetaxel P (75 mg/mm2), enzalutamide (160 

mg), and cabazitaxel (25 mg/mm2), enzalutamide, and cabazitaxel, showed 

the BRCA2 homozygous deletion and 8q gain, as well as previously unobserved 

AR amplification and 17q gain.  

 

Whole-exome sequencing (WES) data was also available for this case 

(processed by W.Y.), with the four TURP regions bearing a distinct pattern of 

mutations including clonal pathogenic SPOP (p.Trp131Cys) and FOXA1 

(p.His168del) variants. Analysis of allele frequencies again grouped the four 

samples into two pairs: A and C, B and D (Figure 7-9). I clustered the available 

CNA data from both single cells and tumour biopsies, and these data illustrate a 

branched evolutionary background for this tumour with heterogenous PTEN and 

BRCA2 deletions across sub-clones. FISH analysis of the TURP biopsy tissue 

also showed inter-cell variability in MYC amplifcation and BRCA2 deletion copy-

states with some cells bearing concurrent events while others displayed normal 

BRCA2. This illustrates the heterogeneity present at the single-cell level, and 

likely reflected a subclonal acquisition of the BRCA2 loss.  
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Figure 7-8 Micro-dissection and aCGH of Patient P03 

Collating four micro-dissected samples from an archival TURP sample (A), along with a metastatic lymph node biopsy shows both distinct tumour morphology and distinct aCGH profiles (B). Dashed 

red boxes indicate areas of inter-sample heterogeneity. A clonal deletion of BRCA2 is featured in all samples. 
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Figure 7-9 Inter-Sample Heterogeneity of Patient P03 

Whole exome sequencing (WES) analysis of TURP regions A-C and a lymph node metastasis of shows both 

clonal and sub-clonal mutations (A). This heterogeneity is reflected in unsupervised clustering of key CRPC 

genes (B). Individual CTCs are numbered “C#”, “A” indicates bulk TURP biopsy material, the four TURP 

microdissected regions are listed “A-A”, “A-B”,”A-C”,“A-D”, and the lymph node metastasis represented by “M”. 

Plot of chromosome 13 showing BRCA2 gene heterogeneity between both CTCs and tissue samples (C). FISH 

analysis of MYC (red) and BRCA2 (green) copy-states indicates a admixture of combinations (D).  

7.3.5 Pilot Analyses of CTC-lpWGS 

To explore the potential of detecting tumour evolution from single CTC analysis, I 

accessed a dataset from an additional single patient (treated with PARP 

inhibition, but was not classified as a responder) for which a larger number of 
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cells were available. These data were generated in collaboration with Dusseldorf 

University (Professor Nikolas Stoeklein). The cells were not isolated by 

apheresis, but DNA extraction and WGA was as described earlier in this chapter. 

Following single-cell isolation, whole genome amplification and sequencing, 55 

cells were available at three timepoints: baseline (n=9), on-treatment (n=17) and 

end-of-treatment (n=29). I converted individual cell lpWGS CNA data (produced 

by ControlFREEC software) into a merged single-patient dataset with CNA data 

(ie. log2 ratios) assigned to 600kb bins (see methods 7.2.10). I also removed 

samples based on filters for CNA data noise and poor overall correlation with 

same-patient samples, as these are liable to add uninformative data to analysis. 

Following this quality control step, 46 cells were remaining (baseline=9, on 

treatment=12, end of treatment=25). 

 

To examine the clonal disease structure of this patient’s mCRPC; I established a 

novel application of existing phylogenetic tools. Instead of treating the CNA data 

as numeric, I elected to use a character evolution method, which I judge to be 

better suited to this data source – for example, the magnitude of a homozygous 

deletion is not simply ‘one more’ than a hemizygous. 

 

I used the binned CNA data to construct a phylogenetic tree using the optimum 

parsimony algorithm to find the simplest structure that explains the data, using all 

the available cells (n=46) across all three timepoints. To convert CNA data to the 

required format, I treated the analysis similarly to nucleotide sequence 

phylogenetics, with copy-number states (ie. homdel, hetloss, neutral, gain, 

amplification) used instead of nucleotides. To account for the differences in CNA 

magnitudes, I also used a custom ‘cost matrix’ to apply an arbitrary cost to 

changes from each state. I judged that some aberrations would be harder or 

easier to acquire given the background of the cells: ie. a tumour with a 

homozygous deletion of a region is unlikely to have daughter cells with copy-gain 

in that same region. I also ‘rooted’ the generated phylogenetic tree by adding an 

artificial germline sample – a completely copy-neutral case with no CNAs. The 

phylogeny suggested a branching structure with three main groups of cells 

(Figure 7-10 below).  

 

To assign subclones in an unbiased manner, I used the software TreeCluster, 

which assesses tree structure and branch lengths to generate cluster 

assignments (Balaban et al., 2019). One cluster (in green) features 
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predominantly clonal alterations, and likely represented the ‘trunk’ of the tumour 

evolutionary tree for this patient. The remaining two clones (blue, red) were 

characterised by both many more (frequently private) additional changes, and 

could be considered separate subclones. All the clusters feature some degree of 

deletion on chromosomes 6, 8 and 13. The red cluster depicts numerous large 

copy-gained regions, (including whole-chromosome gains of chromosomes 4, 5, 

10, 14, 16 and 18) and perhaps indicating a shift in overall ploidy. The blue 

cluster depicts the acquisition of numerous deletions with large areas on 

chromosomes 1 and 2 lost in almost all cases.  

 

Examining the changes in cluster proportions over time, I found that there was a 

significant shift in cluster proportions from baseline to end of treatment collections 

(fisher’s exact test, p=0.001), with one subclone (in blue, Figure 7-10) shifting 

radically to dominate the others, increasing from 16% at baseline to 76% at end 

of treatment, In keeping with similar results acquired from the CTCs generated by 

apheresis. I am now expanding this work to a larger number of mCRPC patients.  
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Figure 7-10 Phylogenetic analysis of pilot lpWGS CTC CNAs 

Inferred tumour evolution of a single-patient set of single cell CTC CNA data, with a maximum-parsimony phylogenetic tree (A), the associated subclone clusters (B), and raw copy-number data (C). 

Additionally, as cells were collected at three different timepoints, a plot illustrating the relative proportions of each cluster observed at each timepoint (D). Each subclone is coloured. 
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7.4 Discussion 

I show in this chapter that liquid biopsy by apheresis is a minimally invasive and 

well-tolerated procedure that increases CTC yield >100-fold from mCRPC 

patients. Interestingly, these data indicate that apheresis does not significantly 

impact CTC counts, which suggests either a) a rapid replenishment of cells, or b) 

inefficient capture. I show here that the genomic landscape of prostate cancer 

CTCs captured by apheresis mirrors that of mCRPC biopsy exomes, validating 

this CTC capture methodology and aCGH CNA profiling. Copy-number traces of 

individual CTCs frequently closely resembled same patient biopsies, with 

evidence for CNAs changing over time due to therapeutic pressures (including 

gains in MYC and AR). Critically, subclonal CNAs are not easily discernible from 

bulk biopsy analyses but were detected by single CTC. 

 

Yields of evaluable single cells decrease significantly through these experimental 

procedures; stringent settings in FACS sorting to allow isolation of only pure 

single cells result in a 60% to 80% retention rate of CTCs from CellSearch 

cartridges. DNA from approximately another 20% of these cells fails quality 

control after whole-genome amplification. Therefore, in order to end up with 

sufficient CTCs for genomic analyses, a high number of cells are required, 

making the concentrated apheresis product a more efficient source than 

peripheral blood draws. One limitation of my analyses is that the optimal number 

of cells required for studying sub-clonality in tumours has not yet been 

established, with various studies ranging from ten to over a hundred published 

(Leung et al., 2017; Stoecklein et al., 2016). At least, multiple cells representing 

each subclone are likely required, and as clonal diversity increases so does the 

required number of cells to accurately assess this. It may also be the case that 

the ideal number of cells differs a) between patients and b) between tumour 

types. Moreover, single-cell RNA sequencing protocols are cheaper and typically 

use less material than DNA sequencing, and can therefore access more cells, 

and comparisons between these methodologies will be key in the future.  

 

Interestingly, I found varying degrees of intrapatient heterogeneity in different 

patients, with some having highly homogenous single CTCs, but many having 

detectable CTC genomic diversity. Some CTCs resembled diagnostic biopsies, 

while others more closely mimicked metastatic tissue. Such heterogeneity 

remains difficult to identify from circulating free DNA, with existing methods 
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relying on high depth whole-genome sequencing providing large numbers of 

single nucleotide variants. These are limited by tumour purity and overlapping 

allele frequency distributions. Analysis of single cells, while challenging, offers a 

higher resolution for detecting true subclonality and heterogeneity throughout the 

patient. The relatively limited number of samples available also limits the work in 

this chapter, along with the extensive variability in the patient backgrounds. 

Drawing conclusions about overall clonal dynamics in prostate cancer is 

therefore challenging. I show, however, that by increasing the numbers of cells 

analysed it is possible to perform a robust analysis of subclonality in mCRPC, 

although such analyses remain challenging. 

 

Moving forward, studies are needed to identify the optimal number of individual 

CTCs from one patient to sufficiently interrogate heterogeneity while minimising 

cost. Low-coverage whole-genome next-generation sequencing with barcoding of 

DNA from each CTC may allow this, as well as exploration of single-cell RNA 

sequencing to better understand resistance mechanisms. Direct comparison of 

CTCs acquired by apheresis with both CTCs and cfDNA from PB, as well as with 

single cells dissociated from tissue should be pursued. Finally, studies to 

evaluate the large numbers of immune cells in the apheresis product from these 

patients are also merited.  

 

There is a clear benefit to studying CTCs from serially taken blood samples. 

Early identification of resistant clones can be utilized to reverse treatment failure, 

guiding drug combination administration or the serial utilization of drugs not 

tolerated when administered together. Ideally, analysing the dynamics of tumour 

clones through liquid biopsies will offer insights into subclonal 

eradication/evolution during therapy to further evaluate this strategy, while also 

generating estimates of CTC counts for monitoring response to therapy. 

Identifying subclonal events using CTCs also offers a way to monitor the different 

treatment sensitivity and resistance that multiple metastases display in mCRPC. 

 

In conclusion, I demonstrate here that the analyses of whole-genome CNA 

profiles from single CTCs permits the identification of intrapatient tumour 

genomic heterogeneity previously missed by bulk biopsy analyses. Additionally, I 

show that it is possible to illustrate overall tumour diversity by analysis of these 

cells, although validating this with orthogonal approaches will be key in the future. 
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 Overall, I show that analyses of large numbers of CTCs allows for more detailed 

phylogenetic and evolutionary analyses to be performed. Single cells offer a 

viable liquid biopsy that can display the clinically actionable alterations that I have 

discussed in previous chapters.  
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 Conclusions and Future Perspectives 

8.1 Overall Context 

Advanced prostate tumours are a complex group of diseases for which it has 

been challenging to define clinical subtypes. Molecular stratification of advanced 

prostate cancers is emerging and already impacting patient care, with 

identification of mismatch repair defects and CDK12 alterations leading to the 

choice of immunotherapy with anti-PD1/PD-L1 antibodies, while the presence of 

homologous recombination DNA repair defects – the commonest of which is 

BRCA2 loss – results in sensitization to PARP inhibition and treatment with drugs 

such as olaparib. 

 

However, the majority of men suffering from mCRPCs do not yet have genomic 

results that generate tumour molecular stratification impacting treatment 

decisions, and it is therefore important to develop new understandings of prostate 

cancer genomics that can guide therapies. In addition, dissection of inter- and 

intra-patient heterogeneity will be key to improve patient care, clinical trial design, 

and ultimately disease outcomes.  
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The chief conclusions that I draw in this work are as follows: 

8.1.1 Targeted Gene Panel NGS Can Define Key mCRPC 

Subtypes  

• Between 20 and 40% of CRPC tumours can be identified as part of 

various DNA-repair defective subtypes and these can be classified using 

targeted-sequencing protocols. This requires specific methodologies and 

considerations. 

• Procedures for calling mutations from targeted sequencing are well 

established, but those identifying copy-number changes are not, so I 

show here an orthogonally validated method for CNA identification from a 

113-gene targeted amplicon sequencing panel data, including the 

detection of key events such as BRCA2. 

• This method has been used successfully for delivering the TOPARP-B 

trial, with patients enrolled and treated on the basis of detected deletions 

in key HR genes. The preliminary results for this trial have been 

presented and show substantially elevated drug responses. Interestingly, 

preliminary genomic analyses of TOPARP-B have suggested that not all 

HR gene deficiencies result in the same sensitivity to PARP inhibition 

(Mateo et al., 2019). 

• Deficiencies in mismatch repair are a clinically important molecular 

classification because of a targeted vulnerability to immunotherapies. I 

show that targeted sequencing can produce analysis of microsatellite 

instability for a measurement of overall deficiency in the MMR pathway. 

• There remains, however, substantial heterogeneity even at the single cell 

level, presenting a biological limitation to panel sequencing of bulk cancer 

cell DNA. I showed that RB1 deletions visible at the CNA level are due to 

marked cell-to-cell heterogeneity, with adjacent cells bearing variable 

copies of the gene by FISH analysis. 

• Tumour biopsy data have a well-known limitation of tumour purity, with 

detectable CNAs becoming indistinguishable from background noise as 

tumour concentrations decrease. Additionally, estimating tumour purity 

from targeted sequencing is unreliable, due to the small number of 

potential data points. I show, however, that modifying sample collection 

methods via methods such as microdissection can alleviate some of 

these concerns by enriching tumour purity.  
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8.1.2 lpWGS of Cell-Free Plasma DNA Provides Accurate 

Insights Into mCRPC Tumour Burden 

• I studied cfDNA from a cohort of patients treated on two Phase 3 clnical 

trials of taxane chemotherapy (FIRSTANA and PROSELICA), and 

showed that low-pass whole genome NGS allows for accurate genome 

wide CNA profiles that include various key mCRPC events, and I found 

that the distribution and frequency of events in these cohorts of samples 

matched those described in biopsy studies pursuing exome sequencing. 

• Analysis of lpWGS permits the estimation of tumour purity, however, 

tumour DNA may not always be present at high concentrations in blood 

plasma, which is a biological limitation of this and similar studies. 

• I propose that a hard limit of ~5% tumour purity is a plausible cutoff for 

excluding low-purity samples from downstream genomic studies, although 

ideally for accurate detection of small events samples should have 10% 

or greater.  

• A low tumour purity value is not just a limitation, however, as it performs 

as a measure of tumour burden and can be considered highly prognostic. 

I show that baseline estimates of tumour purity from lpWGS of cfDNA are 

associated strongly with poor overall survival. 

• I found that tumour purity, and other well established clinical factors for 

mCRPC, had no association with drug response – which is to be 

expected.  

• As patients respond to therapy and tumours shrink, the concentration of 

cfDNA shed into the blood decreases. Studying tumour purity estimates 

from lpWGS by analyses of serial blood samples reveals stark differences 

between treatment responders and non-responders. This suggests a 

method for monitoring tumour burden throughout the course of treatment, 

in addition to potentially identifying new genomic events. 

8.1.3 Genomic Copy-Number Signals of Taxane Chemotherapy 

• Some data have shown an association between CNA burden) and 

mCRPC prognosis and taxane efficacy. I found, however, very modest 

effects, potentially due to the relatively homogenous group of advanced 

diseases in the patients studied. 
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• Unsupervised analyses of genome-wide changes in CNA frequency 

showed that, in particular, copy-altered regions on chromosome 6 (q23) 

and 15 (q14) appeared to be induced by taxane treatment.  

• Further, several loci can be identified in an unsupervised manner that 

have strong multivariable associations with taxane response. In particular, 

chr15 (30-63.5Mb) copy-losses were predictive of better response and 

survival, while chr19 (12.5-24.5Mb) copy-gains were predictive of 

significantly worse response and survival.  

• Functionally screening the genes found in these regions may be 

necessary for truly discerning the key players. 

8.1.4 Supervised Analysis of Gene Copy-Number Events 

Identifies Potential Taxane Clinical Factors 

• The cohort of taxane-treated tumours bears a set of characteristic 

mCRPC CNA changes in baseline cfDNA analyses.  

• Despite previous reports, once low-tumour purity samples were excluded, 

I found only very modest associations of mCRPC CNAs with taxane 

response, which may explain why no genomic subtyping has been 

successful yet for these drugs.  

• Copy-losses in the tumour suppressor gene CDKN2A were multivariably 

prognostic of poor survival in this cohort, although not predictive of drug 

response. Surprisingly, RB1 deletions, however, were not. CDKN2A 

deletions (or perhaps, chr9p deletions) may therefore have been an 

overlooked prognostic factor in mCRPCs. 

• I observed some changes in CNA frequency between cohorts and in 

longitudinal sample sets, including in MAP3K7 (chr6), PIK3R1 (chr5), 

PIK3CB (chr3) and CDKN2A (chr9). CNAs covering these loci may be 

selected for by chemotherapy, although this may not represent a taxane-

specific signal. 

• I found that copy-gains in several tubulin genes were significantly 

changed in frequency between the baseline FIRSTANA (taxane naïve) 

and PROSELICA (docetaxel exposed) cohorts.  

• Univariable and multivariable statistics revealed significant associations 

for several tubulin-beta isoforms (including TUBB8, TUBB4A and 

TUBB4B) with survival and response, and interestingly, several tubulin-

alpha isoforms (TUBA3D, TUBA4A).  
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• One limitation of this study is that the precise interactions of tubulin 

aberrations with taxane chemotherapy cannot be fully identified from this 

dataset, as CNAs offer only a partial examination of the possible sources 

of regulation for this gene pathway.  

• The associations observed in this study require future validation. 

Downstream studies of tubulins in mCRPC will benefit from expression 

analysis and functional validation to confirm the impact of individual gene 

aberrations. Similarly, performing siRNA/CRISPR screens on the genes 

found within the unsupervised-screened regions will help to identify the 

genes driving changes in taxane sensitivity. 

8.1.5 Single-cell Analyses Show Sub-Clonal CNAs and 

Illustrate Tumour Heterogeneity 

• Since the presence of multiple subclones within a single biopsy, or 

multiple metastases generating cfDNA (ie. tumour heterogeneity) is a 

limiting factor in tumour genome analyses, I pursued single cell genomic 

analyses.  

• The process of whole blood Apheresis increased yields of CTCs 

substantially. 

• I found that single cell aCGH data was highly representative of the 

mCRPC genome, with characteristic CNA changes clearly visible at 

expected proportions. 

• Some CTCs in this analyses were not well representative of the other 

same-patient samples, and this may be due to either a) true biological 

variability with low numbers of truly aberrant tumours generating CTCs 

that differ substantially from the initial clone but are otherwise viable, or b) 

a technological limitation, with dying cells, cells captured by the immune 

system, or cell clusters incorrectly identified as viable CTCs.  

• Additionally, a relatively low quantity of input DNA, such as in CTCs, was 

capable of producing accurate CNA profiles with little visible biases. 

• Single cell CNAs can resolve subclonal events that are challenging to 

observe in NGS of bulk tissue or cfDNA.  

• Sampling of a large volume of CTCs can allow for studies that mimic true 

multi-region sequencing protocols, and potentially access cells from 

metastatic lesions that are difficult to biopsy – or detect metastases 

undetected by imaging modalities. 
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• My analyses indicate that tumour phylogenetics can be studied using this 

data source. I showed that single cell CNAs can be treated similarly to 

existing character state evolution analyses, and therefore benefit from a 

substantial body of work already developed for nucleotide and amino acid 

evolution studies.  

• The single CTC analyses also show that this technology allows for a 

precise examination of tumour clone dynamics, and measure tumour 

heterogeneity, which some studies have linked to clinical outcome. The 

number of observable clusters may suggest underlying biological 

variability of the disease, or relate to the number of metastases present. 
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8.2 Future Perspectives 

8.2.1 Clinical Genomics 

The data presented here, alongside other recent publications, show that while 

large strides have been made in the genomic characterisations of mCRPC, 

several unmet needs remain. Identification of DNA repair-based therapies has 

provided substantial benefit, but resistance inevitably emerges. Additionally, not 

all patients respond to the same degree and for the same length of time – some 

patients with multiple metastases show benefit in a subset of tumours, but not all. 

 

Resolving these issues will require multiple approaches. The optimal ordering of 

therapeutic agents has not been yet established, although such trials are 

currently ongoing, in particular exploring combinations of hormone therapies with 

targeted agents.  Synergistic combination therapies are under development, with 

the goal of driving tumours into crises by exploiting multiple approaches of attack. 

For example, combining anti-androgen therapies with taxanes has shown some 

effect, with the CHAARTED trial results reporting significantly improved survival 

in combination-treated patients than monotherapy (Kyriakopoulos et al., 2018; Xu 

and Qiu, 2019). The PROpel trial currently seeks to evaluate PARP inhibition in 

combination with anti-androgens, and several studies are examining the potential 

for priming the immune system for enhancing the effect of immunotherapies. 

While these preliminary trials have shown some effects, it is not clear to what 

degree these trials will show true synergistic impact; as opposed to simply 

loading a patient with additional therapies. The role of genomics will be critical to 

dissect the results, and explore the potential to stratify patients for such drug 

regimens.  

 

Genomics is also increasingly being used to screening patients for clinical trials, 

and although this application is currently limited to a limited number of cancer 

centres, the decreasing costs of and improved accessibility of NGS mean that 

this will become widespread. There is a substantial role that genomics can play in 

monitoring the disease of patients enrolled on trials (and eventually, all 

individuals suffering from cancer). This thesis shows not only methods to classify 

tumours for drug sensitivity, but also minimally invasive approaches to track 

disease progression and evolution. Studying liquid biopsies for data about tumour 
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burden may prove to be an invaluable prognostic tool for mCRPC patients, 

particularly in cases where traditional biopsies are inaccessible.  

 

Unfortunately, in the majority of patients without genomic classification and 

following androgen deprivation, there is a paucity of targeted therapeutic 

approaches. Defining actionable subtypes for taxanes have been challenging in 

many tumour types, with a variety of resistance mechanisms and markers of 

sensitivity reported; and while the results in this thesis are suggestive, more work 

is needed to unpick markers of sensitivity and mechanisms of resistance. In 

particular, studying the differences in taxane-resistant tumours (both cell lines 

and patient samples) may provide insights into how these common therapies can 

be tailored. Validating the genomic regions with significant associations with 

taxane response identified in this work will be critical to driving true genomic 

stratification for taxane therapy. To achieve this, I plan to analyse siRNA/CRISPR 

screen data from a set of recently acquired (from collaborators) cell lines (C42, 

LNCaP, 22Rv1), including both taxane resistant and sensitive cultures. 

Preliminary expression analysis on these data has implicated tubulin alterations 

in taxane resistance, although this work is still ongoing. 

8.2.2 Emergent Technologies 

Advanced prostate cancers are complex tumours with numerous functional 

pathways impacted at various levels of regulation – this thesis was concerned 

primarily with gross copy-number changes, which, while certainly common in 

mCRPC, likely represent only a proportion of the oncogenic events that drive 

tumour growth and evolution. Additionally, truly characterising CNAs (as in, 

estimates of extra/fewer copies of genomic regions) with short read sequencing 

presents challenges. CNAs are essentially genomic scars from structural events 

or gross chromosomal abnormalities, and current sequencing methods and 

analytical technology limit true reconstruction of the cancer genome – which 

feature complex events within repeat regions, cryptic deletions and 

extrachromosomal structures. Methods such as FISH can provide clues – but are 

challenging to be scaled up to handle complex, aneuploidy tumours, which 

mCRPC frequently are.  

 

New data sources need to be considered for further studies of mCRPC genomes 

to more deeply resolve these issues. Structural events are difficult to 
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automatically detect and characterise, but sequencing tools such as linked-read 

sequencing and long-read sequencing are capable of surpassing WGS and RNA-

seq approaches. These approaches could be, for example, used to explore the 

repeat regions found in key genes – including the AR – that may include 

structural variation that is undetectable by conventional technologies. Preliminary 

data has indicated that these tools identify many more structural changes than 

short read NGS, including events present in healthy germline tissues.  

 

Studies that not only reliably classify genomic aberrations but truly integrate them 

into unified analytical pipelines are key to handling the growing repertoire of 

sequencing tools available. Integrating CNA data (low-pass WGS or otherwise) 

with other data sources, for example transcriptomics (from RNA) and mutation 

calling (from exomes) offers the possibility for true multi-omic modelling. Joint 

analysis of such so-called ‘vertical data’, paired with clinical annotation, could be 

key to identify latent subtypes of mCRPCs not apparent from traditional analyses 

(Richardson et al., 2016). Key to this is, aside from collating such large datasets, 

an understanding of the relative impacts that given alterations can have, and 

merging data in ways that reflect the underlying biology. 

 

Improving sampling methods offers a way to develop our understanding of 

genomics. Aside from multi-region sequencing and microdissection, single cells – 

both from dissociated fresh biopsy samples and from isolated CTCs – may be the 

best method to identify tumour subclones. In this thesis, I present only single 

CNA data, but methods for single cell RNA and methylation have shown 

promising results, albeit with a different set of caveats.  

 

For further studies of CTC genomic analyses, I propose two simple constraints: 

1. A plausible subclone population must be represented by at least x% of the 

total cells studied. 2. A minimum of two similar cells must be assigned to a group 

to be considered a subclone. If the value of x is 10%, application of these limits 

suggests a minimum CTC number of 20. In the cohort studied in chapter 7, using 

these criteria the majority of patients exhibited multiple clones. I am currently 

working to characterise more patients with large (>50) numbers of CTCs 

collected, and preliminary data has shown that these patients again display a mix 

of homogenous and heterogenous samples.  
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8.2.3 Closing Comments 

In conclusion, in this thesis I have demonstrated how targeted panel NGS data 

can be used to classify the ~40% of mCRPC cases that are likely to respond to 

DNA-repair targeting therapies. I went on to explore the utility of cfDNA for calling 

genome-wide copy-number alterations in a cohort of individuals on two clinical 

trials of taxane chemotherapy, and showed that while tumour purity represents a 

liability for cancer sequencing, it also has clinical utility in associating with tumour 

burden and survival. Using this dataset, I explored several possible predictive 

biomarkers for taxane use, and pursued supervised analyses to test hypotheses 

focused on taxane-treatment related genes, including their target the tubulins. I 

also developed an unsupervised approach that identified several promising copy-

altered regions that could provide predictive and prognostic biomarkers in the 

future. I believe that validation and clarification of these will provide key clinical 

stratifications for mCRPCs. Finally, to truly explore tumour heterogeneity, and 

bypass issues of tumour purity, I analysed a large set of single CTCs for copy-

number alterations, and showed tumour diversity and sub-clonality at a single-cell 

resolution. I also demonstrated a novel application for existing tools to transform 

single-cell CNA data for phylogenetic reconstruction. 

 

I believe the work presented here offers both technical and genomic answers to 

key issues in clinical practice, and that these approaches can help guide the 

treatment of advanced prostate cancer to improve patient care.  
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10.1 Supplemental Figures 
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Figure 10-1 MSI loci identified by targeted panel NGS 

Unsupervised hierarchical clustering of MSI loci (rows) shows no overall patterns. Cells are coloured by MSI status (blue: normal, red: unstable). Samples (columns) are highlighted if they are 

flagged as MSI-unstable through an alternative method. 
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Figure 10-2 FIRSTANA and PROSELICA trial designs 

Trial designs of FIRSTANA (A) and PROSELICA (B), both trials of taxane chemotherapy in advanced prostate 

tumours. Individuals on FIRSTANA have no prior taxane exposure, while those on PROSELICA have been pre-

treated with Docetaxel. 
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Figure 10-3 Prior treatments of patients included in CTC-CNA validation study 

Summarising the range of prior therapies of each individual who participated in the whole-blood apheresis 

sampling method for CTC collection. Each horizontal bar indicates an individual and the coloured bands mark 

treatment types. 
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Figure 10-4 Comparing baseline cfDNA tumour purity against clinical factors 

Plots showing association of tumour purity values with CRPC clinical variables: the presence of absence of 

visceral metastases, ECOG performance status, lactate dehydrogenase (LDH), serum albumin (ALB), 

haemoglobin (HB), prostate specific antigen (PSA), alkaline phosphatase (ALP). Plots and statistical tests split 

by study (FIRSTANA or PROSELICA). Categorical variables (mets/ECOG) compared using Wilcoxon rank sum 

test, continuous variables compared using pearson correlation.  
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Figure 10-5 Forest model for unsupervised CNA associations with drug response 

Logistic regression model for nine genomic regions previously highlighted in unsupervised analysis of taxane-

associated genomic regions. Odds ratios, confidence intervals and p-values shown. Membership of the 

FIRSTANA and PROSELICA cohorts is also included in the model. 
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Figure 10-6 Apheresis sample collection workflow and metrics 

Whole-blood apheresis allows for enriched numbers of viable single cells for downstream analysis. The sample 

collection workflow of the apheresis study (A) resulted in sufficient output for a variety of analyses. The overall 

yield of CTCs (B) is much improved compared to traditional methods. 

 

Figure 10-7 Heatmap of genome-wide CNAs across the CTC-CNA cohort 

Heatmaps presenting unsupervised hierarchical clustering based on CNA and Euclidean distance, of all the 

samples for each patient. Column from left to right depicts patients, and rows are ordered by chromosome 

position. Black bars identify tumour biopsies, grey bars identify CTCs, at the bottom of the heatmap. 
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Chrom Start End Gene Bins X Chrom Start End Gene Bins X Chrom Start End Gene Bins 

chr1 2488044 2494762 TNFRSF14 9  chr7 148504716 148547656 EZH2 20  chr15 40453354 40513013 BUB1B 24 

chr1 11166624 11319601 MTOR 57  chr8 30915930 31030684 WRN 34  chr15 66679673 66783018 MAP2K1 12 

chr1 27023543 27107293 ARID1A 22  chr8 48686686 48872585 PRKDC 84  chr15 89790837 89859765 FANCI 34 

chr1 45794948 45805950 MUTYH 9  chr8 90947766 90995199 NBN 15  chr15 91290584 91358577 BLM 22 

chr1 65300216 65352007 JAK1 24  chr8 128748815 128753281 MYC 5  chr16 338053 397131 AXIN1 16 

chr1 115251107 115258811 NRAS 4  chr8 145736777 145742863 RECQL4 19  chr16 2097726 2138715 TSC2 44 

chr1 118165465 118166700 FAM46C 1  chr9 5021949 5126830 JAK2 23  chr16 14013974 14042252 ERCC4 11 

chr1 120457873 120612065 NOTCH2 36  chr9 21968185 21994411 CDKN2A 7  chr16 23614752 23652489 PALB2 13 

chr1 156785597 156851536 NTRK1 24  chr9 35074040 35079557 FANCG 14  chr16 68772146 68867433 CDH1 16 

chr2 29416015 30143142 ALK 28  chr9 97863903 98011615 FANCC 15  chr16 89805016 89882428 FANCA 41 

chr2 39477721 39605325 MAP4K3 32  chr9 100437667 100456095 XPA 5  chr17 7572846 7579964 TP53 7 

chr2 47600571 47613838 EPCAM 8  chr9 135771597 135804355 TSC1 20  chr17 11958147 12044610 MAP2K4 10 

chr2 47630332 47710179 MSH2 16  chr9 139390613 139438574 NOTCH1 54  chr17 29482952 29701201 NF1 62 

chr2 48018028 48034034 MSH6 9  chr10 43595874 43623817 RET 21  chr17 33427876 33446720 RAD51D 12 

chr2 58386846 58468473 FANCL 13  chr10 50666825 50741101 ERCC6 20  chr17 37618334 37687625 CDK12 14 

chr2 128015124 128051392 ERCC3 14  chr10 89624161 89725308 PTEN 10  chr17 37855748 37884425 ERBB2 26 

chr2 212248277 213403289 ERBB4 28  chr10 123239046 123353351 FGFR2 20  chr17 41197616 41276226 BRCA1 23 

chr2 215593373 215661923 BARD1 10  chr11 532652 534317 HRAS 5  chr17 47677717 47700284 SPOP 9 

chr3 10070299 10143006 FANCD2 42  chr11 22646176 22647416 FANCF 3  chr17 56769935 56811677 RAD51C 9 

chr3 10183416 10191716 VHL 6  chr11 32410508 32456399 WT1 11  chr17 63526045 63554838 AXIN2 13 

chr3 14187336 14220171 XPC 16  chr11 47236647 47260486 DDB2 9  chr19 1206853 1226541 STK11 9 

chr3 37035016 37092170 MLH1 19  chr11 94153206 94226024 MRE11A 20  chr19 4090533 4117657 MAP2K2 12 

chr3 38180100 38182862 MYD88 5  chr11 108098341 108236301 ATM 60  chr19 11095034 11172529 SMARCA4 41 

chr3 41265457 41280910 CTNNB1 10  chr11 125496642 125525285 CHEK1 11  chr19 40740892 40771261 AKT2 13 

chr3 142168225 142297653 ATR 47  chr12 12870774 12871995 CDKN1B 2  chr19 45854812 45873568 ERCC2 20 

chr3 178916573 178952180 PIK3CA 17  chr12 25362711 25398361 KRAS 5  chr20 36014396 36031804 SRC 11 

chr4 1800897 1809071 FGFR3 18  chr12 46123588 46298889 ARID2 19  chr22 24133868 24176430 SMARCB1 8 

chr4 55124897 55161535 PDGFRA 23  chr12 56474034 56495900 ERBB3 25  chr22 29083879 29130783 CHEK2 14 

chr5 56116542 56189532 MAP3K1 19  chr12 58142278 58145569 CDK4 7  chr22 29999919 30090862 NF2 17 

chr5 67522481 67593505 PIK3R1 18  chr12 69202894 69233681 MDM2 10  chrX 14861624 14883724 FANCB 7 

chr5 79950793 80171748 MSH3 26  chr12 121416694 121439019 HNF1A 11  chrX 15808569 15841424 ZRSR2 11 

chr5 112043349 112179927 APC 16  chr13 32890544 32972943 BRCA2 25  chrX 66764935 66943789 AR 13 

chr5 131892967 131978081 RAD50 25  chr13 48881353 49054295 RB1 25  chrX 76763771 77041588 ATRX 36 

chr6 35420573 35434153 FANCE 10  chr13 103498580 103528287 ERCC5 15       
chr6 138192314 138202512 TNFAIP3 8  chr14 35871128 35873123 NFKBIA 4       
chr7 6026415 6048684 PMS2 11  chr14 45605206 45669259 FANCM 22       
chr7 55209957 55273347 EGFR 30  chr14 68290194 69149691 RAD51B 15       
chr7 106507921 106545907 PIK3CG 12  chr14 75483756 75516409 MLH3 12       
chr7 116335776 116436202 MET 20  chr14 104165077 104177508 XRCC3 8       
chr7 140434376 140550097 BRAF 17  chr14 105236653 105259078 AKT1 15       

Table 10-1 Genes and genomic ranges in the DNA-repair defect targeted panel 
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Table 10-2 Matched pair analysis of selected gene CNA changes 

 

  Paired Data New CNAs Paired Comparisons (McNemar's Test) P-Values 

  Overall (n=72) FIRS (n=29) PROS (n=43) Overall BL vs Overall EOS FIRS BL vs FIRS EOS PROS BL vs PROS EOS 

  Gains Losses Gains Losses Gains Losses Gains Losses Gains Losses Gains Losses 

1_22500001_23000000 E2F2 4 6 2 2 2 4 1 0.453 1 1 1 0.546 

2_135500001_136000000 CXCR4 3 6 2 3 1 3 1 0.752 1 1 1 1 

3_70000001_70500000 FOXP1 7 6 3 3 4 3 0.803 1 1 1 1 1 

3_71000001_71500000 RYBP 7 6 3 3 4 3 0.803 1 1 1 1 1 

3_71500001_72000000 SHQ1 7 7 3 3 4 4 0.803 0.773 1 1 1 1 

3_137000001_137500000 PIK3CB 6 1 3 0 3 1 0.789 0.371 0.617 0.48 0.343 1 

3_177500001_178000000 PIK3CA 5 1 3 1 2 0 0.423 0.221 1 1 0.182 0.134 

3_184500001_185000000 ETV5 6 1 4 1 2 0 0.606 0.371 0.683 1 0.182 0.248 

5_66500001_67000000 PIK3R1 5 9 2 3 3 6 0.221 1 1 1 0.248 1 

5_97000001_97500000 CHD1 5 7 2 3 3 4 0.45 0.628 1 1 0.248 0.752 

5_111000001_111500000 APC 6 9 4 3 2 6 1 1 1 1 0.48 1 

6_19000001_19500000 E2F3 6 7 4 4 2 3 1 1 0.683 0.371 0.45 0.724 

6_90000001_90500000 MAP3K7 5 7 4 2 1 5 0.45 0.359 0.683 1 1 0.302 

7_12500001_13000000 ETV1 8 2 4 1 4 1 1 1 1 1 1 1 

7_54000001_54500000 EGFR 8 2 3 0 5 2 1 1 1 0.48 1 1 

7_91000001_91500000 CDK6 7 1 3 0 4 1 1 1 1 NA 1 1 

7_98500001_99000000 MCM7 6 0 4 0 2 0 0.789 NA 1 NA 0.683 NA 

7_139000001_139500000 BRAF 7 0 4 0 3 0 1 0.48 1 NA 1 0.48 

7_149500001_150000000 CDK5 11 1 4 0 7 1 0.332 0.371 0.683 0.48 0.546 1 

8_22500001_23000000 NKX3-1 2 2 1 0 1 2 0.48 0.114 1 0.074 1 1 

8_85000001_85500000 E2F5 4 0 3 0 1 0 0.752 NA 1 NA 0.617 NA 

8_127500001_128000000 MYC 6 0 4 0 2 0 0.789 NA 1 NA 0.45 NA 

9_20500001_21000000 CDKN2A 2 7 0 5 2 2 0.182 0.546 0.134 0.221 1 1 

10_61500001_62000000 CDK1 4 3 2 1 2 2 1 0.149 1 0.221 0.683 0.683 

10_88500001_89000000 PTEN 0 4 0 3 0 1 1 0.181 NA 0.343 1 0.617 

12_11500001_12000000 CDKN1B 8 3 2 1 6 2 0.789 1 1 1 0.505 1 

12_55000001_55500000 CDK2 10 4 2 2 8 2 0.181 0.683 1 1 0.114 1 

12_57000001_57500000 CDK4 13 3 4 1 9 2 0.052 1 1 1 0.027 1 

13_31500001_32000000 BRCA2 3 2 1 1 2 1 0.617 0.114 1 0.617 1 0.221 

13_47500001_48000000 RB1 2 2 1 1 1 1 1 0.114 1 0.617 1 0.221 

14_104000001_104500000 AKT1 6 5 4 3 2 2 0.606 0.724 1 0.617 0.45 1 

16_66000001_66500000 E2F4 3 8 0 6 3 2 0.343 1 1 1 0.505 0.683 

16_67500001_68000000 CDH1 3 8 0 6 3 2 0.505 1 1 1 0.724 0.683 

17_6500001_7000000 TP53 2 8 2 2 0 6 1 1 0.48 1 0.48 1 

17_40000001_40500000 BRCA1 9 6 4 3 5 3 0.803 0.752 1 1 1 1 

17_40500001_41000000 ETV4 9 6 4 3 5 3 0.803 0.752 1 1 1 1 

17_72500001_73000000 CDK3 8 5 3 3 5 2 0.579 1 1 1 0.45 1 

18_47000001_47500000 SMAD4 2 5 1 4 1 1 1 0.773 1 1 1 0.617 

18_59500001_60000000 BCL2 1 5 1 1 0 4 1 0.579 1 0.371 1 1 

20_31000001_31500000 E2F1 11 2 6 1 5 1 0.838 1 1 1 0.579 1 

X_65500001_66000000 AR 10 5 4 4 6 1 0.302 0.423 1 1 0.289 0.371 
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Table 10-3 Frequency data and statistical tests of tubulin gene set 

 

 

 

 

 

 

 

 

  Copy-Losses Copy-Gains  Frequency Comparison (Fisher's Test) P-Values 

  Baseline End of Study Baseline End of Study  FIRS BL vs PROS BL FIRS BL vs FIRS EOS PROS BL vs PROS EOS 

  FIRS PROS FIRS PROS FIRS PROS FIRS PROS  Losses Gains Losses Gains Losses Gains 

1_235000001_235500000 TBCE 0.16 0.09 0.15 0.08 0.35 0.53 0.24 0.48  0.21 0.04 1.00 0.37 1 0.706 

2_131500001_132000000 TUBA3D_TUBA3E 0.32 0.32 0.39 0.31 0.11 0.12 0.12 0.12  1.00 1.00 0.51 1.00 1 1 

2_219500001_220000000 TUBA4A 0.17 0.19 0.12 0.27 0.24 0.23 0.39 0.16  0.83 1.00 0.58 0.11 0.371 0.487 

5_76000001_76500000 TBCA 0.33 0.41 0.42 0.45 0.17 0.07 0.15 0.12  0.39 0.08 0.39 1.00 0.707 0.522 

6_2500001_3000000 TUBB2A_TUBB2B 0.28 0.33 0.33 0.33 0.16 0.17 0.12 0.12  0.59 0.83 0.65 0.77 1 0.605 

6_30000001_30500000 TUBB 0.11 0.16 0.24 0.18 0.23 0.2 0.27 0.18  0.46 0.84 0.08 0.63 0.805 1 

6_42000001_42500000 TBCC 0.12 0.17 0.24 0.18 0.24 0.17 0.27 0.18  0.48 0.41 0.15 0.81 1 1 

6_111500001_112000000 TUBE1 0.33 0.48 0.27 0.39 0.12 0.04 0.24 0.08  0.09 0.13 0.65 0.15 0.353 0.447 

9_139500001_140000000 TUBB4B 0.11 0.14 0.21 0.24 0.33 0.33 0.18 0.29  0.62 1.00 0.23 0.17 0.23 0.688 

10_500001_1000000 TUBB8 0.39 0.41 0.27 0.47 0.07 0.14 0.18 0.08  0.87 0.17 0.28 0.09 0.573 0.391 

10_4500001_5000000 TUBAL3 0.41 0.42 0.3 0.47 0.07 0.14 0.15 0.1  1.00 0.17 0.39 0.17 0.707 0.582 

12_49000001_49500000 TUBA1A_TUBA1B_TUBA1C 0.07 0.14 0.12 0.2 0.25 0.2 0.3 0.33  0.17 0.55 0.45 0.64 0.459 0.139 

13_19500001_20000000 TUBA3C 0.33 0.33 0.45 0.35 0.16 0.22 0.12 0.18  1.00 0.40 0.28 0.77 1 0.817 

16_89000001_89500000 TUBB3 0.68 0.72 0.55 0.57 0.04 0.03 0 0.06  0.59 1.00 0.20 0.55 0.114 0.648 

17_40000001_40500000 TUBG1_TUBG2 0.25 0.13 0.33 0.2 0.15 0.26 0.21 0.22  0.09 0.10 0.49 0.41 0.317 0.672 

17_57000001_57500000 TUBD1 0.21 0.14 0.33 0.16 0.24 0.35 0.24 0.43  0.39 0.20 0.23 1.00 0.8 0.443 

17_80000001_80500000 TBCD 0.13 0.12 0.24 0.12 0.35 0.42 0.3 0.49  0.81 0.39 0.17 0.83 1 0.573 

18_11500001_12000000 TUBB6 0.16 0.23 0.12 0.2 0.32 0.35 0.39 0.22  0.30 0.73 0.77 0.51 0.823 0.16 

19_5500001_6000000 TUBB4A 0.25 0.32 0.24 0.43 0.2 0.12 0.18 0.06  0.46 0.18 1.00 1.00 0.248 0.358 

19_36000001_36500000 TBCB 0.15 0.2 0.21 0.18 0.25 0.22 0.27 0.29  0.39 0.70 0.41 0.82 1 0.516 

20_57000001_57500000 TUBB1 0.08 0.01 0.06 0.04 0.39 0.58 0.48 0.55  0.12 0.03 1.00 0.40 0.569 0.851 

22_18000001_18500000 TUBA8 0.45 0.45 0.48 0.43 0.08 0.07 0.09 0.12  1.00 1.00 0.84 1.00 0.853 0.522 



 207 

  Paired Data New CNAs Paired Comparisons (McNemar's Test) P-Values 

  Overall (n=72) FIRS (n=29) PROS (n=43) Overall BL vs Overall EOS FIRS BL vs FIRS EOS PROS BL vs PROS EOS 

  Gains Losses Gains Losses Gains Losses Gains Losses Gains Losses Gains Losses 

1_235000001_235500000 TBCE 7 2 3 1 4 1 0.48 1 0.724 1 0.752 1 

2_131500001_132000000 TUBA3D_TUBA3E 3 5 2 3 1 2 1 1 1 1 1 1 

2_219500001_220000000 TUBA4A 8 4 7 1 1 3 0.789 1 0.182 0.617 0.371 0.617 

5_76000001_76500000 TBCA 7 9 3 3 4 6 0.343 1 1 1 0.371 1 

6_2500001_3000000 TUBB2A_TUBB2B 5 6 3 3 2 3 0.579 0.789 1 1 0.45 0.505 

6_30000001_30500000 TUBB 9 9 6 4 3 5 1 0.07 0.505 0.134 0.505 0.45 

6_42000001_42500000 TBCC 9 9 6 4 3 5 0.606 0.149 0.505 0.371 1 0.45 

6_111500001_112000000 TUBE1 6 7 4 3 2 4 0.289 0.803 0.371 1 1 0.546 

9_139500001_140000000 TUBB4B 7 8 3 3 4 5 1 1 1 1 1 1 

10_500001_1000000 TUBB8 4 6 4 1 0 5 1 0.606 0.134 0.131 0.248 0.724 

10_4500001_5000000 TUBAL3 3 5 3 0 0 5 1 0.423 0.248 0.041 0.248 0.724 

12_49000001_49500000 TUBA1A_TUBA1B_TUBA1C 12 3 3 1 9 2 0.08 1 1 1 0.027 1 

13_19500001_20000000 TUBA3C 6 4 3 1 3 3 0.505 0.546 0.248 0.617 1 1 

16_89000001_89500000 TUBB3 2 7 0 4 2 3 1 0.359 1 1 1 0.343 

17_40000001_40500000 TUBG1_TUBG2 9 6 4 3 5 3 0.803 0.752 1 1 1 1 

17_57000001_57500000 TUBD1 7 6 2 4 5 2 1 0.752 1 0.371 0.724 1 

17_80000001_80500000 TBCD 8 5 3 3 5 2 0.579 1 1 1 0.45 0.683 

18_11500001_12000000 TUBB6 8 5 6 2 2 3 0.814 0.302 0.752 0.683 0.289 0.505 

19_5500001_6000000 TUBB4A 2 6 2 2 0 4 0.289 0.332 1 0.289 0.248 1 

19_36000001_36500000 TBCB 7 5 3 3 4 2 0.546 0.302 1 0.724 0.683 0.45 

20_57000001_57500000 TUBB1 11 2 7 1 4 1 1 1 0.546 1 0.386 1 

22_18000001_18500000 TUBA8 4 7 1 3 3 4 1 0.803 1 1 1 1 

 

Table 10-4 Matched pair analysis of tubulin gene-set CNA changes 
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Table 10-5 Patient Clinical Characteristics for Targeted Sequencing Dataset 

 

  

3/5/2020 cohort_data_part1.htm l

fil

e

: ///Users/gseed/ Do cume nts/W ork/PhD Docs/thesis/Results/targeted_dna_repair/cohort_data_part1.htm l 1/1

Overall Cohort Subsets

Other Variables
Total

(n=246)
HR

(n=35)
HR + MMR

(n=75)
MMR

(n=136)

PSA (ng/ml)

Median (IQR) 75 (± 78) 83 (± 47) 58 (± 89) 80 (± 75)

Missing 52 (21.1%) 28 (80.0%) 10 (13.3%) 14 (10.3%)

Prostatectomy

N 190 (77 %) 9 (26 %) 68 (91 %) 113 (83 %)

Y 27 (11 %) 3 (9 %) 7 (9 %) 17 (12 %)

Missing 29 (11.8%) 23 (65.7%) 0 (0%) 6 (4.4%)

Radiotherapy

N 142 (58 %) 6 (17 %) 48 (64 %) 88 (65 %)

Y 75 (30 %) 6 (17 %) 27 (36 %) 42 (31 %)

Missing 29 (11.8%) 23 (65.7%) 0 (0%) 6 (4.4%)

Age (years)

Median (IQR) 62 (± 9.0) 59 (± 8.0) 62 (± 8.9) 62 (± 8.3)

Missing 25 (10.2%) 23 (65.7%) 0 (0%) 2 (1.5%)

Unavailable/non-evaluable data listed as Missing

3/5/2020 cohort_data_part2.htm l

fil

e

: ///Users/gseed/ Do cume nts/W ork/PhD Docs/thesis/Results/targeted_dna_repair/cohort_data_part2.htm l 1/1

Overall Cohort Subsets

Pathology Variables
Total

(n=246)
HR

(n=35)
HR + MMR

(n=75)
MMR

(n=136)

T

1 3 (1 %) 1 (3 %) 0 (0 %) 2 (1 %)

2 15 (6 %) 1 (3 %) 7 (9 %) 7 (5 %)

3 91 (37 %) 6 (17 %) 34 (45 %) 51 (38 %)

4 30 (12 %) 2 (6 %) 9 (12 %) 19 (14 %)

Missing 107 (43.5%) 25 (71.4%) 25 (33.3%) 57 (41.9%)

N

0 54 (22 %) 3 (9 %) 18 (24 %) 33 (24 %)

1 65 (26 %) 6 (17 %) 20 (27 %) 39 (29 %)

2 6 (2 %) 0 (0 %) 2 (3 %) 4 (3 %)

Missing 121 (49.2%) 26 (74.3%) 35 (46.7%) 60 (44.1%)

M

0 80 (33 %) 5 (14 %) 29 (39 %) 46 (34 %)

1 118 (48 %) 5 (14 %) 36 (48 %) 77 (57 %)

Missing 48 (19.5%) 25 (71.4%) 10 (13.3%) 13 (9.6%)

Gleason

5 1 (0 %) 0 (0 %) 1 (1 %) 0 (0 %)

6 13 (5 %) 1 (3 %) 5 (7 %) 7 (5 %)

7 30 (12 %) 3 (9 %) 10 (13 %) 17 (12 %)

8 32 (13 %) 6 (17 %) 7 (9 %) 19 (14 %)

9 101 (41 %) 1 (3 %) 35 (47 %) 65 (48 %)

10 11 (4 %) 0 (0 %) 5 (7 %) 6 (4 %)

Missing 58 (23.6%) 24 (68.6%) 12 (16.0%) 22 (16.2%)
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Characteristic 
FIRSTANA 
n =103 
N (%) 

PROSELICA 
n = 85 
N (%) 

p valuea 

ECOG PSb 
  

  

0-1 100 (97) 75 (88) 
0.02 

2 3 (3) 10 (12) 

RECIST measurableb 
 

No 49 (48) 40 (47) 
0.944 

Yes 54 (52) 45 (53) 

Visceral disease 
 

No 83 (81) 60 
0.11 

Yes 20 (19) 25 

Pain at baselinec 
 

No 19 (18) 21 (25) 
0.48 

Yes 69 (67) 59 (69) 

Gleason score at diagnosisd 
   

< 8 42 (41) 45 (53) 
0.051 

≥ 8 56 (54) 33 (39) 

Trial arm 
   

Cabazitaxel (20mg/m2) 34 (33) 41 (48) 

<0.001 Cabazitaxel (25mg/m2) 28 (27) 44 (52) 

Docetaxel (75mg/m2) 41 (40) 0 (0) 

  Median (IQR) Median (IQR) p valuee 

Age (yr) 68 (62.5 - 72) 67 (64 - 71) 0.254 

LDH (U/l) 266.95 (204.25 - 359.5) 365.5 (234 - 605) 0.003 

ALP (U/l) 129.39 (81 - 241.49) 214 (118 - 413) 0.002 

Haemoglobin (g/dl) 121 (110.69 - 128.24) 112 (105 - 122.33) <0.001 

Albumin (g/dl) 40.2 (37.5 - 43.35) 40 (36 - 43) 0.23 

PSA (ng/ml) 60.45 (18.16 - 187.67) 160.6 (64.92 - 622.75) <0.001 

PSA doubling time (mo) 2.04 (1.19 - 3.3) 1.7 (1.17 - 2.82) 0.374 

NLR 2.25 (1.53 - 4.1) 2.79 (1.69 - 3.89) 0.166 

Outcome N (%) N (%) p value 

>50% PSA response at 12 weeks   

No 48 (47) 62 (73) 

<0.001 Yes 55 (53) 23 (27) 

>50% PSA response at any time 
 

No 35 (34) 52 (61) 

<0.001 Yes 68 (66) 33 (39) 
 

Median (IQR) Median (IQR) HR (95% CI)  

p valuef 

rPFS (mo) 6.97 (4.58 - 11.37) 4.37 (2.83 - 8.08) 1.83 (1.22-2.74) 0.003 

OS (mo) 21.26 (11.33 - 30.08) 13.27 (7.39 - 19.42) 2.36 (1.68-3.30) < 0.001 

ALP = alkaline phosphatase; ECOG PS = Eastern Cooperative Oncology Group performance status; IQR = 
interquartile range; LDH = lactate dehydrogenase; mo = months; PSA = prostate-specific antigen; RECIST = 
Response Evaluation Criteria in Solid Tumours; U = unit, yr = years 
a χ2 test. 
b Stratification parameters 
c Twenty assessments missing (15 in FIRSTANA and 5 in PROSELICA) 
d Twelve assessments missing (5 in FIRSTANA and 7 in PROSELICA) 
e Wilcoxon rank-sum test 
 f Proportional Hazards Cox model, FIRSTANA cohort as reference 

Table 10-6 Patient Clinical Characteristics for FIRSTANA and PROSELICA (cfDNA) Studies 
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Table 10-7 Comparing the cfDNA Study Subset to the Overall Trial Populations 

 
FIRSTANA PROSELICA 

Characteristic Biomarker 
subset 
n = 105 
N (%) 

Non-biomarker 
subset 
n = 1063 
N (%) 

p-valuea Biomarker subset 
n = 85 
N (%) 

Non-biomarker 
subset 
n = 1115 
N (%) 

p-valuea 

ECOG PSb 
 

0–1 102 (7) 1018 (96) 0.5 75 (88) 1005 (90) 0.6 

2 3 (3) 45 (4) 10 (1) 1110 (10) 

RECIST measurableb   

No 51 (49) 502 (47) 0.79 40 (47) 571 (51) 0.46 

Yes 54 (51) 561 (53) 45 (53) 544 (49) 

Visceral disease   

No 85 (81) 833 (78) 0.54 60 (71) 805 (72) 0.75 

Yes 20 (19) 230 (22) 25 (29) 310 (28) 

Pain at baselinec   

No 19 (18) 355 (33) 0.04 21 (25) 289 (26) 0.7 

Yes 71 (68) 624 (59) 59 (69) 734 (66) 

 
Median (IQR) Median (IQR) p-valued Median (IQR) Median (IQR) p-valued 

Age (yr) 68 (62 - 72) 68 (63 - 74) 0.14 67 (64-71) 69 (63 - 74) 0.01 

LDH (U/L) 263 (207 - 368) 239 (190 - 374) 0.12 350 (222 - 588) 325 (220 - 498) 0.32 

ALP (U/L) 128.5 (80.5 - 
240.8) 

125 (79 - 264) 0.35 209 (118 - 415) 163 (92 - 346)  0.02 

Haemoglobin (g/dl) 123 (114 - 
132.1) 

128 (117 - 137) 0.01 116.8 (107.8 - 
124) 

120 (108 - 130) 0.02 

Albumin (g/dl)  40.1 (37.3 - 43) 41 (38 - 44) 0.05 40 (36 - 43)  40 (36.7 - 43) 0.4 

PSA (ng/ml) 77.9 (22.4 - 
236.5) 

76 (29.9 - 196.4) 0.43 247.1 (93.7 - 
740.8) 

158.3 (53.2 - 
412.85) 

0.001 

PSA-doubling time (mo) 2 (1.2 - 3.2) 2 (1.3 - 3.4) 0.14 1.7 (1.2 - 2.8) 1.9 (1.2 - 3.1) 0.32 

Outcome N (%) N (%) p-value N (%) N (%) p-value 

>50% PSA response at 12 
weeks 

 

No 49 (47) 484 (46) 0.82 62 (73) 765 (69) 0.40 

Yes 56 (53) 579 (54) 23 (27) 351 (31) 

>50% PSA response at any 
time 

  

No 36 (34) 309 (30) 0.26 52 (61) 660 (59) 0.71 

Yes 69 (66) 754 (70) 33 (39) 456 (41) 

ALP = alkaline phosphatase; cfDNA = cell-free DNA; ECOG PS = Eastern Cooperative Oncology Group performance status; IQR = interquartile 
range; LDH = lactate dehydrogenase; mo = months; PSA = prostate-specific antigen; RECIST = Response Evaluation Criteria in Solid Tumours; U = 
unit, yr = years.  
a = χ2 test. 
b = Stratification parameters 
c = For FIRSTANA 99 assessments were missing (15 in the sub-study and 84 in the main study), For PROSELICA 97 assessments were missing (5 
in the sub-study and 92 in the main study).  
d = Wilcoxon rank sum test  
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Characteristics Value 

Age (yr) 
 

Median 70.4 

Range 60-77 

Time from prostate cancer to apheresis procedure (yr) 

Median 3.9 

Range 2-11.6 

No. of metastatic sites 
 

Median 3 

Range 1-3 

No. Bone metastases (%) 14 (1005) 

PSA Level (ng/ml) 
 

Median 506 

Range 41-6089 

ECOG Performance Status No. (%) 
 

0 0 

1 14 (100%) 

Received Prior CRPC Treatment No. (100%) 
 

1 1 (7%) 

2 4 (29%) 

3 7 (50%) 

≥4 2 (14%) 

Table 10-8 Patient Characteristics for CTC-Apheresis Study 

 


