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Abstract

In 2008, prostate cancer was the most prevalent cancer in men in the United
States with 186,320 estimated new cases and 28,660 deaths. When detected
early, prostate cancer can be curable, but procedures that offer the best
prognosis such as radical prostatectomy - the complete removal of the prostate
gland - often result in severe side. Clinical measures of metastatic potential of a
localized prostate tumor often result in overly aggressive treatment. The goals
of this research were to: 1) provide clinicians diagnostic markers with strong
predictive power, 2) to reveal the mechanisms behind metastatic potential, and
3) identify targets for preventative and disease treatment. An integrated
analysis combining data from genomic DNA copy number, gene expression and
genome wide association was performed. We utilized the principles of
evolutionary selection to build a model comparing the primary cancers of African
American men and Caucasian American men with those of metastases which
allowed us to delineate genes that select for metastatic potential versus those
that oppose it. Results from this study suggest that a racial disparity exists,
reflected in the somatic tumor genomes of African American and Caucasian
American men. This genomic racial disparity involves putative prostate cancer
candidate genes such as PTEN/PREX2a, AR and ERCC1 along with several novel
candidates such as VASP and NME4. A comprehensive analysis in the context of
putative protein interactions and gene sets revealed an enrichment for gene
ontologies involved in cell adhesion, proliferation and cytoskeleton formation.

Overall, the results imply that racial disparity for metastatic disease is driven by

v



a variety of genes, each with variable selective influence over the function of

three interconnected pathways controlling cellular structure and growth.
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Chapter 1

1.1 Prostate cancer epidemiology

Prostate cancer develops as a result of a complex series of cellular,
physiological, behavioral, environmental and socio-economic inputs. These
inputs interact with germline genetic and somatic risk factors to produce various
clinical outcomes. New cases for 2008 were estimated at 186,320 (25% of all
male cancers) and new deaths were estimated at 28,660 (10% of all male
cancer deaths). The probability of developing prostate cancer increases with
age — 1in 39 (2.5%) men will develop the disease by age 59, while 1 in 6 men
(16%) will develop invasive prostate cancer by age 85.1

Studies of twins that typically have been used to determine the relative
contributions of genetic and environmental influences support a major role of
germline genetic susceptibility. The National Academy of Sciences Twin Cohort,
comprised of 38,848 male veteran twins of whom 1,009 had prostate cancer,
has revealed a monozygotic concordance rate for prostate cancer of 27.1%,
compared with a rate of 7.1% for dizygotic twins. This provides strong evidence
of the influence of genetic susceptibility to prostate cancer. The heritability of
disease risk was estimated to be 57%.? Similar results were observed in a study
of the twin registries of Denmark, Sweden and Finland, where the proportion of
variance attributed to heritable factors was calculated to be 42%.3

Family history is a major risk factor in the development of prostate
cancer, and men with prostate cancer have a positive family history in 5-15% of
cases.*® A meta analysis of 32 population-based studies demonstrated that

family members of a prostate cancer patient experienced a 2.46-fold (95%:
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2.14-2.82) increase in risk of prostate cancer.” The risk of disease is increased
over 4-fold if 2 or more first-degree relatives are affected. The nature of this
familial clustering is such that the risk ratio rises with the following: decreasing
age at diagnosis of the patient and his family members; increased genetic
relatedness of the affected relative(s); and, as noted, increased number of
individuals affected within the family. This familial risk of prostate cancer is
independent of ethnicity and has been observed in varied populations.

Early investigations of the genetic etiology of prostate cancer through
familial clustering estimated an autosomal-dominant mode of inheritance.* To
date, however, no gene has been identified that conforms to this model.
Inheritance of mutations in susceptibility genes may be a major determinant of
prostate cancer risk and outcome. Identification of prostate cancer-related
markers or genes may lead to pre-symptomatic germline genetic testing for risk
modification.

The biology of cancer susceptibility, tumor suppressor genes and loss of
heterozygosity was popularized in the early 1970s by Alfred Knudson through
studying the records of retinoblastoma patients.® Retinoblastoma is a malignant
tumor believed to derive from the photoreceptors of the retina. Knudson'’s
theory was based on the observation that individuals who developed bilateral or
multiple tumors had a mean age of onset two-fold earlier than those who
presented with unilateral or single tumors. Additionally, only the bilateral cases
had affected family members. Knudson reasoned that an early germline
mutation, obtained through hereditary transmission, would result in an increased
probability of obtaining early and multi-focal tumors as a consequence of

secondary somatic mutations later in life. The Knudson “two-hit” model has
2



withstood the test of time and is currently used to drive clinical treatment plans.
Individuals without family history and with a unilateral presentation are often
treated immediately with enucleation of the affected eye, whereas infants or
toddlers presenting multiple bilateral tumors in one eye are treated
conservatively with local chemotherapy, laser therapy, freezing or radiation discs
in anticipation of new tumors forming in the second eye.

Differences in the incidence and natural history of prostate cancer among
ethnic groups may also be indicative of variable germline genetic risks. A well-
known health disparity exists between the prostate cancer cases of Caucasian
and African-American men. Men of African descent have an increased incidence,
earlier onset and more aggressive form of disease than men of predominantly
European origin. Even when adjusted for the increased level of incidence in
African Americans, mortality rates are still higher. Incidence and death rates
among African American men are more than twice those of Caucasian men.?
Although attempts to reconcile whether socioeconomic variables contribute to
this effect have resulted in some indicators implicating life-style, education, and
insurance status with mortality, incidence did not show any clear correlation with

1,9,10

socioeconomic status. Blood steroid levels in African or Caucasian men,

such as testosterone and estradiol, have shown no significant association with
prostate cancer risk; however, the ratio of testosterone to estradiol showed

significant associations with cancer risk in Caucasian men.!'"13



1.2 Prostate gland and prostate tumor biology

The prostate gland is an exocrine gland which produces fluid that forms
part of the semen, which is stored with sperm in the seminal vesicles.
Ejaculation causes muscular contractions that secrete the semen through the
urethra, where it is expelled from the body through the penis. In addition to the
prostate’s role in producing ejaculate, it also contributes to controlling the flow
of urine. The prostate wraps around the urethra as it passes from the bladder to
the penis. Prostate tissue is made up of basal and luminal epithelial cells along
with variety of stromal cells - neuroendocrine, vascular and hematological.
Enlargement of the prostate can lead to painful urinary retention requiring
medical care.

Examples of non-cancerous growth are benign prostate hyperplasia and
prostatitis. These are thought to be caused, respectively, by increased
sensitivity to testosterone and viral or bacterial infection. If, however, a
physician notices several risk factors, described later, he or she will may suspect
cancerous growth and encourage a biopsy. This will then be inspected by a
pathologist.

Transformation of epithelial cells occurs within the lumen after the
emergence of the prostate intraepithelial neoplasia cell (PIN), a precursor cancer
cell that typically grows for ten years before it is observed to be an invasive
carcinoma (figure 1b).!* The assignment of cancer precursor to PIN lesions is a
result of their proximity to the peripheral zone shared by invasive carcinoma and
the early observations of multi-focal allelic imbalance, thought to be a hallmark

of carcinomas.?® Multi-focality was rescinded in a recent high-resolution allelic



imbalance analysis of a series of multiple prostate cancer metastases dissected

during autopsy, arguing for a monoclonal origin.®

Prostatic

eg&";ﬁﬂm ——— intraepithelial ———3
neoplasia (PIN)

Invasive
carcinoma

=3 Metastasis

Figure 1: Prostate tissue histology and tumor genesis. (Adapted with permission from Shen et al. *°)
A) Prostate tissue illustrating normal, benign prostate hyperplasia (BPH), prostatic intraepithelial
neoplasia, primary carcinoma (CaP). B) Transitions from normal epithelium to metastasis.

1.3 Prostate tumor molecular biology

Along with germline mutations, somatic genomic alterations contribute to
the development of prostate cancer. These alterations include allelic loss, gene
amplification and fusion/rearrangements. A comprehensive review of 41 studies
comprised of 872 advanced (n=255) and primary (n=659) tumors has
implicated several genomic loci and corresponding candidate genes as part of
recurrently imbalanced regions of the genome. High frequency amplified
chromosomal regions include 8p21.3, 13g21.3 and 16qg22.1. Deleted regions
occur at 8g22.2, 17925.2 and 7g21.11 .'” These loci average 39 million bases
(MB) and are present in patients at frequencies ranging from 6.66% to 34.09%.
They encode a total of 4,859 proteins, averaging 250 per locus. Genes that are

identified within the smallest region of overlapping deletions may represent



tumor suppressor genes (TSGs).!®'° These genes may become targets of
germline testing for prostate cancer susceptibility and potential therapeutic
targets, and they may result in functional deregulation reflected at the transcript
or messenger RNA levels. The most notable of these relationships is observed
with the TMRPSS2-ERG fusion/rearrangement located on chromosome

21g221.3.2022

1.4 Diagnostics

Early stage diagnosis is instrumental in the effective treatment of
prostate cancer. Current diagnostic methods assaying blood or tissue biopsy
screening are controversial and of low information value, especially when
predicting metastatic disease after a diagnosis of local carcinoma. Aside from a
non-specific and highly insensitive physical examination of the affected area
(digital rectum exam [DRE]), three techniques are commonly used to test for the
presence of carcinoma: prostate specific antigen testing, Gleason scoring based
on prostate biopsy and prostate cancer staging.

Prostate Specific Antigen, as determined through a PSA test, is a neutral
serine protease produced by columnar epithelial cells lining the ducts of the
prostate and periurethral glands.?>?* PSA leaks from the prostatic ducts into the
blood stream, where it is easily detected via immunoassay.”> PSA levels
increase with age and have been shown to be higher in African-American men
than in Caucasian Americans.”® PSA screening, however, has a high false
positive and false negative rate and as single marker was recently shown to

have no significant impact on mortality over non-screening.?’” Other tests, such
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as PSA-velocity, which measures the rate of change of serum levels in men with
relatively low PSA levels (2.0-4.0 ng/ml),?® have gained some popularity,
although a recent review also argues against the clinical utility of PSA-velocity.?°

The second commonly used technique is prostate biopsy. Prostate
biopsies are performed transrectally by urologists, with up to 12 independent
specimens being obtained. Should a tumorous lesion be seen, it is scored using
the Gleason score grading system. This is based on the histologic pattern of
arrangement of carcinoma cells in hematoxylin- and eosin- (H&E) stained
sections. These stains target, respectively, nucleic acid and extracellular
proteins in tissue slices obtained from biopsy or prostatectomy. Five basic grade
patterns (Figure 2) are used to generate a histologic score, which can range
from 2 to 10.>° This is a highly subjective system that as a single predictor has
poor specificity and sensitivity for predicting risk of metastatic disease.>!

Data from prostate cancer biopsies and other biological sources are
assessed by the tumor staging system developed by the American Joint
Committee on Cancer (AJCC), the third common technique. This classifies the
primary tumor into a range of categories reflecting low level tumor cell detection
(T1a) through carcinomas that invade nearby tissues (T4). T4, however, does
not necessarily represent metastatic growth.

Once diagnosis of localized prostate cancer is made, predictors of
mortality are critical for clinical decision making. Strategies such as Cancer of
the Prostate Risk Assessment (CAPRA) score have purported to predict
metastasis and mortality with good accuracy. The CAPRA score utilizes age at
diagnosis, PSA, Gleason score, percentage of positive biopsy cores, AJCC stage

and comorbidity.?> In a recent retrospective study of 10,000 men undergoing
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various forms of treatment for local prostate cancer, a CAPRA score (range 0-10)
of 0 through 2 resulted in 10 year survival of 97.1%, whereas a score of 6
through 10 resulted in a 79.1%.3 Although seemingly impressive, this result
indicates that around 80% of individuals in even the most severe CAPRA
subgroup did not present with metastatic disease. Other shortcomings of this
analysis include: 1) A 10-year survival may be a premature time frame,
representing a non-informative period for patients with a CAPRA score from 0 to
2, since early-stage carcinoma typically progresses slowly and takes over a
decade to materialize into metastatic disease;'* 2) Greater than 50% of the
individuals sampled had radical prostatectomies, and positive outcomes from
these patients are not necessarily informative if metastases had not yet formed;
and 3) clinical regimens, such as radiation or androgen deprivation, were
variable over the length of the study.

Overall, CAPRA and its component measures may have significant clinical
utility for diagnosing carcinoma; however, the score lacks the ability to gauge
metastatic potential, which is critical for clinical decision-making about the level
of treatment.

Lastly, a potential non-invasive diagnostic that has not yet been used in
the mainstream medical practice is PCA3, an androgen-responsive gene specific
to prostate cancer cells. This gene is measured in urine or blood. This
diagnostic has been shown, in combination with PSA, to slightly improve the
predictive potential of diagnosing primary carcinoma.>*3¢

Although, early diagnosis coupled with radical prostatectomy is the
currently accepted failsafe scenario for preserving longevity, this procedure can

diminish a patient’s quality of life. All of the diagnostic methods in this section
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have been discussed in terms of relative power to diagnose primary carcinoma.
As we have shown, none of these, however, is a tool for predicting metastatic
potential of a primary prostate cancer. Considering a model in which primary
cancer and metastasis are related but separate diseases, separate diagnostics

must be developed to determine the probability for metastatic disease to occur.
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1.5 Treatment of primary prostate cancer and metastatic disease

Once a positive diagnosis is made for localized prostate cancer, a range
of treatment options are available based on the individual physician’s guidelines.
Treatments may include watchful waiting, primary androgen deprivation,
external beam radiotherapy, brachytherapy (radiation pellets), cryotherapy or
radical prostatectomy. Advanced stage metastatic disease first treated with
androgen ablation therapy sends patients into remission for an average of
twenty months, after which hormone refractory disease emerges where
androgen-independent clones develop. At this late stage, chemotherapy and
radiation are applied to help manage pain typically associated with bone
metastasis.>” A single clinical study has shown a reversion to androgen

sensitivity when chemotherapy (chlorambucil and lomustine) was introduced to
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patients with hormone refractory disease.*® Furthermore, recent in vitro studies
reveal synergistic of growth when inhibition is applied to the Hedgehog and ErbB
signaling pathways in circulating tumor cells of hormone refractory patients and
the androgen insensitive cell line LNCaP. The pathways were inhibited by
cyclopamine, gefitinib and lapatinib.?® This study was undertaken to identify
other targets for synergistic therapies and molecular predictors of metastatic

potential in primary tumors.

1.6 Data used in this study

Three main data types were used in this study: genomic copy number,
gene expression and genome wide association study data. The human genome
sequence is a structurally dynamic, redundant and selectively evolving system.
As the structural state of the individual genome varies, so does the phenotypic
state of the cell as it develops and interacts with the environment. A range of
sequence modifications from a change in a single nucleotide to the duplication or
deletion of entire chromosomes may result in traits that are benign,
advantageous, or detrimental to the vitality of the organism. Some sequence
transformations are random, whereas others are deterministic; these operate at
a range of frequencies. Advances in technologies that measure sequence copy
number on a genomic scale provide a high resolution and global perspective of
the location, prevalence and systematic nature of these variations.*%"*2
Given that prostate cancer has a clear genetic component’ and has

historically been characterized as a disease of genomic instability,!” the

screening of both normal and tumor prostate DNA and RNA will enable the
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identification of somatic cancer-causing events that accumulate through the
various stages of carcinogenesis and metastasis. The research presented in this
dissertation utilized data measuring tumor DNA copy number, tumor gene
expression and germline genome wide association to elucidate the markers and
their associated genes that lead to the inheritance and progression of prostate

cancer (Figure 3).

Figure 3: Research strategy for
identifying pharmacological targets
and biomarkers for the diagnosis and
treatment of prostate cancer.
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Copy number variations (CNV), recurrent amplifications and deletions,
are prevalent in the normal human genome. Array comparative genomic
hybridization (aCGH) is a common method for measuring DNA copy number.

The Database of Genomic Variants,*°

a catalogue of copy number variations,
currently cites 31 publications representing 6551 unique CNVs, spanning 850
million bases (MB) or ~28% of the complete genome sequence. These regions

of variation, a proportion of which are ethnic-specific, have not yet been

associated with risk of disease; however, because a significant proportion of
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CNVs occur in known functional areas of the genome, it is plausible that an
individual’s background CNV profile may confer risk for or protection from
disease. Recurrent sequence deletions and amplifications were shown to be

enriched within regions of segmental duplication.*®**3%’ These have been

implicated in promoting a variety of inherited and sporadic genomic disorders*®4°

through mechanisms such as non-allelic homologous recombination mediated

46,47,50-54 55-58

through Alu transposition , palindromic AT-rich repeats and other

physiochemical properties of the DNA helix.* Non-homologous end-joining
represents another mechanism by which these events can happen. Genomic

copy number screens of various somatic and germline conditions, including

77-80

cancers - prostate cancer,”*®” breast cancer,®®’® lung cancer, melanoma,®!”

85-89 90-94

84 liver cancer, pancreatic cancer, colon cancer,®9>1% brain cancers,%>

110 111-114

and blood cancers, - and cognitive conditions - including mental

44,115-118 119-121 122,123

retardation, autism, and schizophrenia have identified
disrupted loci associated with the phenotype.

Tumor copy number analysis of prostate cancer with array CGH maps the
duplicated or deleted chromosomal segments as registered through high-density
arrays of oligonucleotide probes. This has been used to identify loss of

heterozygosity (LOH) regions in prostate cancer,3%%12412>

Early application of
array CGH to prostate cancer cell lines identified two novel regions of
homozygous chromosomal loss at 17g21.31 and 10g23.1 in the PC3 cell line that
may represent regions of tumor suppressor genes.34 Another report using an
early generation oligonucleotide probe platform with 100k SNPs differentiating

probes compared 22 matched normals and tumors (Gleason 6-9).>° A clear

relationship between Gleason score and total number of copy number events
12



was demonstrated. For example, the median numbers of deletions were 17.5,
50, and 205 for the tumors of Gleason 6, 7, and 8, respectively. The median
numbers of gains were 1.5, 35 and 94. Notably, they confirmed loci harboring
the gene PTEN in 45% of samples and fusion products ERG and TMPRSS2 in
30% of the samples.!?® The 5’ UTR of ERG and TMPRSS2 have also been shown
to be fused and implicated in 49% of 118 prostate cancers and 49% of lymph

node metastases,'?’

causing the over expression of ERG transcript. These
observations have been confirmed with novel deep sequencing technology,
revealing the precise nature of the sequence abnormality.?°

A study of 64 men at intermediate to high risk of recurrence following
radical prostatectomy included 32 men who progressed biochemically, who were

compared to 32 who did not.%*

Deletion of 8p23 was more common in
progressors (50% vs. 31%) and gain of 11q13.1 was predictive of recurrence
independent of stage and progression.

To examine the racial disparity in prostate cancer, somatic copy number
alterations that contribute to the development and progression of prostate
cancer were analyzed. As part of the efforts to identify somatic alterations that
confer an ethnically-based enrichment for aggressive disease and to aid the
identification of metastasis genes, we conducted an array CGH study using
Affymetrix SNP Array 6.0 on paired normal and tumor tissue from 9 African
American (AA) and 20 European American (EA) men. For added statistical
power, 2 recently published datasets comprised of paired normal and tumor

tissue from 20 AA!® patients and multiple metastases (n=52) from 12

individuals'® were included.
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Whole-genome gene expression analysis has been given significant
attention in the past decade.'*3* Since its creation in 2004, Oncomine,!*® the
leading academic repository for cancer gene expression, has accumulated data
from 392 studies, including 18,000 genome profiles from 41 different cancer
types. Twenty-two prostate cancer-related studies comprised of 747 individuals
currently reside in their database. Because of the complexity of gene-expression
data, very few meaningful discoveries have been made using this data-type

alone.

Genome wide association studies (GWAS) use common variants to
discover biomarkers that can be used to estimate the genetic component of
disease risk and prognosis.!'*® Ultimately, these biomarkers can be used to
determine mechanistic and molecular details underlying a disease state and then
design interventions.’*” The major limitation of one-marker-at-a-time analysis,
when performed on typical GWAS datasets, is the limited sensitivity and
specificity of low penetrance markers to account for genetic variance and guide
clinical decision making for individual patients.’*®* For example, three recent
studies comprised of 63,000 cases and controls that attempted to associate
height with single nucleotide polymorphisms (SNPs) resulted in a series of
markers each explaining between 0.3% and 0.5% of the variance of the

phenotypic data.!38140

Detecting these very small effects at 80% power would
require ~10,000 cases and controls.'**  For complex phenotypes involving
cellular processes with many genes, an even larger number of cases and controls

is needed, and population sizes are almost always much smaller than technically

required. Sensitivity issues for detecting SNP associations are exacerbated in
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traits such as prostate cancer that are genetically heterogeneous and have a
relatively smaller heritable genetic variance (~57%) than that of height (~80%),

as measured through studies of twin registries.”'*4?

Under these estimates,
GWAS of such complexity would require cohorts approaching 100,000 samples
to achieve the power to identify significant associations of single markers with

both strong and weak effects.!*3

Of the significant prostate cancer discoveries, SNPs on chromosome 8q24
and 17g12 have been replicated in several populations.'* %’ These SNPs are in
proximity to the MYC regulatory sequence and are within the HNF1B gene,
respectively, suggesting potential functional roles. High-density genotyping of
8924 in five multi-ethnic populations revealed seven independent risk loci
conferring a joint population attributable risk [PAR-multifactorial inherited
component of a disease; R = K - Y/K, where K is the observed disease incidence
and Y is the disease incidence in the absence of the genetic variant!*®] of 68% in
African Americans and 32% in European Americans, respectively, figures
consistent with their relative incidences of disease.'*® Targeting these SNPs
along with 16 SNPs in the 17g24.3 region in a Swedish cohort of 2893 cases and
1781 controls, Zheng et al estimated a PAR of 46.34%. This was calculated
from the cumulative PARs of the top 5 scoring SNPs (PAR = 40.45%) and family

history (PAR = 9.89%).

These results, however, have poor clinical utility, because only 1.4% of
the cases exhibited 5 or more SNPs conveying a risk that might influence clinical
decision-making (OR = 9.46). Another 8.2% of cases had 4 SNPs, yielding an

OR = 4.76, which is comparable to that of elevated prostate specific antigen
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(PSA).'°  Other risk SNPs located around the KLK genes showed significant
association,!*® but that may have been the result of bias in population sampling
based on PSA levels.’® These loci and their regional genes represent a major
advancement to the understanding of prostate cancer genetic risk; however, a
broader repertoire of genes and the understanding of their functional pathways
will be necessary for making accurate predictions about the mechanistic

relationship between genetic risk factors and cancer.

1.7 Thesis Statement

Prostate cancer has a genetic etiology of medical significance. Genomic
regions involved in tumor genesis go through an accelerated evolution by
recurrent rearrangements observed as copy number amplifications and
deletions. These events reflect the genome’s compensatory response to the
stresses of a limiting local environment or exogenous insults incurred during
treatment. African American and Caucasian American men exhibit a health
disparity that leads African Americans to an increased incidence and mortality of
disease. Utilization of the principles of evolutionary selection to build a model
comparing the primary cancers of African American men and Caucasian
American men with those of metastasis allows for the delineation of genes that
select for metastatic potential versus those that oppose it. These inferences
could be validated through data mining of putative networks and pathways of
interaction and used to test complex hypotheses in silico, in the laboratory and

ultimately in the clinic.
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Chapter 2

2.1 Populations and samples studied

The rationale presented in this thesis for a study of somatic copy number
was the clear observation that African American (AA) men have an earlier
incidence and more aggressive (> 2-fold mortality) form of prostate cancer than

do Caucasian American (CA) men.10

Prostate cancer tumors typically exhibit
genomic instability, characterized by increased rates of recurrent amplifications
and deletions compared to normal genomes.!” Therefore, it is reasonable to
postulate that some of the events that are preferentially enriched in one of the
two populations. Moreover, these events will harbor candidate genes that
predispose that population to either an earlier onset and greater metastatic
potential (in the case of the AA population) or to a less aggressive form of the
disease and lower metastatic potential (in the case of the CA population).
Ideally, this analysis would make use of data from primary prostate biopsies of
patients with positive and negative metastatic outcomes who did not undergo
radical prostatectomies; however, such samples are not readily available.
Therefore, through the National Cancer Institute sponsored Cooperative Prostate
Cancer Tissue Resource (CPCTR), 9 AA and 21 CA prostate tumors and matched
normals dissected during radical prostatectomy from nearby prostate tissue were
obtained for the analyses presented here. Additionally, 2 public datasets were
used. The first was comprised of 20 AA normal-tumor pairs that also underwent

radical prostatectomies.'?® The second contained 52 metastasis and paired

normal tissue collected at autopsy from 12 CA individuals, each with 3 to 6
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metastases.!® In total, 61 individuals and 101 tumor copy number profiles were

considered in this analysis (Table 1).

Table 1: Clinical parameters for prostate cancer individuals assayed by arrayCGH
Number Age at
Dataset of ?;mber Stage Gleagon score prostatecta Samp]e Type Array
Patients |© O 2 [ 13 [*Ta| <7 [7-9] Met | g0 [592<7 ] 56 Type
Primary African American/Caucasian 29 29 17 11 1 |13/16 0 9 14 4 9 African Ame‘rican‘primary cancer, | Affymetriz
20 Caucasian primary cancer SHNP £.0
Primary African American [public data) 20 20 911/ 0|9|11| 0 |0O* 5 4 | 20 African American primary cancer Affg;]oelirix
Metastasis (public data) 12 52 [0 0 |55/0|0 55|na na na 52 metastasis samplect* Ag;‘?g’*

*ages for only 9 of 20 individuals available for cohort **2 samples were from primary metastasis

Somatic prostate tumor copy number alterations have a functional
influence over the cells by deregulating messenger RNA (mRNA) levels of genes
through mutations and structural reorganization of the genome. These events
may offer a selective advantage over the host environment or, conversely,
prevent the cancer cell from forming metastasis.

Combining gene expression data with genomic copy number data helps to
discern the genes that are altered as a function of the genomic instability in
prostate cancer. Two gene expression prostate cancer datasets were collected
for analysis. The first contained 50 primary tumors with matched normal
prostate tissue profiles.!®> A second expression dataset (unpublished) with 19
AA and 14 CA age- and stage-matched primary somatic tumors was also

analyzed (Table 2).

Table 2 Prostate cancer studies of gene expression

Study tumors norms matched chip type
Sighn 50 50 50 U95A
Osman 19AA, 16CA NA NA U133

AA: African American, CA: Caucasion American
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The third data type considered in this investigation was summarized
single marker SNP association data from 1,172 non-Hispanic Caucasian prostate
cancer cases and 1,157 ethnically matched controls. These were provided by
the National Cancer Institute Cancer Genetic Markers of Susceptibility (CGEMS)
genome wide SNP association studies (GWAS).*>® The data were integrated with
the somatic copy number and gene expression data types to help delineate
functional networks and pathways that predispose individuals to prostate cancer

and increase their risk for aggressive disease.'*®

2.2 Prostate tissue sample processing for array CGH

Prostate cancer normal and tumor tissues were obtained from the CPCTR,
and DNA was extracted using a Gentra DNA extraction kit. Purified genomic
DNA (gDNA) was hydrated in reduced EDTA TE buffer (10 mM Tris, 0.1 mM
EDTA, pH 8.0). The DNA concentration was measured using the NanoDrop™
2000 spectrophotometer at Optical Density (OD) wavelength of 260nm. Protein
and organic contamination were measured at OD 280nm and 230nm,
respectively. Samples that passed these quality control thresholds were then
run on a 1% agarose gel to assess the intactness of the genomic DNA (Figure 4).
500ng of gDNA samples were run on the Affymetrix Human SNP Array 6.0 at the
Rockefeller University Genomics Resource Center (New York, NY 10021) using

standard operating procedures.
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Figure 4: Purified
prostate cancer
gDNA run on 1%
agarose gel. DNA
ladder shown in first
the first lane ranging
from 400-10,000
basepairs (bp).

400 hbp

Table 3: Affymetrix Human SNP Array Quality Control

Dataset e o Trrimery et [orm - promaratet iorm - romanret | s A es
Primary African American/ Caucasian 58 98.9 | 987 | na | 286 | 286 | na | 260 | 258 | na | Birdseedv2 | Affymetrizé0
Primary African American [public data) 40 917 97.2 na 291 28.6 na na na na BRLMM | Affyrmetriz SO0k
Mtastasis (public data) 68 98.0 | 975 | 967 | 276 na 209 | 252 | 223 | 22.0 | Birdseedw2 | Affymetrizé.0

The average sample genotype call rate, as estimated by the birdseed
algorithm®>* implemented through Affymetrix Power Tools-1.10.2, was 99%.
The average heterozygosity rates for CAs and AAs were 26% and 29%,
respectively. The public datasets were processed similarly and resulted in
comparable call and heterozygosity rates (Table 3), with the exception of the
dramatic reduction in heterozygosity rates for metastasis samples relative to
their matched normals.

Population identification was then performed to confirm the racial
identifications associated with either AA or CA samples. To accomplish this, a
principal component analysis was run using the normal genotype profiles of each
sample relative to a reference set of Nigerian (YRI), European (CEU) and
Chinese (CHB) profiles (Figure 5) obtained from the International HapMap
Project.'®®  Additionally, except for one mis-annotated CHB individual, which
was not included in further analysis, all normal and tumor profiles of patients

were validated to be part of their self-identified racial assignment.
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Prostate Cancer Sample Ethnicity Validation
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2.3 Significance testing procedures
Copy number, gene expression and GWAS data types provide a
numerically optimal set of solutions for each respective dataset. Cancer biology
and technical (assay-related) confounders, however, produce a large number of
significant results that are numerically indistinguishable from the true positives.
By combining the significant loci and associated genes from three orthogonal
data types, the true positive signal may surface above the noise. To accomplish
this, a Z-score-based procedure was used at multiple steps in the analysis -
copy number, gene expression, GWAS - and at the integration of these steps to
approximate the significance of genes in conforming to models about metastatic

prostate cancer. The general formula for a Z-score is as follows:

where X is the observed measure and p and o are the mean and standard

deviation of the population. In all of the following Z-score-based analyses, a
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random sampling of the population was performed to estimate the parameters of
the reference distribution supporting the model used to interpret the biological
system under investigation.

At certain steps in the analysis, sets of ranks from the same data-type
were combined. Once gene rankings were determined for a particular analysis,
ranks G positions across k analyses were evaluated using a non-parametric
ranking method:*%¢

R(G) = lZ:log[GL]

k
This method was selected as an improvement to a simple average of the ranks
of each G across the k analyses because it gives more emphasis to having a high
rank in any one of the analyses, regardless of rank in the others. This model of
rank integration gives more weight, for example, to a gene ranked #1 and
#1000 in two different analyses than to a gene ranked #500 in each.

To test for enrichment of a top-ranking group of genes in known
pathways, gene-set enrichment was performed. A subset from the collection of
5451 genesets from the BROAD Institute’s Molecular Signatures Database'®’
(MSigDB) were used to test for enrichment against a group of prostate cancer
related genes. This database consists of putative curated pathways (n=1892),
Gene Ontology (GO) classified groups (n=1454), motif sets made up of
transcription factor binding sites (n=500) and miRNA targets (n=222). Overlap
of the observed set of genes with each of the MSigDB gene sets was evaluated

using the hypergeometric equation:
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where n represents the total number of unique genes in the database, m
represents the possible matches with all the genes in the database (n), x
represents the number of genes in the observed set overlapping with a particular
gene set, and k is the size of that particular gene set. P-values were obtained
for each gene set representing the enrichment of the observed list of candidate
genes; however, the distribution of these p-values showed a bias (Figure 6) in

which the size of the gene set was inversely proportional to the p-value.

S £ Gene set size effect on the hypergeometric distribution
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Figure 6: Simulation of hypergeometric p-value distributions by fixing the size of the input list
of genes and windowing the size of the gene sets to reflect the gene set size distributions of the
MSigDB database.
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To correct for this, a Z-score was calculated for each geneses using a
background of 5,000 randomly selected sets of genes, matching the sizes of the

real gene sets. The gene sets were ranked by Z-score.

2.4 Copy number analysis

A copy number analysis pipeline was designed using the R-statistical
software'®® (R) to process the data through a series of computational steps
(Figure 7) resulting in ranked lists of genes and associated significance.

In stage 1, signal intensity files (.cel) for the Affymetrix SNP Array 6.0 or
500k mapping arrays were processed using the Affymetrix Power Tools, Birdseed
Vv25* and BRLMM® algorithms, respectively, resulting in genotype allele calls
and copy number signal intensity measures for each SNP and copy number
probe. After the first stage, the genotype calls were prepared for downstream

analyses such as PCA for identity and quality control testing.

Affymetrix probe
Signal processing
Genotype/intensity calling

Data transformationsand subtraction Data smoothing and copy number

of reference genome(s) event calling/summation

Ranking of genes within regions of Modeling & scoring
amplificationsand deletions amplifications/deletions

Figure 7: Array CGH analysis pipeline
for processing pixel image data from
Affymetrix SNP arrays to produce
genotype and signal intensity
measures for copy number analysis
and interpreting the result in the
context of biological pathways.

Model integration for

functional data mining
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In stage 2 of the pipeline, the probe-summarized intensity signals (I,
where k represents the probe) were log-transformed and standardized (mean
centered, standard deviation scaled) on an individual array basis. Then, the
relative copy number was calculated by subtracting the normal from the tumor
intensity for each patient on a probe basis. The resulting copy number profile
(CN) represented the amplification and deletion events that accumulated in each
cancer sample tested.

At the beginning of stage 3, the probes were ordered as they appear in
the genome. Then, the copy number signal data (CN) was smoothed. The
smoothing was conducted using a running median function [runmed() in R, with
endrule parameter equal to “median”]. The smoothing function was termed
S(CN) (where k represents a user-defined number of adjacent probes over
which the running median was performed). The function S(CN), thus yielded n
smoothing profiles per sample, with n representing the number of different
values used for k. An example of the multiple n-values used for chromosome 1
of a particular sample is shown in Figure 8.

The next part of this stage involved calling copy number events, either
amplifications or deletions. A probe was called an event if its relative copy
number after the application of the function S(CN) exceeded a fixed threshold of
+1.7 standard deviation units (sdu). Based on a scheme of amplification,
deletion or no event, a trinary event call was generated, with the value “1” or
“-1" being assigned to any probe whose S(CN) value exceeded the amplification
(amp) or deletion (del) threshold. A “0” was assigned to any probe with no

III

event, or a “neutral” (neu) probe. Since an event call was applied to every
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smoothing, there were k event calls per sample. These binned calls were

w

summarized in a “p” profile, where T() represents the function of trinary binning:

Pk :T(S(CN)k)

Each individual’s set of n p event call indices was then summarized on a probe
basis by summation, resulting in a profile (p’) that ranged from -n (signifying
that a deletion was called at every smoothing for that probe) to +n (signifying

that an amplification was called at every smoothing for that probe):
p'= Zpi
i=1

Probe smoothing for calling amplifications and deletions

| unsmoothed data . .

b Lo wo~o
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Figure 8: A representative primary tumor chromosome 1 copy number profile (top panel) and
corresponding S(CN)n [n=9,49,99] in the bottom panels. Therefore, k=3 because three different
smoothing lengths are used. Black probes represent events that are not called while red probes are
the called events that exceed the predefined threshold of £1.7 sdu.
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One p’' profile was thus generated per sample. Finally, summing across
the p’ profiles on a probe basis resulted in an event call index (p”) that reflected
the frequency of amplification and deletions for a subgroup of samples or
population. Two values of p” were calculated for population or sub-population.
The first value represented the sum of all positive p’ values in the population at
any probe, and was thus called p”,mp. Likewise, the second value representing

the sum of all negative p’ values in the population at any probe was called p" 4o

" _ '
P amp|del — zpi[amp\del]

A summary of the different profiles used in this analysis is contained in table 4.
An example of copy number p” plot (figure 9), will be repeated in all results
sections in a similar way. AA, CA or METS are displayed for a select region on
chromosome 21 where the TMPRSS2-ERG deletion/fusion event is clearly
observed. At each probe position, standardized values of both p”,mp and p’qe  are
shown. This region has been previously observed to be deleted, translocating
the TMPRSS2 promoter, resulting in fusion with the ERG gene and amplification

2022 The chromosome 21 locus

of ERG transcript in late stage primary tumors.
and corresponding genes confirmed those identified in previous copy number
studies,!’ along with a series of novel candidates that have been associated with

cancers and several with no known cancer function.
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Table 4: Summary of Copy Number and Event Profiles

Profile

Description

CN

Copy number profile derived by subtracting normal signal
intensity from paired tumor signal intensity — 1 per sample

S(CN),

Smoothed copy number profiles derived by applying a running
median to the copy number profile - k per sample, based on
varying value of n, the number of probes used in the smoothing

Pn

Trinary bin of S(CN) profiles, with three values: amplification,
deletion and no event - k per sample, as with S(CN)

Sum of p values for each sample - ranges from -#n to #n,
where n represents the number of different smoothings used -
one per sample

p”amp

Sum of all the p’ values in a population which are amplified at a
each probe - represents the extent to which the population has
amplification events — one per population

P"' del

Equivalent of p”.mp, but represents the extent to which the
population has deletion events — one per population
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Figure 9: Copy number profile, p'’ shows a deletion of a major chromosome 21 locus at the
TMPRSS2-ERG boundary. The y-axis represents standardized population frequencies reflecting the
number of samples exhibiting amplifications (above 0)/deletions (below 0).

Position (megabases) on chromosome 21

differentiated as red, black or green lines for AAs, CAs or METS respectively.
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Stage 4 of the pipeline was designed to use the frequency profiles (p’
and p') to create evolutionary models of selection for and against prostate
cancer metastasis. The profiles of AA, CA and METS subgroups were first
processed through unsupervised hierarchical clustering. The rationale for
unsupervised hierarchical clustering was the recurrently observed racial health
disparity. Unsupervised clustering would be used to evaluate whether either of
the two groups of primary tumors (AA or CA) preferentially segregated with the
METS samples (12 individuals comprised of 52 METS). Knowledge of this racial
disparity justified the expectation that AA individuals, having a greater
propensity for aggressive disease, would preferentially cluster with the METS
samples. CA individuals, meanwhile, would be expected to preferentially cluster
away from the METS samples.

The clustering parameters (linkage and distance method) were optimized
based on the model that the best parameters would result in the 52 METS p’
profiles clustering by their respective individuals as nearly perfect as possible.
Multiple metastases clustered [using the R function hclust() with the parameters
of complete linkage and binary distance method] produced the best results, with

only 2 METS clustering outside of their individuals cluster (Figure 10).
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QC of 52 Metastases Samples from 12 Patients
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Figure 10: Quality control of hierarchical clustering using multiple metastases (n=52) from 12
individuals. Red highlights indicate the METS that segmented outside of their individual cluster node
and the yellow highlights indicate the 2 primary tumors (PR_) available from 2 METS individuals.
Dendrogram leaves are labeled by M_individual.index_sample.index

Next, to assess preferential segregation, p’ profiles of AA and CA primary tumors
were clustered with a version of a p” profile for the METS subgroup. Unlike the
standard p”, which was generated by a summation across all p"ampqel pProfiles
from each sample in a population, this METS profile (p"n) was created as a
binary profile representing event or no event. For this analysis, an event was
registered at those probe positions on the METS profile where at least 14 out of
52 METS p’ profiles had an event register in either direction. The justification for
the threshold of 14 was that it optimized the number of events in METS profile to

be as close as possible to the average number of events in all the p’ METS

30



profiles. The trinary bin was not used in this step of the investigation because
the distance method used in the clustering algorithm was a binary method;
therefore, the algorithm would convert a trinary bin to a binary one regardless of
the user input.

After the primary profiles were clustered with the METS profile, an
enrichment score E(AA) was calculated to assess whether the extent to which
the p' of AAs preferentially clustered in the dendrogram node that contained the

METS profile as compared to the CAs:

E(AA) = #mPT,, *( 1 j
#mPT,, | \1.45

AA/CA p' that clustered within the node that contained the METS profile were
classified as metastatic primary tumors (mPT), and the node was called the mPT
node. The p’ that were outside of the MET cluster were classified as indolent
primary tumors (iPT), and the node was called the iPT node. The score E(AA)

was calculated for both the mPT node (as seen above) and the iPT node. A

1
coefficient of (E) was introduced into the E(AA) calculation in order to

account for the difference in number of samples in the 2 subgroups (29 AA vs.
20 CA). A score of 1 would signify no AA or CA enrichment at a particular node.
A significant score greater than 1 would indicate enrichment of AA over CA, and
a significant score less than 1 would indicate enrichment of CA over AA.

To evaluate the robustness of this enrichment, a hierarchical clustering

bootstrap methodology was employed by randomly sampling 50% of the
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individual METS (n=6) 300 times to generate E(AA) scores for each mPT and iPT
cluster node.

Genomic copy number alterations in advanced prostate tumors typically
are numerous, systematic in their genomic placement and varied in size from a
single nucleotide mutations to the amplification or deletion of an entire
chromosome. Studying copy number alterations has clear informative value,
reflecting the direction (i.e. the amount of protein made) in which the cell forces
genes to reprogram their dose or structure for the purpose of maintenance and
survival. When analyzing copy number data, however, a disproportionately
large set of numerically significant passenger events representing weak-to-non
disease associated copy number alterations mask the strong true-disease
causing events. These passenger events may emerge by simply being in
proximity to the genomic regions harboring the metastasis causing genes or by
actually having weak causative members of pathways that follow the global
trend of a compensatory response. Therefore, to demarcate the weak from
strong events, models were developed based on the selective pressures
influencing the progression toward metastatic disease.

Models were designed to score selection in two different contexts:
unsupervised MET/iPT/mPT and supervised METS/CA/AA health disparity
scenarios (Figure 11). The unsupervised (us) context was considered because
the samples that clustered with the MET profile - the mPT samples - should be
enriched for a poor outcome, whereas the iPT samples should be enriched for a
better outcome. Therefore, it was worthwhile to analyze events that may
distinguish mPT samples from the iPT samples. A racial disparity (rd) context

was likewise considered in order to harness the model that certain events may
32



be overrepresented in primary prostate cancer samples across one race,

affecting the odds of a favorable outcome and contributing to the disparity.

Figure 11: Scoring health
disparity and metastatic
potential through positive
and negative selection
modeling.

copy number data

Unsupervised clustering Racial Disparity
(MET, iPT, mPT) (MET, AA, CA)

Negative Positive Positive Negative
Selection Selection Selection Selection
Model Model Model Model

Integrated
Selection Model
4

In this manuscript, the pipe “|” notation will be used to indicate that
parallel selection analyses were performed in the us and rd contexts. Since the
us and rd analyses were identical at many steps (eventually the two were
integrated), the same formulae were applied to each one with the exception of
that there were different input populations. A pipe in a formula indicates that
the formula was applied to each context, each time using different inputs.

A negative selection model (NSM) based on rd|us was designed to detect
enrichment for deletions or non-events (del or neu) in the METS and AA|mPT
along with enrichment for amplifications (amp) in the CA|iPT. Probes exhibiting
negative selection reflect a scenario in which there is a potential gene or

functional locus that protects the individual from forming metastasis. This
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represents selection against the primary carcinoma from metastasizing.
Conversely, a positive selection model (PSM) based on rd|us detects probes
that exhibit enrichment for amp in metastasis and AA|mPT but enrichment for
del and neu in CA[iPT. In this scenario, there is a potential to detect genes that
are deleterious for the individual because they positively select for metastatic
cellular growth.

Because the SNP ranked most likely to undergo PSM should also be the
SNP ranked least likely to undergo NSM, and vice versa, the NSM and PSM
models can be reduced to a single integrated selection model (ISM). In order to
create this model, an amplification enrichment score (E(x)) was first calculated
to represent the relative amount of enrichment for amplifications versus
deletions:

(# Amp—# Del)

E(x)=
#Samples

Using this amplification enrichment score, calculated for each SNP for each
population, two selection models (SM) were developed. The first was to consider
the unsupervised (us) hiearchical clustering scenario with subgroups mPT and
iPT. The second was to consider the racial disparity (rd) subgroups, AA and CA.
The coefficients (a,b,c) represent user-defined weights given to each subgroup
that influence the outcomes based on nuances in the biological model (described
in the results and discussion; the values used in this investigation were

a=3,b=1.5,c=3):
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SM(uS) — o FMETS) s P EOnPT) ¢ —E(PT)

SM(rd) — aE(METS) *bE(AA) *C—E(CA)

The first two terms being multiplied are designed to assign a higher score
when the METS and AA|mPT samples have more amplifications than deletions.
The greater the amplification enrichment, the higher the score; whereas the
third term, due to the negative exponent, will be higher when the CAJiPT
samples are enriched for deletions over amplifications. Therefore, a higher score
will be an indication of positive selection, and a lower score will be an indication
of negative selection.

At this point in stage 4, the us and rd selection models on the SNP level

were ranked and combined to create an Integrated Selection Model (ISM):

ISM = log[ :1 [log(mn ¥ k}

In this equation, SM; and SM, represent the us and rd selection models and
Rank(x) represents a ranking of the values such that the highest rank represents
most negative selection. K represents a scaling factor. This equation is
designed so that a higher ISM score refers to greater probability of that SNP
being involved in positive selection whereas a smaller ISM score indicates a
greater probability of negative selection.

Figure 12 shows representations of copy number events in the SNPs

located in genes that were later determined to be ranked very high for either
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positive or negative selection. A sample with a value of zero represents a
neutral event called at that SNP. A sample with a value of +1 or -1 represents
either an amplified or deleted SNP, respectively. Figure 12a shows a SNP from
PREX-2a, one of the top-ranked genes for positive selection. In this example, 27
METS samples exhibited amplifications with none exhibiting deletions, while all
but one sample from the mPT node exhibited amplifications as well. The
samples from the iPT no distribute equally between amplifications and deletions;
nevertheless, this gene was ranked high due to the first two subgroups, which
show strong evidence of positive selection.

Conversely, figure 12b shows a SNP located within the gene VASP. This
marker was the #1 ranked SNP for negative selection according to the ISM. Of
the 52 METS samples, 14 exhibit deletions with no amplifications. In the mPT
samples, little is observed; however, the one sample that is deleted is AA and
the one sample amplified is CA, thus fitting the rd context very well. Finally,
there are more iPT samples (13) amplified than deleted (2), fitting the us
context well and the rd context too, because the two deleted are AA. This clear

example of negative selection fits well with a functional model of VASP.
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Copy number events across PREX2a
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Figure 12: Top scoring SNP/gene for the health disparity and metastatic potential selection modeling,
showing the top ranked candidate gene's amplification and deletion for (A) positive selection

modeling (PREX2a) and (B) negative selection (VASP).
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In the final part of stage 4, we decided that a model that simply ranks
selection on a continuum from negative to positive could not entirely encompass
all evolutionary scenarios. For example, in a positive selection (PS) scenario,
there are two related but distinct possible manifestations of PS on the copy-
number level. First, a gene that positively selects for metastatic disease could
be one that is never or rarely deleted in METS samples. On the other hand,
another scenario could be that CA samples in the area of this gene are never or
rarely amplified. We thus created two different models reflecting the two

“flavors” of positive selection mentioned:

PSM ,,(rd | us) =  EVETS) s p ECAAMPT) 5 ,~E(CAWPT) % g~fmei _del

1)‘512‘4f2 (Vd | US) — aE(METS) *bE(AA\mPT) *C—E(CA|1'PT) *d—(#CAfamp\#iPTfamp)

In these flavors, an additional coefficient is multiplied each time to the
original ISM. This coefficient serves as a “penalty.” It reduces the measure of
significance if there are deleted METS or amplified CAs, respectively. Like a- ¢, d
is a user-defined parameter. Note that for each flavor, a us and rd model was
created, which were integrated using the same integration formula applied to the
plain ISM before being used in further analysis. According to this scheme, we

also created two “flavors” of negative selection modeling:

NSM/I (I”d | MS) — a*E(METS) *b—E(AA\mPT) *CE(CA\iPT) *df#mef_amp

NSMfZ (rd | us) = @~ FMETS) s p=E(AAmPT) ¢ JE(CAUPT) s g —(#CA_del#iPT _del)
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Here, a penalty is applied to decrease the calculated significance of
a SNP if there are amplified METS or deleted CAs, respectively. As with the
original ISM, each of these flavors attempt to tease out the loci exhibiting the

most extreme form of positive and negative selection.

In stage 5, each SNP was designated as either a positively selected (PS)
SNP or a negatively selected (NS) SNP, depending on whether it was ranked in
the top or bottom 50% by the ISM. All the genes overlapping NS or PS SNPs
generated were ranked by calculating a z-score for each, with X = X[ISM] 0.95
quantile of measures whose probes map to within a predefined distance away
from the gene (we used 10kb in this analysis) although results were stable for
distances of O0kb, 2kb, 10kb, 50kb, 100kb and 500kb. The background
parameters (un, o) were estimated by random sampling an equal number from
the 0.95 quantile of the corresponding measures of all mapped genes. The
resulting ranked sets of genes and associated Z-scores were used for multi-data-
type integration (sections 2.7 & 3.4). To measure the robustness of the
resulting rankings of the candidate genes, we ran a bootstrap analysis on the
model scores by randomly sampling 80% of the samples from each of the
population groups (AA, CA and METS) and evaluating the reproducibility and

range of rankings.

2.5 Expression Data Analysis
To complete an expression analysis, Affymetrix U95A or U133 human
gene expression array (.cel) intensity files were processed using Affymetrix

expression console v1.1. Probes were summarized using robust multi-array
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average (RMA)!*! without normalization and exported as logio-signal intensities.
Analyzing each data-set separately, the complete matrix of signal intensities was
standardized N[0,1] on a sample basis. Significance testing was run using the
Student T test followed by Bonferroni correction for multiple testing on a gene
basis was calculated [using the R functions t.test() and p.adjust()]. Significant
genes (p < 0.05) were further integrated with copy number and GWAS data and
processed through network connectivity and gene-set enrichment analysis

(described in chapter 2.7).

2.6 CGEMS GWAS data analysis

CGEMS GWAS data consists of a matrix of single marker p-values,
representing the case/control association statistics run on the PLCO dataset
evaluating 1,172 cases and 1,157 controls. The normal genomes of individuals
diagnosed with prostate cancer (cases) were compared to genomes of
individuals from an age and ethnically matched group of men without a prostate
cancer diagnosis (controls). The cases and controls were interrogated by
measuring the SNP frequency distributions and calculating a y? statistic from
data assayed on an Illumina 550K array. The p-values associated with each SNP
were associated with genes that mapped to less than 500 kilobases (kb) away.
Each corresponding p-value was converted to the -log(p). The -log(p) values
were summed for each gene and a z-score was calculated with the parameters u
and o estimated by random sampling of an equal humber of -log p-values from
the complete set of SNP probes that map to genes. The z-scores were

integrated with copy number and gene expression data (described in Chapter
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2.5) and further analyzed by network connectivity and gene set enrichment

analysis.

2.7 Multi-data-type integration and functional data mining

Each of the data types: copy number, gene expression and GWAS data
types yielded sets of numerically significant genes. As indicated earlier, in
genomic analysis, the functionally meaningful loci may be peppered within a
mound of numerically significant passengers or weakly associated loci. By
combining these multiple orthogonal data types, we expected the most
significant functional sets or pathways to emerge. A combined set E, for each
locus E(L) was derived by taking the union of the significant (Z > 1.6sdu) CN,
GE, and GWAS Z-scores (signified by S) as determined in their respective

individual analyses:

E(L)= SCN YSGE YSGWAS

The ranked list of genes as derived by E(L) were analyzed through networks of
putative protein interactions and functional pathways to establish possible
connectivity among these candidates. First, the top-ranking genes were
analyzed for network connectivity using the Biogrid curated protein-protein
interaction database!®®. A network connectivity score was calculated for the

combined set of significant genes in the following way:
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In this equation, n represents the total number of seed genes in the network.
Dj. represents the network distance between seed genes i and k, and !
represents the number of seed genes that are connected to seed gene i/ in
network N. The implementation of the C(N) score required a network object,
containing a symmetrical adjacency matrix of Os and 1s to represent the
interactions of the Biogrid database. In the adjacency matrix, the rows and
columns represent genes found in the database and each cell x,y containing a 1
indicated an edge between genes x and y. A graph object for network N was
created by isolating genes that share edges with the n seed genes in the
adjacency matrix [using the R function graph.adjacency(); library(igraph)].
Once in a graph object, the shortest path between two vertices was calculated
[using the R function get.shortest.paths();library(igraph)] to score the seed
interactions in terms of network depth. Therefore, a seed gene connected
indirectly to multiple other seed genes will achieve a higher C(N) than a seed
gene with only one other primary connection.

Z-score parameters were estimated from a reference distribution of
C(N) by generating 10,000 random networks, using the same number of seed

genes as observed in E(L) set of genes.
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CHAPTER 3

3.1 Copy number analysis of somatic tumors

Two parallel sets of copy number analyses were performed based on the
type of Affymetrix SNP array on which the samples were run. The CA/AA
primary and the public metastasis data-sets were both run on the version 6
array comprised of ~1.8 million SNP and copy number probes, all of which could
be used for copy number analysis. The third public data-set of 20 AA primary
tumors, however, was run on a older version Affymetrix array of ~500K SNP
probes. Thus, in order to increase the statistical power, an integrated analysis
of the ~472,000 probes common to all three datasets was considered. Copy
number and Loss of Heterozygosity (LOH) frequency distributions were
calculated for the AA/CA and MET data using the 6.0 probes (Table 5a). In
addition, these were calculated for all three data-sets using probes common to

both platforms (Table 5b).

Table 5a Copy number and LOH frequency distributions

Number of tumors -amplifications* deletions* LOH* LOH/HET ratio
Dataset (AA/CA) AA CA AA CA AA | CA AA CA
Primary African/Caucasian American** 9/20 114 (£37) 106 (+31)[101 (£32) 90 (£30) |5 (¥6) 8 (&8) | 0.009 (+0.010) 0.014 (+0.014)
Metastasis African/Caucasian American (public data)** 0/52 57 (£19) 40 (£34) 26 (+11)| 0.113 (£0.047)

*Amplifications and deletions were called at any snp for which the rho score was a positive or negative number, respectively (Data in thousands of SNP probes)
**Distributions based on the 868157 SNPs common to all three datasets

Table 5b Copy number and LOH frequency distributions

Number of tumors| amplifications* deletions* LOH* LOH/HET ratio
Dataset (AA/CA) am | ca | aa ] ca [an] ca AA CA
Primary African/Caucasian American** 9/20 63 (£20) | 57 (£15) | 54 (£17)| 50 (£19) |2 (£3)| 4 (£4) [ 0.008 (£0.010) | 0.011 (£0.013)
Primary African American (public data)** 0/20 55 (£17) 51 (£11)
Metastasis Caucasian American (public data)** 0/52 33 ( £10) 20 ( 16) 15 (£6) 0.115 (+0.051)

*Amplifications and deletions were called at any snp for which the rho score was a positive or negative number, respectively (Data in thousands of SNP probes)
**Distributions based on the 471012 SNPs common to all three datasets

The copy number event profiles (p'/p”') were generated for each sample (p’) and

for each population (p”): AA, CA and MET. The profiles were processed through
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Height

unsupervised hierarchical clustering and modeled on a probe basis to generate
ten scores reflecting unsupervised metastatic potential and AA/CA racial
disparity (usNSM, usPSM, rdNSM, rdPSM, iNSM, iPSM, usNSMy, usPSMg,
rdNSMg,, rdPSMy,).

Observing the clustering indicated that in addition to the mPT and iPT
nodes, it was necessary to define an intermediate "mid” node. Thus, the African
American Enrichment score E(AA) was calculated for the mPT, iPT and mid
nodes. The unsupervised hierarchical clustering of METS p'y with CA/AA o’
resulted in a compelling observation (Figure 13). The enrichment for AA was
calculated to be 2.76 in the mPT node, consistent with the racial disparity of
mortality reported by the American Cancer Society Cancer Facts and Figures for
2008'. The enrichment values for the mid and iPT nodes were, respectively,

0.86 and 0.79. To evaluate the stability of this result, a bootstrap of the
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Figure 13: Unsupervised hierarchical clustering of METS, AAs and CAs
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Bootstrap hierarchical clustering enrichment analysis

Actual Enrichment Ratio: 2.7586

T CA)1.45
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Figure 14: Bootstrap analysis of unsupervised hierarchical clustering of METS and primary tumors
from AAs and CAs. Boxplots represent the AA enrichment scores (y-axis) for the mPT, mid and iPT
cluster nodes.

clustering analysis using random samples from 50% of the METS was employed.
The results in Figure 14 show the distribution of bootstrapped E(AA) estimates
for the mPT, mid, and iPT cluster nodes. The boxplot distributions between the
various cluster nodes reflect the number of bootstaps where the METS profile
clustered within the respective cluster. Therefore the mPT node, with a 2.78 fold
enrichment of AAs over CAs had a greater representation of the METS profile
over the iPT node during the course of the 300 bootstrap iterations.

Next, a result of the combined unsupervised- and racial disparity-based
negative selection score (NSM,qus) is shown in the bottom panel of Figure 15.

The top ranking gene exhibiting negative selection model characteristics was
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identified on chromosome 19q13.2. VASP, encoding the vasodilator-stimulated
phosphoprotein was previously implicated along with a network of focal adhesion
proteins to play a role in filamentous actin formation, functioning in the
biological processes of adhesion and migration. VASP protein localizes to the
mitochondrial membrane, negatively imparting control over metastatic potential

in a variety functional cellular assays.'®'"*¢*
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Figure 15: p” profiles (top-panel) of the VASP and ERCC1 genomic region identified through the
integrated selection model(bottom panel).

The negative selection forces characterizing VASP in our data model are
consistent with reports claiming VASP inhibitory activity in a variety of cells such

as fibroblasts, endothelial, epithelial and neuronal (for review!®®). Notably,
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exogenous expression of VASP has been shown to inhibit cell migration in

invasive breast cancer cells,%3

impeding their metastatic potential. VASP is
located within a large stretch of the genome that exhibits the NSM scenario of
CAamp + AAampines @nd METSgenew.  Through bootstrap analysis of 80% of the
population samples (at 80 iterations), we observed 47% of the bootstaps ranked
VASP #1, 70% in the top 5 and 81% at least the top 10. Around 100kb
upstream of VASP is the excision repair cross complementing 1 (ERCC1), an
endonuclease subunit of the nucleotide excision repair complex, with a putative
function in the repair of double strand breaks during homologous recombination.
Interestingly, a study from lymphocyte samples taken from prostate cancer
patients prior to radiotherapy attempted to correlate a SNP haplotype within the
ERRC1 gene with levels of ERCC1 transcript showed a weak association.®® A
12-fold variation in ERRC1 gene expression was observed among individuals;
however, this variation in ERCC1 gene expression is most likely the result of
genomic copy number variation,'®® as observed in our investigation. The close
proximity of two potential candidates genes functioning in pathways of repair
and motility can influence carcinogenesis and metastasis through mutation
surveillance and control of mobility.

Conversely, a result of the combined unsupervised and racial disparity
based on a positive selection score is shown in Figure 18 (plotted with AR in
section of GWAS candidate genes). The top scoring PSM,qus gene was
oligophrenin-1 (OPHN1), located on chromosome Xql2, 318,597 bases
downstream of the AR locus and part of the amplified region enriched only in
METS. Boostrap analysis showed a consistent ranking for OPHN1 (40% of

bootsraps ranked #1 and 100% ranked < 5). OPHN1 codes for a GTPase-
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activating protein that functions in cell-matrix adhesion and membrane
trafficking.®’ OPHN1 mRNA has been observed to be constitutively
overexpressed in colon cancer'®®, glial tumors!®®, and overexpressed in gastic
cancer exhibiting lymphovascular invasion.'’®  Although these reports are
consistent with our findings of OPHN1 ranking #1 in our positive selection
model, the mechanism for this selection does not show a racial disparity, since
the events around this region of chromosome Xql2 are specific for METS that
underwent androgen ablation therapy. This is supported by the prevalence of
amplifications in the METS and the lack or enrichment for AAs or CAs for either
event. Interestingly another gene (RPNII), observed to be downregulated in
lymphovascular invasion!’® was ranked as the #3137 NSM gene. Although
seemingly uninformative in ranking, at this locus, only AAs showed deletions,
whereas METS were all neutral and a equal number of AAs and CAs showed
amplifications (similar to the NME4 distributions described below). Therefore,
the complexity of the METS with the added component of androgen ablation
requires careful interpretation of the p' distributions to qualify the selection

model scores at any rank.

The #2 and #3 ranked PSM candidate genes are potassium channels

KCNB2 and KCNQ3. KCNB2 potassium channels represent complex ion

1

channels,’”? and have diverse functions ranging from regulation of insulin

secretion to control of smooth muscles.'’”? The KCNQ3 channel has been

associated with neurological conditions such as epilepsy and neonatal

3

convulsions.’”® Because of the high significance registered by these two genes

in the positive selection model and the potential for pharmacologic utility
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explained by the fact that they are protein channels, these two areas are worthy
of further investigation.

More obvious is the fourth-ranked gene on the integrated PSM. Located
roughly 4.5 megabases away from KCNB2 in the unstable and heavily amplified
region of chromosome 8ql3, PREX2a (phosphatidylinositol 3,4,5-trisphosphate
RAC exchanger 2a, also known as DEPDC2) is an exchange factor that is
believed to interact with the putative tumor suppressor PTEN.'”* Similarly to
VASP and OPHN1, the bootstrap analysis of rankings showed 68% in top 5 and
93% in top 10 ranking genes. P-REX2a (Figure 16) is very consistent with a
positive selection model favoring metastatic and tumor growth, as increased
levels of the exchange factor have been shown to block PTEN in cancer cells
(PTEN is discussed in section 3.2). P-REX2a protein decreased PTEN lipid
phosphatase activity and affected other functions of PTEN, such as rescuing
PTEN suppression of insulin signaling by inhibiting the P13K pathway of PTEN.
P-REX2a thus may also influence the metastatic potential-affecting properties of
PTEN by decreasing cell apoptosis and restoring cell growth. Mutations in P-
REX2a have been observed in other tumors of the colon, pancreas and lung,

consistent with our PSM findings based on p’ copy data.
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Figure 16: p"' profiles (top-panel) of the #2 and #3 ranked positive selection genomic region
as calculalted by the integrated selection model (bottom panel) overlaps with the KCNB2 and
PREX2 gene.

3.2 Gene expression of somatic tumors

Gene expression analysis indicated a number of potential genes with
possible biological significance. Significant genes from a gene expression data-
set comprised of AA/CA somatic tumors (n= 19 AAs, 16 CAs) and a data-set of
CA normal and matched tumor tissue from the same patient (n=50) were
evaluated for their correlation with genomic instability in the AA/CA primary
tumors and METS. Figure 17 shows the relationship between the copy number
and gene expression at the 10g24 loci harboring the putative tumor suppressor

gene PTEN. PTEN regulates cell growth, apoptosis, cell adhesion and cell
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migration. The most commonly proposed pathway by which PTEN operates is
the phospholipid 3-phosphatase activity (PI3k/Akt pathway). PTEN, however,
has been shown to influence Androgen Receptor (AR) through an AKt-
independent pathway making it more vulnerable to degradation by enzymatic

activity.!”®

In the AA/CA gene expression data-set, PTEN was ranked 3rd (p =
8.8E-6, Bonferroni corrected) and shown to be increased in AA versus CA
subgroups. PTEN was shown to be deleted in a large proportion of AAs, CAs and

METS as indicated by the p'g4e (figure 17: top panel). Most notably, PTEN copy

number as indicated by p”.,m, was observed to be elevated only in the CA

subgroup.
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Another interesting candidate gene called non-metastatic cells 4 (NME4),
localized to chromosome 16q.13, is part of the nm23 nucleoside diphosphate
kinase family and has an amino terminal domain that targets the protein to the
mitochondria.'’® Members of the nm23 family catalyze the transfer of y-
phosphate from nucleoside triphosphates to nucleoside diphosphates and have a
putative rolls in intracellular nucleotide homeostasis, differentiation,

development, metastasis and cilia functions.'”” NME1 and NME2 have been

observed to be upregulated in solid tissue tumors. Interestingly, in metastasis
of melanoma, breast, liver, ovary and colon, a decreased expression of
transcript was observed.!”® Our results show that NME4 gene expression was
decreased in AA primary tumor subgroups as opposed to CA subgroups (rank =
17; p = 4.72E-04; Bonferroni corrected), whereas NME1l and NME2 were
significantly upregulated in the primary tumor versus paired normal gene
expression data-set!®? (NME1: rank = 16 ;p = 9.4E-07; NME2: rank = 70; p =
2.49E-04, Bonferroni corrected). Accordingly, the copy number profile of
(p"ampidel) at the NME4 locus showed preferential deletions in AA primary tumors
and preferential amplifications in CA primary tumors, whereas METS from

Caucasian individuals exhibited a p” of neutral or no events (Figure 18).
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3.3 Genome wide association analysis

Prostate cells require androgen stimulation in the form of testosterone
and 5a-dihydrotestosterone (A) for normal growth and maintenance. The
androgen receptor (AR) is the key receiver of this signal, the binding of which
targets the complex AR-A to the nucleus where it acts in the transcription of

° These genes are involved a variety of functions

androgen response genes.'’
including as metabolism, proliferation and stress response.’®® In the CGEMS-

PLCO GWAS dataset,*> the androgen receptor gene was ranked 7th based on its
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proximity (<500kb) to a cluster of SNPs significantly associated with prostate

cancer cases versus controls (Figure 19, bottom panel).

Genome-wide association
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panels represents the copy number p'’ profiles across the AR OPHN1 region.

This region of chromosome Xql2, shown to be highly amplified in METS (Figure
19, top panel), ranked #30- gene in the PSM,qus, driven by the fact that METS
were highly amplified and majority of CA samples were neutral. Although this
region was reported previously by the authors of the METS dataset,® there is an
important feature that emerges when the METS p"ampidel @re aligned with the
p"ampidel Of the primary CA and AA tumors. It appears that METS of individuals,

who are typically treated with androgen ablation therapy, resulted in strong
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amplifications around the AR gene. On the contrary, primary tumors from either
AA or CA patients - who would not have been treated with androgen ablation -
did not exhibit such amplification, indicating the evolutionary path of the METs
had not been selected.

This discrepancy fits in well with an evolutionary model of metastatic
response to androgen ablation therapy. Besides increasing the number of copies
to promote a dosage effect, the amplification could be a form of accelerated
evolution geared to reprogram the AR gene through semi-random
recombination, rearrangement, and mutation. This may help the AR gene to
relax its specificity for growth ligands or produce a variant resistant to negative
intercellular forces leading to a androgen independent deregulated function.
This theory is consistent with observations of rearrangements occurring within

181

regions of amplifications made in MCF-7 breast cancer cell lines and more

recently in two lung cancer cell lines, NCI-H2171 and NCI-H1770 (small cell and

2 In each

neuroendocrine, respectively) using massively parallel sequencing.'®
study, a complex process of rearrangements was observed, including deletions,
inversions and tandem duplications. It was suggested by the authors of the

lung cancer study:

"The complexity that emerges from the analysis of the NCI-H2171 amplicons
implies that amplification involved an iterative process during which aberrant
sister chromatid exchange to repair double-stranded DNA breaks led to
progressive reorganization and expansion of the amplicons under selection
pressure,"!82

This is further supported at the somatic gene expression level by the
recent identification of 3 novel AR splice variants (AR3, AR4, AR5), each lacking

their ligand binding domain. AR3 transcript, the major splice variant, was

55



observed to be upregulated during prostate cancer progression, correlated with
poor outcome, and shown to be constitutively active in an androgen-independent

3

manner.'® Although AR does not reflect a copy number NSM/PSM score

consistent with racial disparity during the primary tumor phase, the collection of
genes presented above and others of yet unknown function may impart their
selective forces on the way that AR ultimately manages to circumvent androgen

ablation therapy.

3.4 Integrated analysis of copy nhumber, gene expression and GWAS
Current complex genomics assays yield signals that are confounded by
both technical and biological noise. The technical noise is handled by a simple
scaling and standardization procedure that assumes a distribution close to
normal. Biological noise, however, is more difficult to interpret. The distribution
of numerically significant measures will vary on an individual and data-type
basis. Since current genomics-based analyses range between thousands and
millions of measures, procedures established to correct for multiple testing are
generally encouraged. In the analysis of cancer genomes, however, the
establishment of a significance threshold in the context of high-dimensionality
and multiple testing is difficult to justify. Cancer genomes are highly variable
and passenger signal dwarfs the driver signal in frequency, magnitude and
recurrence. For example, megabase stretches of genome are amplified and
deleted, along breakpoints of fragile site sequence (conserved regions of
chromosome susceptible to recurrent DNA strand breaks) or origins of replication
(starting position of transcription machinery). Only one gene, however, within a
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region spanning 50kb - 5% of the numerically significant region - is a strong
driver gene with utility in diagnosis or treatment of cancer.

In this study, the copy number data was integrated using a conditional
heuristic based on evolutionary principles of selection and the health disparity
observed between AAs and CAs, in the context of events observed in METS. The
integrated model (ISM) score infers whether a gene has a propensity for
positively or negatively driving the cancer (described in Chapter 2.6). In the
case of GWAS, the sample genomes interrogated are derived from normal
lymphocyte gDNA, and therefore reflect a more predictable and stable reference
distribution, amenable to standard correction procedures such as Bonferroni.
Gene expression distributions in somatic cancer genomes are similar to those
observed in copy number in the sense that drivers and passengers of varying
degrees of cancer causation result in up to 50% of the genes being significantly
differentially expressed. To generate a manageable subset to integrate with
copy number and GWAS, we apply a Bonferroni correction on the distribution of
p-values as estimated by the Student T resulting in 145 significant genes in AA
vs. CA data set (unpublished) and 260 genes from the tumor vs. matched
normal data set (p <0.05).

To further put into context the identified events, we combined all data
types using the function E(L) described in chapter 2.6. The significant set of
genes as derived from copy number, gene expression and GWAS data types
(980 genes) were queried for primary protein-protein interactions in the Biogrid
Database'®® which resulted in a highly significant network connectivity Z(C(N)) =
83sdu (as described in chapter 2.6). Following this, the 163 interconnected

genes (those with interactions to at least one of the 980 seed genes) were
57



tested for enrichment against the hypergeometric distribution [using the R
function dhyper()] of a MSig database made up of functional lists of genes and
pathways. The genes overlapping the top ranking gene sets (both the Biogrid
network interactions and the genes overlapping the top gene sets) are presented
in Figures 20 and 21. The top ranking gene sets (Table 6) were clustered based
on gene overlap, resulting in three significant ontology enrichment groups -- cell
proliferation, focal adhesion, and cytoskeleton. Given that the candidate genes
used to identify these functional interactions were selected through copy
number, gene expression and GWAS analyses geared to uncover the aggressive
nature of prostate cancer, the gene interactions and pathways involving cell
proliferation, adhesion and cytoskeleton likely encompass the racial disparity
observed between AAs and CAs, along with the selective path induced in the
METS through androgen ablation therapy. Knowing the direction or selection
propensity associated with each gene, as inferred by the ISM, will allow the next
set of hypothesis to be tested through data mining of the published literature
and encourage experimentation with these pathways in the context of epistatic
or multi-genic responses. Robust experimental validation of metastatic potential
will provide a basis for proposing multiple-synergistic interventions that could be

readily to translated into clinical diagnostics and personalized therapy.
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Biogrid/gene set nhetworks from integrated analysis of genomics data
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Figure 21: Biogrid protein-protein interaction network with gene set enrichment clusters. Shown in
the network are 75 significant genes identified through analysis of data from prostate cancer copy
number, gene expression and GWAS datasets.
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Table 6: Gene sets identified using integrated genomics data

CANCER NEOPLASTIC

Cell

SMARCA4; SSBP1; HSPD1;
NME1; ACLY; CANX

Sixty-seven genes commonly upregulated in cancer relative

META UP 2 Proliferation 10 64 0.16 1.28E-13| 22.76 PRDX4: CCT5: PAICS: 15184677 to normal tissue, from a meta-analysis of the OncoMine
gene expression database
HSPE1
Cell LRPPRC; SSBP1; NMET1;
GNF2 RAN 7 Proliferation 9 86 0.10 9.12E-11]| 17.67 POLR2H; CCT3; CCTS5; Neighborhood of RAN
PAICS; CCT2; CCT8
Cell MYC; RCC1; THBS1;
MYC TARGETS 8 ) " 7 42 0.17 4.09E-10| 16.97 HSPD1; NME1; NME2; 14519204 Myc-responsive genes reported in multiple systems
Proliferation HSPE1
Genes upregulated in diffuse B-cell ymphomas (DLBCL)
SHIPP FL VS DLBCL Cell HSPD1; NME1; CCT3; . "
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CHAPTER 4

Discussion

Cancer diagnosis is a life-altering experience. The instant association
with death puts a severe emotional strain on the diagnosed individual and loved
ones caring for him or her. This experience is compounded by the toxicity
associated with most treatments and, of course, by the uncertainty of outcome.
Current diagnostic methods for prostate cancer can predict whether carcinoma
or localized growth is present and can place crude estimates on the natural
history of disease. The CAPRA score is the most sophisticated series of clinical
markers currently available in prostate cancer diagnostics.®? Patients scored at
the lowest level of the CAPRA scale (reflecting a diagnosis of early-stage cancer)
ultimately had metastatic events 3% of the time. Patients with high CAPRA
scores (reflecting late-stage carcinoma) ultimately contracted metastatic events
21% of the time. The nature of this range of certainty means that such a metric
is of little utility to either physicians or patients when deciding upon a particular
treatment. These outcome statistics therefore indicate that even late-stage
carcinoma has a 79% chance of not metastasizing and the clues for metastatic
potential are not apparent in the CAPRA series of markers. Thus clinical
decisions will usually be driven instead by the age of the patient.

In the United Kingdom, there is a general consensus that the best
response to diagnosis of primary carcinoma is watchful waiting - this allows for

patients to go untreated until symptoms emerge and palliative care is
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administered. Alternatively, the active surveillance approach calls for routine

monitoring of PSA levels and biopsies for signals of progression.

This study's aims were to identify a series of nucleic acid based markers
that could be used to 1) develop a diagnostic with strong predictive power, 2)
reveal the mechanisms behind metastatic potential and 3) offer candidates for
prophylactic and disease treatment. To accomplish this, a strategy based on
integrating different populations of samples and orthologous data types was

employed (Figure 22).

Integration of populations and genomes

Figure 22 African American (AA) primary tumors, Caucasian American (CA) primary tumors and
Caucasian American metasasis (METS) were used to study the genomics of prostate cancer. Three
sample populations were applied to three different genomic profiling technologies analyzed as an
integrated data set and evaluated for fuctional enrichment.

First, we generated a genomic copy number data set comprised of 9 AA
and 20 CA pairs of matched primary cancer and normals. This data-set was
created to assess whether the health-disparity between AAs and CAs can be
captured through the amplification and deletion events typically observed in

prostate carcinoma. Next, 2 published genomic copy number data sets were
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included, adding an additional 20 AA pairs of primary cancer and matched

control*?®

along with 52 METS samples from 12 multiple-metastasis CA patients
collected at autopsy following death from prostate cancer).'® With these three
data sets we harnessed the racial disparity feature of prostate cancer by
comparing AAs to CAs in the context of the METS samples, because metastatic
patients are a reference representing a bona fide poor outcome. One important
factor to note for this three way comparison was that the METS come from
twelve Caucasian American men.

Our initial analysis resulted in a fascinating observation, confirming that
health disparity is inherent to the somatic copy nhumber genomes of AAs and
CAs. Through unsupervised clustering, we showed that AAs cluster preferentially
with METS at an enrichment (EA) = 2.76, consistent with the greater than 2-fold
increased incidence of death reported by the American Cancer Society's 2008,
Cancer Facts and Figures.?

To delve further into the specific genomic regions influencing this
enrichment and potentially harboring the genes responsible for the observed
increase in death rate, we developed the ISM. This model utilized the principles
of evolutionary selection to infer whether the distribution of signals from AAs,
CAs and METS fit a scenario consistent with positive cellular growth and
metastasis, or one that imposed negative forces on the cell. In this model, a
score was calculated on a probe basis. The ISM score combined both directions
of selection force into a single function, resulting in high positive values when
METS and AAs were preferentially amplified whereas CAs are deleted and in high
negative values when there were amplifications in CAs and preferential deletions

or in METS and AAs. The ISM(rd) score in the context of positive selection is
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made up of three terms that have 3 user defined weight constants (a,b,c)
respectively (a weighs enrichment for METS amplifications; b weighs enrichment
for AA amplifications; c weighs enrichment for CA deletions) placing emphasis on
different aspect(s) of the selective criteria that drive the analysis. For the ISM
scores used in this investigation for both the rd and us components, we set a=3,
b=1.5, and c=3 resulting in more emphasis placed on METS amplification
enrichment and CA|iPT deletion enrichment over AA|mMPT amplification
enrichment. This scenario rewards for greater separation between METS and
CA|iPT events while it is more lenient on the direction of AA|mPT copy number.
An optional fourth penalty term was added to the ISM four different times in
order to model different “flavors” of evolutionary selection.

The probes representing significant model scores were associated with
genes and integrated with gene expression and GWAS significant genes. At the
level of individual candidate genes, our models proved reliable in predicting
whether genes would be found to be over or under expressed and whether they
would have a positive or negative influence on promoting metastatic disease.
Both our top ranked PSM (OPHN1) and NSM (VASP) scoring genes were shown
be associated with metastatic cancer of the breastyasp, colongpyni, gastriCopun:
and glialopyn: and reported to be involved in the processes of cell-matrix
adhesion and membrane trafficking.'®>¢” Consistent with their SM
classifications, OPHN1 and VASP are over expressed and under expressed
respectively in the context of metastatic potential. While VASP has clear racial
disparity characteristics, as mentioned earlier, metastatic potential in the case of
OPHN1 is most likely a function of androgen ablation therapy in METS patients

and not due to racial disparity. Within 100kb away from VASP, the ERCC1 locus
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exhibits a similar pattern of copy nhumber events, therefore, also reflecting NSM
characteristics. This is consistent for what is know about this endonuclease
component of the nucleotide excision repair complex, functioning in the repair of
double strand breaks. Presumably, deletions in this locus would result in
increase mutation rates, whereas amplifications may have be protective against
mutation. For both VASP and ERCC1, METS are preferentially deleted with no
amplifications, AAs are neutral and CAs have several amplifications with no
deletions.

The 4th ranked PSM gene, PREX2a, has been shown to antagonize the
putative tumor suppressor gene PTEN'’* through its actions on PI3K, resulting in
the accumulation of the downstream messenger PIP3 and activation of the AKT
pathway. Uninhibited AKT leads to uncontrolled cellular growth and
proliferation. The distribution of copy number signal among the subgroups was
consistent with PSM revealing greater enrichment for amplifications in METS and
AAs over CAs.

Next, through differential gene expression analysis of AA vs. CA primary
tumors, we identified the putative prostate cancer gene PTEN as being ranked
3rd and significantly elevated in AAs over CAs (rank = 3; p = 8.8 x 10"-6,
Bonferroni corrected). Considering that PTEN is a tumor suppressor gene,
looking at only the gene expression, this result went against the expectation that
AAs would exhibit a greater propensity for deletion. However, when we explored
the copy number p” distributions (Figure 17), we observed that CAs were indeed
preferentially deleted (in a different set of samples from those used for gene
expression) over AAs, conforming with the gene expression result. The best

PTEN ranking #6728 for PSM, which proved unreliable for determining whether
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the locus is NS or PS leaning. However, a racial disparity does appear to be
acting in the NS direction, exhibited by only CAs having amplifications, a
potential protective effect for the CA subgroup. With this candidate both the
gene expression results and PS score were misdirected and uninformative,
respectively, but, a careful inspection of the p” provided justification for a NS
direction consistent with PTEN putative tumor suppressive activity.

Another compelling candidate gene, NME4, identified through gene
expression analysis in the CA vs. AA data set was decreased in AA primary
tumor subgroups as opposed to CA subgroups (rank = 17; p = 4.72E-04,
Bonferroni corrected). NME4, is part of the nm23 nucleoside diphosphate kinase

family and has an amino terminal domain that after degradation, activates the

protein and targets it to mitochondria where it forms a hexameric structure

spanning the inner-to-outer membrane junction.'”’

NME4 was reported to be
over expressed in primary colon and renal tumors,'®* whereas NME1 and NME2
were over expressed in solid tumors and decreased in metastasis of melanoma,

breast, liver, ovary and colon.!’®

In our analysis of the tumor versus paired
normal gene expression data-set'®?, NME1 and NME2 were significantly over
expressed (NME1, rank, p = 9.4E-07; NME2, rank = , p = 2.49E-04; Bonferroni
corrected). Accordingly, the copy number profile of (p”ampjdel) at the NME4 locus
showed preferential deletions in AA primary tumors and preferential
amplifications in CA primary tumors, whereas METS from Caucasian individuals
exhibited a p” of neutral or no events. As with PTEN, the selection score for

NME4 yielded an uninformative NSM rank = 5653; however, the distribution of

signals matched expectations for negative selection. The composite of
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information from primary somatic tumor gene expression, copy number and data
mining of functional information, all in the context of racial disparity and
metastatic potential, clearly shows that PTEN and NME4 have negative selection
properties, while having dual effects in carcinoma. PTEN is preferentially deleted
in carcinoma and METS, where its inhibitory control over the PI3K-AKT pathway
is relinquished. Alternatively, it may be amplified in carcinoma, offering a
protective effect, reducing metastatic potential by inhibiting the actions of AR
and other metastasis-promoting genes, such as cell division cycle 6 (CDC6) and
cyclin E2 (CCNE2).'®> The mechanism of protection could be a dosage effect or a
structural reorganization of the genome, yielding a novel isoform with superior
activity against metastasis. Clinically, PTEN deletions along with TMPRSS2-ERG
fusion products have been associated with a poor outcome.!® NME4 has a
different presentation of NS, where over expression is observed in the primary
carcinoma, most likely as a negative regulatory response to carcinogenesis. This
response is seen in both AA and CA primaries versus normal tissue, and CAs as a
group show over expression in mMRNA and copy number amplification relative to
AAs. Copy number events were not observed in METS, whereas 3 out of 29 AAs
showed deletions. Since active NME4 has been observed to be localized to the
mitochondrial membrane, it would be of interest to see if its NME4 activity has a
direct effect on VASP which also co-localizes to the mitochondrial membrane.
Next, from the PLCO-CGEMS GWAS'®3 data set an interesting candidate,
AR, was associated with prostate cancer and ranked as the 7th most significant
gene. This study reveals genetic associations from prostate cancer cases of both
aggressive (n=688) and non-aggressive (n=484) outcomes. AR has been

heavily studied in the context of prostate carcinoma progression through
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androgen independent metastatic disease.'’® However, a strong association may
reflect predisposing ancestral structures that may influence either or both stages
of disease. At the copy number it is not clear whether AR contributes to the
racial disparity between AAs and CAs. Although it ranked #34 for positive
selection, the score was driven by the extreme amplification in METS,
presumably as a result of androgen ablation therapy. AA and CA primary tumors
have a low frequency of events, however, it is uncertain whether a more high-
resolution view would change the landscape. It is appears that androgen
independent prostate tumor growth is a function of the androgen ablation
therapy that induces an evolutionary state of selection and survival not present
in primary tumors of either race.

Understanding the functions of genes in the context of pathways is a
critical step in developing concerted schemes to influence the vitality of a cell. In
the case of cancer progression and metastasis, prior information about the
direction in which pathway components regulate the cell to proliferate and
mobilize can aid in the experimental design of synergistic and epistatic assays.
For example, VASP and NME4 exhibit NSM characteristics that are clearly based
on the racial disparity, both proteins localize to the mitochondrial membrane to
perform their functional duties and both have been shown to be under expressed
in functional assays studying metastatic potential. This series of observations,
based on copy number, gene expression and data mining could be used to
experimentally test new hypotheses for prostate cancer metastatic progression.

To get a more global perspective of how a subset of the most significantly
ranked genes segregate in terms of function, we analyzed a set of 980 genes

through network connectivity of putative protein-protein interactions followed by
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gene set enrichment analysis. Out of a total of 980 genes that were applied to
the network analysis, 163 emerged with at least 1 primary interaction with
another seed gene. The 163 seed genes were analyzed for enrichment against
the MSigDB gene sets and shown to be enriched for 3 major pathways, cell
proliferation, focal adhesion and cytoskeleton. Interestingly, a report comparing
androgen dependent vs. androgen independent primary tumors identified cell

adhesion as a significantly enriched ontology.187

Future work will involve experimental validation of the candidate genes
identified in this study through functional assays and deep sequencing through
of amplified and deleted regions to get a more resolved understanding of the
structure of the altered genomes. Automated data mining procedures of
literature and public data repositories would allow for rapid validation of
hypotheses generated through novel primary data sets. Most importantly, the
use of the selection models to predict the risk associated with having a particular
distribution of positive versus negative events, allowing clinicians to make more
informed decisions for treating patients and drug companies to add candidates to

their pipeline.
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