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Abstract

miRNAs are critical modulators in the development and progres-
sion of cancer [56, 81, 32]. Emerging evidence suggests that they
are drivers of ovarian cancer [84, 12, 33]. A better understanding
of the molecular underpinnings of the development, progression and
chemoresistance of the disease is critical for the development of new,
more effective therapies. Here we explore the expression patterns
of miRNAs as they relate to gene expression, as they differ across
molecular subtypes of the disease.

We examine the correlation structure of miRNA expression with mRNA
expression in two distinct genomic datasets and report on patterns
in correlation structure in several subsets of the data. We find that
the datasets show consistency in their correlation structure, and in
the specific miRNA-mRNA pairs that are either highly positively or
negatively correlated. The data include a larger number of strong
positive and strong negative correlations than would be expected by
chance, indicating that biological relationships between the types of
data are detectable in these datasets. We further find an enrichment
for positively-correlated miRNA-mRNA pairs in which the miRNA is
encoded in close proximity to the mRNA. The correlation of miRNA
and mRNA is apparently unaffected by miRNA and mRNA expres-
sion level; similarly the two molecular subtypes do not contain differ-
ences in their correlation.

We find that the recently described [15] poorer prognosis, or angio-
genic, subtype has a generally lower miRNA activity than the sec-
ond, non-angiogenic, subtype. The subtypes are characterized by a
consistent pattern of differential miRNA expression. We also report
on a switch-like relationship between the expression levels of certain
miRNAs and the genes that are anticorrelated with them. We pro-
pose these miRNAs drive many of the differences in the subtypes
both directly, by RISC-mediated repression of target messages and
indirectly, by repressing transcription factors that regulate expression
in the cell.



We build models of patient survival and time-to-relapse based on
these miRNA expression data and inferred miRNA activity scores,
using several types of univariate and variable selection models. We
find essentially no survival-predictive information provided by the
RE score data. While the direct miRNA expression measurements
may contain some predictive power, we find that a larger dataset and
the segretation of that dataset into distinct molecular phenotypes is
likely to be necessary to produce a useful model of survival in ovarian
cancer.
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Chapter 1

Introduction

1.1 Ovarian Cancer

Ovarian cancer is the most lethal of the gynecologic malignancies, responsible for
the deaths of 16,000 people per year worldwide. The disease is often diagnosed
at a late stage due to the non-specific nature of its symptoms. Epithelial ovarian
cancer occurs in patients as one of several subtypes, including serous, endometri-
oid, clear cell, carcinosarcoma, mucinous, and various mixed and transitional
types. By far the most common of these is serous carcinoma, comprising more
than 50% of all cases [135].

Serous ovarian cancer is thought to originate with mutations in the fallop-
ian tube epithelium or the ovarian surface epithelium [105]. Mutations in a
wide range of genes have been implicated in the development and progression of
ovarian tumors. Furthermore, changes in messenger RNA (mRNA) expression
profiles are critically important to disease progression [142, 141].

Standard treatment for the disease involves surgery to remove the tumor mass



followed by chemotherapy with platinum-based compounds, such as cisplatin and
carboplatin-paclitaxel [122]. Most patients respond well initially, with near total
remission of disease. However, most of these patients (75-80%) recur within 12 to
24 months after diagnosis and die of chemotherapy-resistant metastatic tumors.

The chemotheraputic compounds enter the cell both passively and by active
transport and bind with DNA, forming adducts. These adducts trigger the cell’s
DNA damage response, halting progression of the cell cycle and, if the cell is
unable to repair the damage, apoptosis [152]. However, chemotherapy resistance
develops in most cases of late-stage ovarian cancer, and is known to be medi-
ated at least in part by genetic changes in the tumor. The exact mechanism or
mechanisms of the development of resistance have not been fully determined.

In the last ten years, no improvements have been made in ovarian cancer mor-
tality; it remains the fourth largest source of cancer mortality among women. A
better understanding of the mechanism of its development, spread and resistance
to chemotherapy is necessary for the development of superior treatments for the
disease.

One recent discovery of note is the recent findings supporting the fallopian
tube cell-of-origin hypothesis. It has been hypothesized for several years that
the original mutations leading to serous ovarian tumors occurred in secretory
cells of the fallopian tube, rather than in the epithelium of the ovary itself [44,
100]. Recent studies in mouse models have provided compelling evidence for the
fallopian tube origin of the disease [92], resulting in an uncomfortable situation
with regards to disease nomenclature. For simplicity’s sake, we will continue in
this document to refer to this disease as "ovarian” cancer, despite the possibility

of a future name change.



1.2 MicroRNAs

microRNAs (miRNAs) are short, non-coding RNAs of 19-24 nucleotides in length
that act to repress gene expression of target mRNAs. Mature miRNAs are
thought to direct the posttranscriptional regulation of gene expression in ani-
mals as part of the RNA-induced silencing complex (RISC). In this complex,
they are bound to the protein Argonaute, and base-pair with conserved target
sequences in the 3" untranslated regions of messenger RNAs [35]. Nucleotides 2-8
of the miRNA are referred to as the “seed” region, and are critical for miRNA
targeting and the downregulation of expression of the target [24]. Most seeds
are of approximately 6nt in length, and the majority of these sites are conserved
[54]. The majority of these sites are also not covered by current target prediction
methods [54]. The mechanism by which the target is downregulated depends
at least in part on the degree of complementarity between the miRNA and its
target site, with exact matches resulting in Argonaute-mediated cleavage of the
mRNA, and less complete base-pairing resulting in translational repression or
mRNA destabilization [111, 9, 10, 24].

Binding sites for miRNAs are located within the 3’'UTR of genes, with more
than 60% of human protein-coding genes thought to be under selective pressure
to maintain binding affinity with miRNAs [61]. A single mRNA can be targeted
by multiple miRNAs [108, 96, 61].

Most miRNAs are transcribed in capped, polyadenylated, polycistronic pri-
mary transcripts [26, 66]. They are then post-processed by the Drosha/Pasha
complex into pre-miRNAs, which are transported out of the nucleus. There, they

are further processed by the Dicer complex into multiple, functional miRNAs
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Figure 1.1: The miRNA processing pathway in animals. This diagram is cour-
tesy of Narayanese at English Wikipedia and available under the Creative Com-
mons license.

[104]. These miRNAs are incorporated into the microRNA ribonucleoprotein
complex (miRNP), also known as the RNA-Induced Silencing Complex (RISC),
the functional assembly that targets messenger RNAs (miRNA processing is sum-
marized in Figure 1.2).

miRNAs are organized into families of related sequences, which can then be
grouped into clans if they are determined to be descended from a common ances-

tral sequence. These molecules are encoded by highly conserved genes across the



animal kingdom and are known to be involved in the regulation of many cellular
processes, such as apoptosis [36, 170], development [123, 90] and differentiation
[34]. Tt is thought that the majority of protein-coding genes are miRNA-regulated
[107, 136, 7, 18, 61].

Most mammalian mRNAs are targets of miRNAs ([61]). Mukherji et al. [119]
found that miRNAs can fine-tune expression levels of target mRNAs. Guo et al.
[67, 79] report that most miRNAs act predominantly to reduce the expression
levels of mRNA targets by transcript destabilization, due to a lack of protection
from translating ribosomes, rather than by the reduction of protein production
by translational repression. Most miRNAs act to reduce the expression level of
each of a large number of mRNA transcripts by a small amount [7]. This type of
regulation of tissue type is a common theme among miRNAs. Arnold and et al.
[4] identified a miRNA signature that marks the transition from self-renewing
stem cells to differentiating and proliferating progenitor cells that give rise to
fully differentiated cells.

The first miRNA described, let-7, was found to be critically important in the
developmental timing of the worm C. elegans, and later to be similarly important
in the development of all other mesoderms. Subsequently discovered miRNAs
have important roles to play in many biological processes, including controlling
hindlimb development (miR-196; [75]) and B-cell differentiation (miR-150; [168]).
One miRNA | miR-203, induces cell-cycle exit by targeting p63 and restricting

the proliferative potential of the cell [173].



1.3 MicroRNAs in Cancer

The discovery of the involvement of microRNAs in cancer is opening up many
new avenues of research. The molecules are involved in many stages of cancer
progression, such as oncogenesis [70], tumor growth [19, 68] and chemoresistance
[171, 53, 21]. The first demonstration of miRNA involvement in cancer was
with the finding that miR-15a and miR-16-1 function as tumor suppressors, and
that deletion of these miRNAs is a common and pathogenic event in chronic
lymphocytic leukemia [27, 40, 93]. Further examples of oncogenic or tumor sup-
pressive miRNAs have followed, such as miR-125, which has also been implicated
in leukemia [22]. Several miRNAs have been found to be differentially expressed
in breast cancer relative to normal tissue [82]. The let-7 family of miRNAs are
often downregulated in cancer [23, 130, 125]. The first cancer-linked miRNA
discovered was in B-cell chronic lymphocytic leukemia (B-CLL), where Calin et
al. [27] showed that miR-15 and mirR-16 are deleted or downregulated in the
majority of patients. In lung cancer, let-7 is up-regulated relative to normal lung
tissue and overexpression of the miRNA is prognostic of short survival times
(86, 148].

Further investigation of miRNA expression in cancer tissues have demon-
strated that miRNA involvement is not restricted to single-molecule expression
changes; miRNA expression is widely deregulated in tumor tissue [112, 159].
Expression profiles of miRNAs are informative measurements that can reveal a
large amount of information about the character of their tissue of origin. For
example, Ferracin et al. [58] used miRNA expression profiling to identify the

cells-of-origin for metastatic tumors. miRNA profiles have been used to differen-



tiate melanoma subtypes [30]. The miRNA expression profile of tumor samples
has also been shown to better classify non-metastatic tumors by tissue type than
gene expression data [112]. They are seen as increasingly important players in
all stages of cancer development and progression [83, 97]. Many miRNAs map to
regions of the genome that are consistently altered in human cancers [29]. They
are extensively involved in cancer pathogenesis in solid tumors [159]. miRNAs
are deregulated in cancer by many mechanisms, including chromosomal deletion
[27], epigenetic alterations[8], transcriptional deregulation, and RISC component
disruption[38, 37].

Global changes in miRNA expression have also been linked to carcinogen-
esis. Lu et al. [112] found that overall miRNA expression levels are lower in
tumor tissue and tumor cell lines when compared to corresponding normal tis-
sues. They also report that the lineage of each tumor type was reflected in the
tumor’s miRNA expression profile, in a way that is not found for messenger
RNA expression profiles. Some miRNAs are tumor suppressors — miR-155 has
been shown to prevent tumor metastasis from breast to lung, by repressing the
transcription factor TCF4, a regulator of the epithelial-mesenchymal transition
(EMT), a developmental process characteristic of cells undergoing proliferation
[167]. Impaired miRNA processing has been shown to enhance cellular transfor-
mation and tumorigenesis [97]. Lu emphet al. [112] also found that many of these
classifying miRNAs are downregulated in the tumor tissue compared to normal
tissue. Knockdown of miRNA processing genes, resulting in a global reduction
of miRNA expression, increases tumorigenicity of cancer cell lines and results in
greater invasion and cell migration of xenograft tissue in nude mice [98].

Aberrant expression of miRNAs is known to be involved in carcinogenesis, due



to their promotion of the expression of oncogenes or repression of the expression
of tumor suppressors. Half of known miRNA genes are found in fragile sites and
cancer-related genomic locations [28]. miRNA targets have been found to be
generally downregulated in prostate, breast, AML and liver tumors relative to
normal tissue [147].

Cancer-promoting miRNAs, or oncomirs, are located mainly in amplified re-
gions of cancer genomes, whereas tumor-suppressing miRNAs, or mirsupps, are
mainly found in deleted regions [161]. Oncomirs generally have functions like
promotion of cell growth, inhibition of apoptosis, repression of immune cell devel-
opment and controlling of the cell cycle. Mirsupps, conversely, perform opposing
functions of inhibiting cell growth, inducing apoptosis, regulating immune cell
development, and inducing cell cycle arrest. Some miRNAs can function as both
tumor suppressors and oncogenes in different cancer contexts [36]. It has been
suggested that mirsupps, being more evolutionarily conserved than oncomirs,
may be more important to prevention of tumor growth. Oncomirs target tumor
suppressor genes, whereas mirsupps target oncogenes. These tumor-associated
miRNAs (t-miRNAs) are more likely to act via a direct-cleavage mechanism than
the population of animal miRNAs as a whole [161]. This tumor suppressor role
for miRNAs and the role of miRNAs in locking down the differentiated state of
tissues suggests (reviewed in [143]) that loss of miRNA expression in cancer may

result in a cell moving to a less-differentiated state.



1.4 MicroRNAs in Ovarian Cancer

Recent research has uncovered roles for miRNAs in the development, spread
and chemotheraputic response of ovarian cancer. Several studies have identified
miRNAs that are differentially expressed in ovarian tumor tissue as compared
to normal tissue, whether the normal tissue is cultured Human Ovarian Serous
Epithelial (HOSE) cells or primary ovarian tissue samples [120]. Nam et al.
[120] found that several miRNAs are differentially expressed in serous ovarian
carcinoma compared with normal ovarian tissues. Schmeier et al. [133] found
that experimentally verified miRNA targets are overrepresented among ovarian
cancer genes, when compared to all human genes. Chang, et al. [31] report that
miR-148b is upregulated in ovarian tumors relative to normal tissues.

Higher expression of miR-200, miR-141, miR-18a, miR-93, and miR-429, and
lower expression of let-7b and miR-199a in tumor tissue were significantly cor-
related with a poor prognosis [120]. miR-15a and miR-16 have been found to
target Bmi-1, a protein overexpressed in ovarian cancer. Overexpression of these
miRNAs results in a downregulation of Bmi-1 protein expression and a reduction
in cancer cell proliferation and clonal growth [19].

miRNAs have also been implicated in chemotherapy resistance, an important
aspect of ovarian cancer research as most ovarian tumors eventually develop it
[21, 140]. Recently, a small group of miRNAs were found to be differentially
expressed in platinum sensitive tumor samples, as compared to resistant samples
[53]. Lu et al. [113] found that patients who responded to platinum and paxitaxel
have a lower expression of let-7a than those who did not. miR-125b has been

found to confer resistance to cisplatin in ovarian cancer cells [94]. miR-187 is
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involved in ovarian cancer progression by targeting Disabled-Homolog-2 [33]. let-
7 is a selector for paclitaxel in ovarian cancer [113]. SNPs in a miR-191 target
site in the 3'UTR of the MDM4 gene have been shown to be associated with
increased tumorigenesis and decreased chemosensitivity in ovarian cancer [166].
Kong et al. [94] report that miR-125b promotes cisplatin resistance in ovarian
cancer cell lines by downregulating Bakl and that miR-125b seems to target Bcl-
2 antagonist killer 1 (Bakl). Additionally, an ovarian cancer signature predictive
of platinum sensitivity has been reported [99]. [181] found that SNPs in miR-
193b caused insensitivity to platinum-based chemotherapies in ovarian cancer cell
lines. Indeed, let-7 has been proposed as a marker for the selection of paclitaxel
treatment in ovarian cancer [113].

The introduction of transfected miRNAs (miR-7 and miR-128) into ovarian
cancer cell lines has been shown to affect the expression of hundreds of genes,
only about 20% of which were shown to be the direct result of miRNA-mRNA
interaction [138]. This indirect measurement technique is justified, in part, be-
cause spiking with an endogenous miRNA causes the expression levels of many
target mRNA protein products to drop slightly [136]. This broad but small drop
in expression should be detectable by a rank-based method like that of Cheng et
al. [37].

11



1.5 Using target transcript levels to imply miRNA
activity

Because miRNAs are simply RNA molecules, their abundance can be measured
in large scale experiments in the same way mRNAs are measured: with DNA
microarrays. As such, many of the bioinformatics tools used for gene expres-
sion analysis can be applied to them. However the great interest in miRNAs is
driven by their regulatory targets: what are they, and how much, and in what
circumstances are they regulated?

Recently, Cheng et al. [37] have reported a global reduction in miRNA ac-
tivity in ER positive (ER+) breast cancer tumors when compared to ER neg-
ative (ER-) tumors. In reaching this conclusion, they developed a Regulatory
Effect (RE) score that is used to compare the relative repressive activity of a
given miRNA in a given sample. In this method, the activity of miRNAs is
inferred based on the microarray-based expression measurements of predicted-
target mRNAs, in comparison to non-targets. For each sample, the mRNAs are
ranked by expression level, from highest expression to lowest, and the ranks of
predicted-target mRNAs for a given miRNA are averaged. Similarly, the aver-
age rank of non-predicted target mRNAs is calculated. The non-target average
is subtracted from the target-average, resulting in an RE score for the given
miRNA for the given sample. These calculations are performed separately for
every miRNA in every sample. Note that direct measurements of miRNA ex-
pression levels are not included in the calculation at all.

These RE scores are not informative in an absolute sense, but rather as a

comparative measure of miRNA effectiveness among the samples. Cheng et al.
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used these scores to determine that miRNA targets were more repressed in ER-
breast cancer than in ER+; however, miRNA expression did not necessarily cor-
respond to miRNA activity. They showed a global change in miRNA regulatory
effect between ER+ and ER- breast cancer tumor samples, based on target gene
activity. ER- tumors had an overall lower level of miRNA activity, most likely
driven by a deregulation of the miRNA processing genes Ago2 and Dicer.
miRNA repression effect is at least somewhat visible at the mRNA level, es-
pecially for highly-repressed mRNAs [67, 7]. These target prediction algorithms
have been used for indirect measurement of miRNA activity in the cell by mea-

suring the expression changes of their target genes [37, 174, 5, 162]).

1.5.1 microRNA Target Prediction Tools

Few miRNA-mRNA regulatory relationships have been verified experimentally.
Therefore the computational prediction of miRNA targets is an important task
and has been undertaken with several tools. Many of these tools make use of
RNA secondary structure folding algorithms, such as RNAFold [72], to estimate
a maximum free energy of base-pairing of the miRNA to its putative target.
Pairing of the 5’ end of the miRNA, especially to the 2-8nt seed region, seems
to be the most important interaction between a miRNA and its target [108].
This region is treated differently from the rest of the molecule by several of the
algorithms.

The TargetScan [108] algorithm begins by selecting regions of the 3’'UTR of
human genes that are exactly complementary to the seed regions of a miRNA.

Matches are evaluated only if they are conserved across five other species (human,
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mouse, rat, chicken, and dog). Seeds are extended out into a larger alignment
and that alignment is evaluated for folding free energy. Alignments are ranked
and assigned a z-score. mRNAs whose alignment meets or exceeds a selected
threshold are retained as predicted targets.

Pictar [101] splits miRNA-mRNA interactions into two categories: perfect
matches and one-nucleotide mismatches. The algorithm then evaluates the bind-
ing free energy of the miRNA-mRNA alignment and retains those pairs that score
higher than a user-selected threshold. These pairs are subject to further eval-
uation; the algorithm identifies highly conserved target sites of 4-5 nucleotides
and removes pairs that do not contain a specific number of these anchors. The
algorithm then uses a Hidden Markov Model (HMM) to evaluate the likelihood
that the mRNA would be targeted by the miRNA in a combinatorial manner.
These scores are then combined to make a final score for each mRNA/miRNA
pair.

PITA [91] uses a free-energy calculation when considering the binding of a
miRNA to a putative target site, but it also considers the accessibility of the tar-
get site within the folded structure of the mRNA. PITA calculates the free energy
required for a miRNA to access its target site and the flanking nucleotides, and
subtracts that score from the free energy gained from the base-pairing interaction
of the miRNA with its target site.

Studies are conflicting with regards to which of these methods may be superior
to the other [115, 127]. The overlap in target predictions among the tools is
small, as each tool focuses on different known features of miRNA repression
mechanisms to make its predictions. For instance, a tool that focuses on free

energy calculations will result in a different set of predictions than a tool that
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focuses on target sequence conservation across species or target sequence count
in the 3'UTR of the targeted gene. These tools are not necessarily of different
value, but their predictions will always be different. Furthermore, the functional
themes of the predicted targets will also differ; only when functional themes are
found enriched with very high significance (p < 0.001) can we expect different
target prediction tools results to have consistency among one another [127].
mirSVR is a newer method that ranks predicted targets by regulatory power,
using a method trained on measurements of real downregulation of gene targets
by miRNAs transfected into cell culture. The algorithm uses local contextual
features, such as seed flanking region AU content, target site position in the

3'UTR, UTR length, and site conservation [17].

1.6 Analysis tools for the study of genomic data

The study of cancer has been greatly advanced by the use of large-scale genomic
assays, such as gene expression microarrays. These tools have allowed researchers
to collect tens or hundreds of thousands of measurements against each biolog-
ical sample, a broad survey of gene expression with previous techniques would
provide only a few data points. However, this sudden wealth of data has of-
ten overwhelmed researchers accustomed to evaluating small datasets, and has
required the development of a new suite of tools to analyze it.

One of the first typical analyses to be done after generating large-scale ge-
nomic data is to identify genes whose expression values change across experimen-
tal conditions. At first, simple statistical methods such as fold-change calcula-

tions, t-tests or Analysis of Variance was used to evaluate differential expression
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between subgroups of samples. These tools have recently given way to more
sophisticated methods such as Significance Analysis of Microarrays (SAM) [154].

SAM is a simple modification of the t-test used for identifying differentially
expressed genes between two sample groups. It takes into account the fact that
the variance of expression for each gene is dfferent, and calculates a modified ¢
statistic, called d, for each gene, and uses that statistic to test for differential
expression.

For each gene 7 the test statistic d; is computed that compares the expression

levels of i between the two groups of samples. d(i) is calculated as

where 7;(i) and Zy (i) are defined as the average levels of gene expression for
gene ¢ in sample groups I and U, respectively. Sy is selected to minimize the
covariance of d(1).

So is computed as the value of the scatter statistic, The scatter statistic, s(7),

is calculated for each gene so that

where >, and ), are the sum of expression values in groups I and U,
respectively, a = (1/n; + 1/ny) and ny; and ny are the number of samples in

groups I and U, respectively.
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The coefficient of variation of d(7) is computed as a function of s(¢) in moving
windows across the data, and the value of s(i) minimizing that coefficient is
selected as sq.

Permuted d statistics are also calculated for each gene, wherein samples are
shuffled between the groups, resulting in a permuted d statistic, d,(¢) for some
number P of permutations. An expected relative difference, dg(i), is calculated
as the average expected difference in the permuted expression values over all P,

or

dp(i
vt = o)

Significance of differential expression is determined by the difference between
dg and d(i), with non-significant genes having dg(i) = d(i) and significant
genes having the difference between dg(i) and d(i) greater than some threshold
A. A false discovery rate (FDR) is set by selecting a value for A that results
in the desired proportion of genes in the permuted dataset to be designated as
significantly differentially expressed. That is, for those permuted gene expression

values,

This method takes into account the fact that genes expressed at a low level

are less affected by noise, and so smaller changes in their expression can be
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more easily detected than highly-expressed genes. Other methods of differential
expression detection that use simple fold-change cutoffs miss these genes.

After a candidate list of differentially expressed genes is identified, the chal-
lenge is to interpret that list in a biological context. Often the goal is to examine
what, if any, biological themes are represented by that list of genes. The Gene
Ontology consortium began this work by creating a set of annotations called Gene
Ontology terms (GO terms) [6]. These terms are arranged in hierarchical trees,
in which each term may have one or more parent or child terms. Three directed
acyclic graphs, or DAGs, are rooted in three terms: Biological Process, Molec-
ular Function and Cellular Component. Genes are manually annotated with
terms from each of the three DAGs in an attempt to assign biological meaning to
the genes. Other classification schemes are available as well, such as the Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathway system [87, 89, 88].

These ontologies can be used to examine lists of genes for functional themes.
One tool that is of particular use for characterizing long gene lists is the Ex-
pression Analysis Systematic Explorer (EASE), developed by the DAVID group
[47, 76]. The examination of a given list of genes begins with the identification
of all of the GO terms (or other functional classifiers) associated with any gene
in the list, and the number of genes each GO term is associated with. This list of
GO terms "hits” is compared to the number of similar "hits” for each term found
in a background list of genes, in many cases the complete list of genes found on
the DNA microarray from which the gene list was derived.

Another tool that makes use of functional classification is Gene Set Enrich-
ment Analysis [146, 85]. This method ranks genes based on their ability to

distinguish between two sample classes and then searches for over-represented
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functional classes assigned to the genes at either end of the rank-ordered list.
Functional classes can include GO term associations or KEGG pathway mem-
bership lists or other, specialized gene signatures contained in databases like
MSigDb [146] or GeneSigDb [45].

Another task researchers set themselves is the prediction of clinical outcome
or disease subtypes from a set of sample predictors, in this case gene expres-
sion measurements. Linear regression modeling and classification is a standard
approach to this problem. However, the mathematics underlying these models
relies on the number of predictors, or measurements, being roughly equal to or
less than the number of samples. The vastly greater number of measurements
available in genomic datasets leads to the problem referred to as the “curse of
dimensionality”, which causes a problem with overfitting in linear models, and
leads to instability of the resulting predictions.

Variable selection is one method of compensating for the curse of dimension-
ality [55]. Only a relative few of the most important variables are retained as part
of the model. The choice of which variables to retain is sometimes accomplished
through shrinkage, or applying a penalty term to the variable’s coefficient. Only
those variables whose coefficients surpass a given threshold value are retained
[150, 151]. Furthermore, until recently very few miRNA expression datasets
were available for study. mRNA expression data, however, are abundant and
easily accessible in public repositories.

Because of the lack of relationship between expression of miRNAs and their
predicted targets, we decided to use the RE score method of Cheng, et al. [37]
to examine miRNA activity indirectly. This method calculates a Regulatory

Effect, or RE score for each miRNA at each sample, based on the expression of
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its predicted mRNA targets. These scores can then be compared across samples
to examine the differences in implied miRNA activity. A score is calculated for
each miRNA, for each sample. This score is not informative in isolation or in
comparing one miRNA to another; it is only useful as a means of comparing

miRNA activity across samples.

1.7 Identification of an angiogenic subtype in
Serous Epithelial Ovarian Cancer

Recently, Bentink et al. [15] have reported the discovery of two subtypes of
serous ovarian cancer, having different survival times and being distinguished by
a list of classifier genes enriched for angiogenesis-related Gene Ontology (GO)
terms. These two subtypes, referred to hereafter as the angiogenic subtype and
the non-angiogenic subtype, differ not only in survival time and gene expression
profile, but in miRNA expression profile as well. A set of eight classifier miRNAs
are able to reliably segregate the two subtypes. This subtype is similar to the
C1 subtype described by Tothill et al. [153].

To identify these subtypes, Bentink et al. used the Identifying Splits with
Clear Separation (ISIS) method to create candidate bipartitions in a set of gene
expression data from ovarian tumors. They then validated significant bipartitions
with clinical data and miRNA expression profiles.

The larger dataset, published by the public consortium The Cancer Genome
Atlas (TCGA) and referred to here as the TCGA dataset, comprises expression

measurements from 502 patients with high-grade (Grade 2 and 3) late-stage
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(Stages III and IV) serous ovarian adenocarcinomas. The data were collected
as described in [149], on an Agilent miRNA expression arrays and Affymetrix
GeneChip whole-genome gene expression arrays. A more detailed description of
these datasets is presented in the introduction to Chapter 2.

The Consortium found that mRNA expression and miRNA expression could
be used to divide the patients into clusters: 4 for mRNA, and 3 for miRNA.
These clusters showed some overlap, especially between miRNA cluster 1 and the
Proliferative mRNA cluster, and miRNA cluster 2 and the Mesenchymal mRNA
cluster. They also identified a prognostic list of genes that predicted good and
poor survival. They also identified common mutations in ovaca, including TP53

(96% of samples) and BRCA1 and 2 (22%).

1.7.1 Identifying Splits with Clear Separation

ISIS is an unsupervised classification method whereby samples are split into two
classes which are clearly distinguished by the differential expression of a small set
of genes [160]. Therefore, ISIS is both a method for finding classes and also for
determining the genes whose expression values distinguish them. The method
can identify multiple independent bipartitions in the data, defined by different
lists of differentially expressed genes. The method works by identifying candidate
bipartitions and scoring them with a diagonal linear discriminant (DLD) score.
These candidates are then used as starting points for a greedy search of a network
of bipartitions, as measured by DLD score. The network is traversed following
the path of highest DLD score until a local maximum is reached. A complete

description of the method follows.

21



Identification of candidate bipartitions. An exhaustive search and scoring of
all possible bipartitions (2!, where p is the number of samples) would be com-
putationally prohibitive. Instead, candidate bipartitions are generated using a
fast heuristic. mRNA expression profiles are agglomeratively clustered with a
Pearson correlation similarity metric, resulting in a rooted dendrogram wherein
each node except the root has only one parent and each non-leaf node has two
children. Each of the nodes (including leaf nodes) is used to define a cluster of
expression profiles — the profiles belonging to that node and all of its descen-
dents. This averaging results in a centroid expression vector for each of 2k — 1
clusters, where k is the number of mRNA profiles used to create the dendrogram.
Each centroid is then examined to determine whether it suggests a bipartition of
the samples into two groups based on expression level. To do this, each sample
in the centroid is used as a cutpoint, and those samples with higher expression
levels than the cutpoint are assigned to one group, and those lower to another. A
two-sided t-test is performed on those two groups and the test statistic compared
to quantiles of the corresponding null distribution generated by Monte-Carlo sim-
ulation. The bipartition defined by this cutpoint is selected as a candidate for
the next step of the algorithm if its t-statistic is higher than 95% of the values
in the simulated null distribution. Those high-scoring bipartitions are used as
starting points for the local maxima search. No other significance is associated
with this bipartition and the membership of the gene cluster used to generate it
is not retained.

Rank mRNAs for use in DLD scoring. For each candidate bipartition, the
n = 100 mRNAs that are most differentially expressed between the two classes

are identified using a two-sided t-test on the entire set of mRNA expression data.
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The resulting p-values are used to rank the mRNAs. The 100 mRNAs with lowest
scores are used to score the candidate bipartition with the DLD scoring method
described below. This low-p-value group of mRNAs may or may not include the
mRNAs whose expression profiles made up the centroid used in the heuristic step
of this method. The DLD score evaluates the extent of the separation between
the two sample groups.

Score bipartitions with DLDA. Diagonal linear discriminant analysis (DLDA)
provides a normal vector defining the discriminant axis between the samples in
the two candidate classes based on the expression of n top differentially expressed
genes [52]. The linear combination s = a;x1 + asxs + ... + z, aggregates the ex-
pression of the n = 100 top differentially expressed genes into a single expression
score s for each individual sample. The vector 1, xs, ...z, denotes the expression
levels of the top n differentially-expressed genes in one sample. The DLD score
is the t-statistic comparing the aggregated univariate expression scores s in the
two candidate classes.

Greedy search of complete bipartition network. The candidate bipartitions
are used only as a starting point for finding bipartitions with locally-maximized
DLD-scores in their neighborhoods. Consider the neighborhood as a graph whose
nodes are all possible bipartitions of the sample set. This graph will be of size
28=1 An edge exists between two nodes (they are neighbors) if they differ only
by the group assignment of one sample. Each candidate bipartition is used as
a starting point and the graph is traversed in a greedy manner, where the DLD
score is calculated for all adjacent nodes and the node with the highest DLD
score is chosen. This step is repeated until the selected node has the highest

score of all adjacent nodes.
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1.7.2 Verification of the subtypes

Bentink et al. used ISIS to identify four bipartitions yielding class predictions
consistent among a set of perturbed binary classifiers on an independent valida-
tion set of samples. Those four bipartitions, each supported by a different set of
mRNAs (modules 1-4), were examined for clinical relevance and also examined in
two other clinical datasets of serous ovarian cancer [50, 153]. One of the biparti-
tions (module one) demonstrated a difference in patient survival between the two
groups, though this survival difference was only significant in one of the datasets
examined (Bentink, p = 0.0715, Tothill, p = 0.0013, Dressman p = 0.1142).

Module one splits a smaller group of patients (n = 33) associated with a
shorter survival time from the remainder (n = 96). Bentink et al. used GSEA
to identify gene signatures associated with the differences in gene expression
between the samples in this group. GSEA is a linear model-based method of
testing for enrichment of pre-defined gene signatures within the differentially ex-
pressed genes across two groups of samples [146]. They found strong associations
with angiogenesis and extracellular matrix proteins, including GO categories de-
scribing genes involved in vascular development and regulation of cell adhesion,
which showed relatively high expression levels in the smaller of the two classes.
The larger sample class within this module showed relatively high expression
for genes involved in single stranded DNA binding and structure specific DNA
binding. The smaller of the two groups will be referred to here as the angiogenic
class, and the other as the non-angiogenic class. The mRNAs comprising Module
one are hereafter referred to as the classifier mRNAs.

The class membership of Module one was verified using miRNA expression
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values. PAM analysis of miRNA expression data collected from the 129 samples
resulted in a classifier consisting of six miRNAs, which successfully classified
samples into the two groups with low error rates (< 3 misclassifications for the
angiogenic type, and a rate of < 20% for the non-angiogenic type). The six
miRNAs chosen by PAM as classifiers fall into two miRNA families: miR-202
(miR-202 and 202*) and miR-506 (miR-506, 508, 509, and 514).

1.8 Ovarian cancer subtypes

The genes involved in the subtype differences are related to angiogenesis and the
extracellular matrix, but little else is known about the driving forces behind the
differences in the two subtypes; for instance, little is known about the relationship
between subtype and chemotheraputic sensitivity.

Further, the work of Bentink et al. corresponds well with that of other re-
searchers investigating subtypes of ovarian cancer; the angiogenic subtype over-
laps strongly with the C1 or “stromal reactive” subtype of Tothill [153] and the
mesenchymal and immunoreactive subtypes identified by The Cancer Genome
Atlas (TCGA) consortium [149]. What remains to be discovered is the rela-
tionship among these differentially expressed miRNAs and mRNAs, and their
biological roles in the subtypes.

The TCGA consortium published gene expression and sample-matched miRNA
expression data for a set of 500 serous ovarian cancer samples, and claiming
identification of four robust cancer subtypes, ("differentiated”, "immunoreactive”,
"mesenchymal” and "proliferative”). However, these subtypes show no difference

in survival time while the Bentink subtypes do. The angiogenic subtype identi-
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fied by Bentink et al. are significantly overlapping with two of these groups, the

immunoreactive and mesenchymal subtypes.

1.9 The significance of this work

The remainder of this document is a report of the work done to investigate the
role of miRNAs in ovarian cancer.

Chapter Two is a brief survey of the relationships between miRNA and
miRNA expression profiles in the Bentink and TCGA datasets. We examine the
partial correlation structure of miRNA expression with mRNA expression and
report on patterns in this structure in several subsets of the data. We find that
the datasets show consistency in their correlation structure, and in the specific
miRNA-mRNA pairs that are either highly positively or negatively correlated.
The data include a larger number of strong positive and strong negative correla-
tions than would be expected by chance, indicating that biological relationships
between the types of data are detectable in these datasets. We further find an
enrichment for positively-correlated miRNA-mRNA pairs in which the miRNA is
encoded in close proximity to the mRNA. The correlation of miRNA and mRNA
is apparently unaffected by miRNA and mRNA expression level; similarly the
two molecular subtypes do not contain differences in their correlation.

In Chapter Three, we describe our analysis of the two ovarian cancer sub-
types discovered by Bentink et al. [15]. We find that the poorer prognosis,
or angiogenic, subtype has a generally lower miRNA activity than the second,
non-angiogenic, subtype. The subtype is characterized by a consistent pattern

of differential miRNA expression. We also report on a switch-like relationship
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between the expression levels of certain miRNAs and genes that are anticorre-
lated with them. We propose these miRNAs drive many of the differences in
the subtypes both directly, by RISC-mediated repression of target messages, and
indirectly, by repressing transcription factors that regulate expression in the cell.

Chapter 4 seeks to build a model of survival based on miRNA expression.
We progress from a simple univariate analysis of miRNA expression and RE
score measurements, through simple variable selection, to a more sophisticated
variable shrinkage method: the Lasso. We find essentially no survival-predictive
information provided by the RE score data. Furthermore; while direct miRNA
expression measurements may contain some predictive power, a large dataset and
the segregation of that dataset into distinct molecular phenotypes is likely to be

necessary to produce a useful model of survival in ovarian cancer.
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Chapter 2

Exploration of the correlation of
miRNA and mRNA expression
and miRNA activity in ovarian

cancer.

2.1 Introduction

Our interest in miRNAs in ovarian cancer prompted an analysis of the connec-
tion between miRNA and mRNA expression observed in ovarian tumor tissue.
MicroRNAs (miRNAs) are known to affect the protein production of their target
genes through both translational repression and transcript destabilization. While
it is true that changes in protein production due to message sequestration are
not directly detectable via microarray technology, the destabilization of target

transcripts is easily measured and has been reported to account for as much as
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84% of the suppressive effect of a miRNA on its target [67, 7]. Given this phe-
nomenon, it should be possible to detect miRNA-mRNA interaction in cells by
transcriptional profiling alone.

In this chapter, we examined the expression patterns of miRNAs and mRNAs
in two datasets, published respectively by Bentink et al. at the Dana-Farber
Cancer Institute [15], and by The Cancer Genome Atlas (TCGA) consortium
[149]. These datasets were collected from high-grade serous ovarian tumors and
hybridized to DNA and miRNA microarrays, resulting in sample-matched ex-

pression profiles of genes and miRNAs.

2.1.1 Datasets

The Bentink dataset was published in the ArrayExpress data repository (Ar-
rayExpress Experiment Accession E-MTAB-386) and is described in full in [15].
Briefly, tumor samples were acquired from patients undergoing debulking surgery
for high-grade serous endometrial cancer at the Dana-Farber Cancer Institute be-
tween 2005 and 2009. Both total mRNA and miRNA were extracted from FFPE
blocks. Total mRNA was hybridized to an Illumina DASL BeadArray contain-
ing approximately 12,000 selected mRNAs, or 9,000 genes (ArrayExpress Array
Design Accession A-MEXP-931). miRNA was hybridized to a prototype DASL-
based miRNA expression profiling BeadArray containing probes to 743 miRNAs
(ArrayExpress Array Design Accession A-MEXP-1678). Data were normalized
using variance stabilizing and robust spline normalization as implemented in the
Bioconductor lumi package [51, 110]. Each sample was clinically annotated with

information regarding tumor stage, patient age, survival time post-diagnosis, and
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chemotherapy treatment status.

The second dataset was published by The Cancer Genome Atlas [149] and
includes matched mRNA and miRNA expression data from 502 clinical samples of
serous ovarian cysteadenocarcinoma. 723 miRNAs and 22,000 expression profiles
for 12,000 genes were measured for each sample. Gene expression data were
collected with the Affymetrix HG-U133A expression array at the Broad Institute.
The miRNA data was collected at University of North Carolina using Agilent
arrays. All data are quantile normalized and available on the TCGA website at
http://tcga-data.nci.nih.gov/tcga/. While TCGA is a multi-site consortium, the
data used here were each collected from only one of the member institutions.

One concern about using data collected with two different expression plat-
forms involves the difference in the genes measured. The Affymetrix GeneChip
platform used for the TCGA study is a whole-genome array, whereas the Illumina
custom array used in the Bentink study is more limited, measuring only 9,000
genes. However, there is substantial overlap between the gene sets measured by
the two chips - when mapped to Entrez Gene IDs, they contain 8465 identical
mRNAs. Of the miRNAs in the two platforms used, 368 miRNAs are common
between the two datasets.

The initial analysis of these datasets was aimed at determining whether the
measurements would be useful for investigating the role of miRNAs in ovarian
cancer biology. Before models could be constructed using these data, they must
be shown to be informative. It would be helpful to know if predicted miRNA-
target interactions were detectable at the expression level. Blower et al. [20]
found that there is no difference in correlation between verified miRNA-mRNA

pairs and randomly-selected miRNA-mRNA pairs. However, Creighton et al.
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[43] found an enrichment for predicted target genes in high-correlation transcrip-
tional profiles. In this analysis we tested for the presence of inverse patterns of
expression between miRNAs and the mRNAs they had been predicted to target.
We also examined patterns differing from random in the correlation of all miRNA
and mRNA expression profiles.

We were also interested in the relevance of these data to the biological pro-
cesses that impact the development and progression of ovarian cancer. Given
the important role of miRNAs in controlling aspects of cell differentiation and
growth, connections between miRNA and mRNA expression profiles may inform
current models of regulatory controls within these tumors. Our interest is in
finding miRNAs with strong regulatory connections to mRNAs in these data,
hopefully leading to a more informed model of gene regulation in ovarian tu-
mors. This would illuminate the mechanisms of disease and potential targets
for its eventual cure. In our preliminary analysis we survey the miRNAs and
mRNAs with strong expression profile relationships for relevance in the fields of
ovarian cancer, or cancer in general.

Lastly, we were concerned with consistency between the two datasets. Though
they were taken from similar tissues and processed in a similar manner, it was
necessary to evaluate whether the datasets were comparable and consistent. If
they showed great differences in correlation profile, or few common high- or low-
correlation miRNA-mRNA pairs, the data may not be useful for a bioinformatic
analysis.

In this chapter we explore the data that we will use for subsequent analyses
and model-building. We verify that some connection between miRNA and mRNA

expression profiles exists; more high and low correlations exist in these data than
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would be expected by chance. We verify the findings of Blower et al. [20] that
the expression patterns of miRNAs are no more correlated with their predicted
targets’ expression patterns than randomly-selected sets of miRNA and mRNA
expression profiles. We find an enrichment for large positive miRNA:mRNA cor-
relation coefficients that cannot be explained by simple miRNA-gene co-location.
We also find a pattern of consistent enrichment for large positive miRNA-mRNA
pairs in the angiogenic subtype that is not present in the non-angiogenic sub-
type, and a consistent set of miRNA-mRNA pairs with large negative correlations

across the two datasets.

2.2 Results

2.2.1 Some similarity in miRNA-mRNA partial correla-

tion in the Bentink and TCGA datasets

We approached our first analysis simply by examining the distribution of corre-
lation coefficients of each miRNA expression profile with each mRNA expression
profile measured in the Bentink and TCGA datasets (Figure 2.1a and ¢). We
expected a large proportion of these correlations to be near zero; a randomly
chosen mRNA-miRNA pair is unlikely to have a biological interaction in the
cell leading to a measurable correlation, positive or negative. miRNA action is
tissue- and target- specific, and the number of true miRNA-mRNA actions, while
possibly large, is still likely to be much smaller than the complete set of possible
miRNA-mRNA combinations we examined. To reduce the indirect effects that

must appear in such correlations of large networked systems such as gene ex-
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pression networks, we calculated partial correlations using the shrinkage method
of Schafer and Strimmer, as implemented in the R package corpcor [131, 126].
This method is well-suited to large datasets; its runtime is very low (a few hours
on a standard desktop computer, for our data) when compared to other methods
like glasso [60], with a runtime of multiple days. This method calculates the par-
tial correlation of each pair of miRNA or mRNA molecules conditioned on the
remaining variables. The partial correlations corr(X;, X;|rest) is the correlation
between X; and X; conditioned on the remaining variables. It equals the sign-
reversed entries of the off-diagonal entries of the precision matrix, standardized
by the the squared root of the associated inverse partial variances.

The matrix of partial correlations P = (p;;) is related to the inverse of the

covariance matrix ¥ [163]. This leads to the estimator of covariance

Tij = —Wy\ Wiiljj,

where

Q= () =271
The method shrinks the empirical correlation matrix Rz;; towards the identity

matrix, using the shrinkage intensity of A\. This shrinkage intensity is estimated

using an analytic formula from Shaefer and Strimmer [131];

Z#iVar (’rij )

A=
Ei#jrgj
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Figure 2.1: a) Distribution of partial correlation coefficients of the expression val-
ues of each possible miRNA-mRNA pair across all samples in the Bentink dataset.
b) Q-Q plot of the partial correlation coefficients in a, against a generated normal
distribution of identical mean and standard deviation. ¢) Distribution of partial
correlation coefficients of the expression values of each possible miRNA-mRNA
pair across all samples in the TCGA dataset. d) Q-Q plot of the partial correla-
tion coefficients in ¢, against a generated normal distribution of identical mean
and standard deviation.

We calculated partial correlations between all possible pairwise combinations
of mRNA and miRNA expression values. We retained only the miRNA-mRNA
pairs, rather than mRNA-mRNA or miRNA-miRNA pairs, resulting in 9,249,607

correlation coefficients for the Bentink dataset and 16,106,271 for the TCGA
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dataset. The distribution of these correlations (Figure 2.1a and c), with a mean
of 1 = 0.00092 and standard deviation of ¢ = (.13, appears normal, so we
compared it to a true normal distribution of identical mean and standard devi-
ation. A Q-Q plot of these correlations vs. the normal distribution (Figure 2.1b
and d) has a characteristic S-shaped curve, indicating that this distribution has
heavier tails than the normal distribution. That is, more large positive and large
negative correlation coefficients were present in our calculated distribution than
in the one predicted by a normal distribution.

We quantified these tails by calculating moment ratios and comparing those
moment ratios to the expected value for a moment ratio in a normal distribution.
A moment is a quantitative measure of a distribution, used to characterize the
shape of that distribution. A normal distribution has certain characteristics,
such as a first moment (u1) of zero and a second moment (uy) equal to the
variance. Normal distributions have an expected relationship between the values
of the various higher moments, which can be used to determine whether the tails
of the distribution are heavier than expected. A normal distribution will have
a ratio of the fourth moment (p4) to the square of the second moment equal
to p4/(12)® = 3. Distributions with heavier tails will have a larger ratio than
expected. All of the observed moment ratios for distributions investigated in this
Chapter are summarized in Table 2.1.

We tested these moment ratios for significant difference from the expected
value by simulation. We generated sets of normally-distributed data with the
same mean and standard deviation as the observed data. We calculated moment
ratios for these randomly-generated datasets and calculated empirical p-values

for our observed ratios by counting the number of random datasets that had
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moment ratios more extreme than the observed data.

Ath : 2nd? Ratio 6th : 2nd* Ratio 8th : 2nd® Ratio

Normal Curve (Expected) 3.00 15.00 105.00
Bentink partial correlations 4.07 61.45 4979.00
TCGA partial correlations 4.96 191.96 50966.34
Bentink predicted partial 4.06 60.19 3274.24
TCGA predicted partial 5.21 246.93 44348.73
Bentink > 10,000kb 4.04 60.04 4719.79
TCGA > 10,000kb 4.62 137.42 33503.11
Bentink High mRNA Expr 3.70 39.37 2081.02
Bentink Low mRNA Expr 4.15 67.55 5472.00
TCGA High mRNA Expr 4.51 130.49 28403.45
TCGA Low mRNA Expr 4.43 116.90 26927.76
Bentink High miRNA Expr 3.65 32.51 1229.60
Bentink Low miRNA Expr 4.21 71.51 5896.11
TCGA High miRNA Expr 4.73 344.92 146761.34
TCGA Low miRNA Expr 4.46 77.52 9010.76
Bentink Angiogenic 3.43 23.37 277.87

TCGA Angiogenic 3.88 40.99 1371.14

Bentink Nonangiogenic 3.93 57.99 4346.14
TCGA Nonangiogenic 4.31 79.72 10137.50

Table 2.1: Expected and observed moment ratios for the partial correlation sets
of this chapter.

We find here that the fourth moment ratio of the partial correlations calcu-
lated on the Bentink dataset is r = 4.07. For the TCGA dataset, the ratio is
higher, » = 4.96. Higher moments, the sixth and eighth, have proportionally
even higher ratios than the expected values of 15 and 105 (Table 2.1). Each of
these observed ratios is larger than expected by chance (p < 0.05).

These "heavy tails’ could represent true interactions between miRNAs and
mRNAs. Negative correlations could result from a miRNA repressing its target
directly or indirectly, whereas positive correlations could represent only indirect

regulatory relationship — an undetected true mRNA target message that pro-
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duces a protein product repressing transcription of another gene, for instance. A
strong positive correlation could also represent the regulation of the mRNA and
miRNA by a common third actor, such as co-transcription.

This excess of positive and negative correlations could result from biologi-
cally relevant interactions among the molecules. It is encouraging that both the
TCGA and Bentink datasets show similar trends in correlation coefficient dis-
tribution: they both include a larger number of large positive correlations than
expected in a normal distribution. The TCGA dataset also shows a larger num-
ber of large-negative correlations than would be expected by chance, however the
Bentink dataset does not. This may be simply because the Bentink dataset is
smaller, or because those correlations are not detectable in the dataset. These
findings show that the two datasets have some consistency, and that there is
meaningful information in the data beyond noise; there is a relationship between
the miRNA and mRNA expression values and that relationship is easier to detect
(the moment ratios are larger) in the larger TCGA dataset.

In order to determine whether one dataset simply had larger partial correla-
tions, overall, than the other, we matched miRNA-mRNA pairs from each dataset
and plotted the partial correlations (Figure 2.2). We find that the correlations
are clustered around the line of identity, indicating, again, that the distributions
of correlations are similar and that pairs tend to have similar correlations in both
datasets. This clustering, however, is not perfect; even qualitatively we can see
that the TCGA dataset has a wider spread of partial correlations.

The sheer number of miRNA-mRNA pairs visualized here makes examining
these relationships difficult, so next we sought to reduce the search space of

possible combinations by using miRNA target prediction tools.
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miRNA-mRNA partial correlations in Bentink and TCGA datasets
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Figure 2.2: Correlation of miRNA-mRNA pairs measured in both the Bentink
and TCGA datasets.

2.2.2 Predicted miRNA-targets have similar partial cor-

relation profile to all possible targets

We expect a relatively small number of valid molecular interactions occurring
within the cell. Of the 9,249,607 possible combinations of species interactions,
only a portion are likely to be occurring at any given time. In addition, most
miRNAs are thought to target only a subset of messages in the cell (between 6

and 2191, as reported by the PITA target prediction tool). To somewhat shrink
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our search space, we restricted our correlation calculations to predicted target
interaction pairs. We used the PITA target-prediction tool, described in Chapter
1 and by Kertesz et al. [91], to identify 85,886 (Bentink) and 197,223 (TCGA)
miRNA-mRNA interaction pairs. We calculated partial correlation coefficients
for the expression profiles of these pairs (Figure 2.3a and c¢). Again, the charac-
teristic S-shaped curve appears; this correlation distribution also includes more
large positive and large negative correlations than a normal distribution of the
same mean and standard deviation.

We see again that while the Bentink dataset has only a very small curve to
its Q-Q plot, the TCGA dataset has a more distinct S-curve. In assessing both
of these correlation sets — the complete all vs. all partial correlations (Figure
2.1) and the filtered set of only PITA-predicted correlations (Figure 2.3) — we
observe the same pattern: more large positive and negative partial correlations
are present than would be expected in a normal distribution of the same mean and
standard deviation, in both datasets. The moment ratios for these distributions
are similar to the non-filtered partial correlation distributions (Bentink unfiltered
4.07 vs. filtered 4.06, TCGA unfiltered ratio: 4.96 vs. filtered 5.21). We conclude,
therefore that retaining only predicted target pairs is not particularly helpful
for our analysis. Further work in this chapter is not filtered based on target

prediction algorithms.
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Target-Predicted miRNA-mRNA pair expression correlation .
Bentink dataset Partial Correlation coefficients
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Figure 2.3: a) Distribution of partial correlation coefficients of expression values
in the Bentink dataset, of all PITA-predicted miRNA-mRNA pairs. b) Q-Q plot
of distribution in a, against a normal distribution of the same mean and standard
deviation. ¢) Distribution of partial correlation coefficients of expression values
in the TCGA dataset of all PITA-predicted miRNA-mRNA pairs. d) Q-Q plot
of distribution in ¢, against a normal distribution of the same mean and standard
deviation.

2.2.3 Correlation of miRNA and mRNA expression are

driven in part by co-location on the chromosome.

The large number of highly positively correlated mRNA-miRNA pairs attracted

our attention. An informal look at these high-correlation pairs (Tables A.1 and
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A.2) results in a few observations. First, several of the mRNA-miRNA pairs are
co-located on the chromosome; miR-196b is encoded within the HOXA9 gene,
miR-~224 is encoded in an intron of GABRE on the X chromosome, and miR-
10a is encoded within the HOXB3 gene’s intron 1 on Chromosome 17. It has
previously been shown that the expression profiles of miRNAs encoded within an
intron are positively correlated with the expression profile of that gene [20]; some
proportion of the large positively-correlated pairs may be due to an enrichment of
miRNAs co-located with a mRNA. This is a common arrangement for miRNAs,
leading to simultaneous transcription of both miRNA and mRNA and highly
correlated expression profiles [20]. miRNAs encoded near a gene but not within
its intron could be affected by locus-sensitive effects, such as methylation, histone
acetylation or chromosomal lesions.

These common themes across the two datasets are encouraging; they indicate
that biological information is present in these data, and that the information is
consistent across the two datasets. This is an important characteristic for future

analyses.

2.2.4 Co-located miRNA-mRNA pairs do not account for

excess large-positive partial correlations

As we are interested in the regulatory activities of miRNAs, we removed from our
analysis those miRNA-mRNA pairs that are located close together on the chro-
mosome. If co-located pairs are the source of the large number of positive corre-
lations, removing these pairs would reduce the magnitude of the right-hand-side

tail in our correlation distribution while preserving the correlation coefficients of
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many miRNA-mRNA interactions mediated by direct miRNA repression.

Expression Correlation of Hon-colocated miRHA-mRMNA pair (Bentink dataset)
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Figure 2.4: a) Distribution of miRNA-mRNA correlations in the Bentink dataset
with miRNA-mRNA pairs separated by at least 10,000kb. b) Q-Q plot of those
correlations, against a randomly-generated normal distribution of the same mean
and standard deviation. ¢) Q-Q plot of those correlations against the unfiltered
correlations.

All correlations calculated for the miRNA-mRNA pairs located within 10,000kb
of one another were removed from the analysis (miRNA annotation from mirbase,
[2, 65, 66]; mRNA annotation from Bioconductor [62]). The cutoff of 10,000kb
was chosen because it is far greater than the length of the largest human genes

(72,000kb, [157]), and is long enough to include large swaths of upstream pro-
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Partial Expression Correlation of Non-colocated miRNA-mRNA pair (TCGA dataset)
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Figure 2.5: a Distribution of miRNA-mRNA correlations in the TCGA dataset
with miRNA-mRNA pairs separated by at least 10,000kb. b) Q-Q plot of those
correlations, against a normal distribution of the same mean and standard devi-
ation. ¢) Q-Q plot of those correlations against the unfiltered correlations.

moter sequences as well. Therefore this length would ensure that pairs including
a mRNA and a miRNA encoded within its intronic region would be removed.
This window will remove pairs that share a methylation state as well; methyla-
tion depletion domains are typically around 4kb in size [128] and CpG islands of
enriched methylation are even smaller, around 300bp [1].

Further, miRNA-mRNA pairs containing one or more members with missing

locus information were also removed, leaving only miRNA-mRNA pairs anno-
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tated with locations separated by at least 10,000kb. A total of 9,876 pairs were
removed from the Bentink dataset and 14,723 from the TCGA dataset. This
filtered set of correlation coefficients (Figures 2.4a/b and 2.5a/b) has an appar-
ently identical distribution to the unfiltered set, an unsurprising finding given the
small number of miRNA-mRNA pairs removed, compared to the total number
of pairs.

We see that the fourth moment ratio is reduced by the removal of the closely-
located miRNA-mRNA pairs, from 4.1 to 4 in the Bentink dataset, and from 5
to 4.6 in the TCGA dataset. This reduction in moment ratio is also apparent
when the sixth and eighth moment ratios are calculated, (Bentink 6th moment
changes from 61 to 60, Bentink 8th: 4979 to 4720, TCGA 6th: 192 to 137, TCGA
8th: 50966 to 33503, Table 2.1). While these ratios are lower than the ratios for
the unfiltered partial correlations, they are still higher than the expected values,
indicating heavier tails than a normal distribution (p < 0.05).

The top positively- and negatively-correlated pairs removed from the datsets
are summarized in Tables A.3 through A.6. We find the large positively corre-
lated pairs to be dominated by homeobox (HOX) genes paired with miR-~10a/b
and miR-196b. These pairs are, indeed, encoded in overlapping regions, miR-
10a being encoded within the intron of HOX6B, for instance. The negatively
correlated pairs are not dominated by such genes, and have less extreme partial
correlations than the positively-correlated pairs (Bentink largest positive: 0.011,
TCGA largest positive: 0.02, Bentink largest negative: —0.0054, TCGA largest
negative: —0.0052).

While the removal of these pairs does somewhat reduce the size of the heavy

positive tail, it does not remove it entirely. We conclude that the excess large-
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positive correlation coefficients are not mainly due to miRNA-mRNA pairs lo-
cated within 10,000kb of each other on the chromosome, which are presumably
affected by location-specific effects, such as co-translation, localized methylation

or deletions/amplifications.

2.2.5 Biological consistency in miRNA-mRNA pairs with

large negative correlation coefficients

As we are most interested in direct regulation of mRNAs by miRNAs, we looked
more closely at the strongly negatively correlated miRNA-mRNA pairs in the
left-hand tail of the correlation distribution. We examined the pairs of miRNAs
and mRNAs with large negative expression profile correlation (Tables A.7 and
A.8). We found a common set of miRNAs, miR-141, miR-200¢, miR~629, miR-
553, miR-606, and miR-~302b (Tables A.7 and A.8) highly anti-correlated with
mRNAs in both datasets. The genes were not common across datasets.

miRNAs 141 and 200c are members of a well-known family with a role in the
epithelial mesenchymal transition, implicated in ovarian and and other female
reproductive cancers [116, 132, 41, 13]. miR-200c is anticorrelated in the TCGA
dataset with BCAS1, a gene amplified in a variety of tumor types [11]. The
miRNA is anticorrelated with a puzzling gene in the Bentink datset, however;
NPPB, a cardiac hormone implecated in cardiovascular homeostasis [71]. miR-
141 is also anticorrelated with NPPB in the Bentink datset, as well as TM4SF4,
a trans-membrane signaling protein implicated in liver metastasis [78] and with
Fibroblast Growth Factor (FGF2), a well-known player in cancer invasion [103],
in the TCGA dataset.
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miRNAs 629 and 606 were discovered in a colorectal cell line, but little else
is known about them[46]. In our data, miR-606 is anticorreleated with HR in
the Bentink dataset and IKZF1 in the TCGA dataset. miR-629 is anticorrelated
with MFSD11, a mostly uncharacterized gene, in the Bentink dataset and TLE1,
implicated in synovial sarcoma [145], in the TCGA dataset.

These findings are encouraging in that they suggest a reasonable biological
story may exist in the correlation data of these samples. A further examination
of the individual genes and miRNAs will occur in Chapter 3. For the remainder
of this chapter this set of correlation calculations for all possible miRNA-mRNA

pairs separated by at least 10,000kb is investigated.

2.2.6 miRNA-mRNA correlation of predicted miRNA-
mRNA target pairs is not dependent on median

mRNA expression.

Having determined that some miRNA-mRNA transcription profile relationships
are detectable at the transcriptional level, we hope to uncover additional patterns
in miRNA-mRNA correlation. One possible pattern that could be uncovered in
the data is a connection between correlation of miRNA-mRNA pairs and the ex-
pression levels of the molecules. For instance, highly-expressed miRNAs may be
more effective at regulating their targets than lowly-expressed miRNAs. In addi-
tion, it may be the case that miRNA-based regulation of gene expression is not
detectable if concentrations of the target mRNA are too high; an over-saturation
of target molecules may overwhelm the capacity of miRNAs to downregulate

their targets. The miRNA may not, in that case, be present in sufficient quan-
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miRNA-mRNA expression correlation, high and lowly-expressed mRNA (Bentink dataset)
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Figure 2.6: Partial correlations broken down by mRNA expression values for
the Bentink dataset. a) Median mRNA expression values vs. partial correlation
of miRNAs with their predicted targets. Each point represents a single mRNA-
miRNA predicted pair. The majority of the points are shown as a cloud (light
blue). b) Comparison of the distribution of partial correlation coefficients for all
non-collocated miRNA-mRNA in the Bentink dataset, against a normal distribu-
tion of the same mean and standard deviation. ¢) Comparison of the distribution
of partial correlation coefficients for the high-expression (mean mRNA expression
> 8.5) non-collocated miRNA-mRNA pairs in the Bentink dataset. d) Compari-
son of the distribution of partial correlations for the low-expression (mean mRNA
expression < 8.5) non-collocated miRNA-mRNA pairs in the Bentink dataset.

tity to affect the concentration of target messages in the cell. In the next two

sections, we examine the change in distribution of correlation coefficients for
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miRNA-mRNA partial correlation, high and lowly-expressed mRNA (TCGA dataset)
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Figure 2.7: Partial correlations broken down by mRNA expression values for
the TCGA dataset. a) Median mRNA expression values vs. partial correlation
of miRNAs with their predicted targets. Each point represents a single mRNA-
miRNA predicted pair. The majority of the points are shown as a cloud (light
blue). b) Comparison of the distribution of partial correlation coefficients for
all non-collocated miRNA-mRNA pairs in the TCGA dataset, against a normal
distribution of the same mean and standard deviation. ¢) Comparison of the dis-
tribution of partial correlation coefficients for the high-expression (mean mRNA
expression > 7.4) non-collocated miRNA-mRNA pairs in the TCGA dataset.
d) Comparison of the distribution of partial correlation coefficients for the low-
expression (mean mRNA expression < 7.4) non-collocated miRNA-mRNA pairs
in the TCGA dataset.

miRNA-mRNA pairs when one member of that pair is expressed at higher or

lower levels.
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Multiple miRNAs often bind the 3’'UTR of target messages, with more bound
copies resulting in greater repression [96, 74]. We suppose that highly-expressed
mRNAs may be affected less by miRNA-mediated repression than lowly-expressed
mRNAs, since an mRNA species with few copies present in the cell could be
bound by an miRNA in multiples with fewer miRNAs.

We examined mRNA target expression vs. partial correlation of profiles in the
Bentink and TCGA datasets (Figures 2.6a and 2.7a, respectively). Each point
represents a single miRNA-mRNA pair. The points center around r = —1.6e —
05 (Bentink) and r = 0.00031 (TCGA) and are approximately symmetrically
distributed. In these figures the slightly larger number of points on the right-
hand side of the plot seems to be evenly distributed across all mRNA expression
levels.

Q-Q plots comparing high-expression mRNAs (above the median, Figures
2.6¢ and 2.7¢) versus the whole population have heavier tails than the normal
distribution (fourth moment ratio 3.7 and 4.5, respectively), but have lighter tails
than the distribution of all partial correlations, which are 4 and 4.6, respectively
(Table 2.1). A similar pattern is evident for low-expression mRNAs (below the
median, Figures 2.6d and 2.7d). The fourth moment ratio for low-expression

Bentink pairs is 4.2 and the ratio for TCGA is 4.4.
mRNA /miRNA expression correlation is not dependent upon miRNA
expression level

Having found no difference in miRNA-mRNA expression correlation between
high-expression and low-expression target mRNAs, we looked at the influence of

miRNA expression level on miRNA-mRNA expression correlation. There may
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be several reasons why miRNA concentration affects miRNA-mRNA expression
correlation profiles in these data. It may be that lowly-expressed miRNAs are
unable to exert a detectable effect upon gene expression. They may not function
unless present in sufficient quantity to affect the concentration of target message
in the cell. We may expect miRNA with higher expression levels to have a greater
activity; more miRNAs in the cell can bind and suppress more targets.

We again compared partial correlation coefficients for miRNA-mRNA pairs
located at least 10,000kb apart to the median expression level of the miRNA
(Figures 2.8a and 2.9a). To determine whether high miRNA expression caused
more repressive effects, we examined the miRNA-mRNA partial correlation dis-
tribution for highly- and lowly- expressed miRNAs, as measured by their median
expression level (Figures 2.8a and 2.9a). The median expression values are cen-
tered around p = —0.0011 with a standard deviation of 6% = 0.03. The TCGA
data have an average partial correlation of ;4 = —8.5e—06 and standard deviation
of 0% = 3.4e — 05.

We see little change in the distribution of partial correlations when the dataset
is filtered to retain only high- or low- expression miRNAs. The fourth moment
ratios for these distributions are changed somewhat, from 4 to 3.7 for the high
miRNAs in the Bentink dataset (Figure 2.8¢c), and from 4.6 to 4.7 in the TCGA
dataset (Figure 2.9¢). The low-expression miRNAs are similar, moving from 4
in the entire set of partial correlations to 4.2 in the Bentink dataset (Figure
2.8d) and from 4.6 to 4.5 in the TCGA dataset (Figure 2.9d). All moment ratios
for these datasets are summarized in Table 2.1. Again, further restricting the
subset of miRNAs examined to those of more extreme expression level (the top

or bottom 5%, for instance) may reveal more consistent patterns. This, as well,
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Figure 2.8: Partial correlations broken down by miRNA expression values for the
Bentink dataset. a) Median miRNA expression values vs. correlation of miRNAs
with their predicted targets. Each point represents a single mRNA-miRNA pre-
dicted pair. The majority of the points are shown as a cloud (light blue). b)
Correlation of all possible miRNA-mRNA pairs at least 10,000kb apart on the
chromosome, compared to a normal distribution of the same mean and standard
deviation. ¢) Comparison of the distribution of correlation coefficients for the
high-expression (mean miRNA expression > 10) non-collocated miRNA-mRNA
pairs in the TCGA dataset. d) Comparison of the distribution of correlation co-
efficients for the low-expression (mean miRNA expression < 10) non-collocated
miRNA-mRNA pairs in the TCGA dataset.

is left for future research.
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Figure 2.9:  Correlations broken down by miRNA expression values for the
TCGA dataset. a) Median miRNA expression values vs. correlation of miRNAs
with their predicted targets. Each point represents a single mRNA-miRNA pre-
dicted pair. The majority of the points are shown as a cloud (light blue). b)
Correlation of all possible miRNA-mRNA pairs at least 10,000kb apart on the
chromosome, compared to a normal distribution of the same mean and standard
deviation. ¢) Comparison of the distribution of correlation coefficients for the
high-expression (mean miRNA expression > 6) non-collocated miRNA-mRNA
pairs in the TCGA dataset. d) Comparison of the distribution of correlation
coefficients for the low-expression (mean miRNA expression < 6) non-collocated
miRNA-mRNA pairs in the TCGA dataset.
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2.2.7 Similar patterns of correlation in two molecular sub-

types

The two ovarian molecular subtypes described by Bentink et al. [15] and summa-
rized in Chapter 1 have distinct survival profiles and molecular phenotypes. The
smaller of the two groups, consisting of about one-third of the total population of
samples (33 samples from the Bentink dataset and 181 from the TCGA dataset)
are characterized by an up-regulation of angiogenesis and extracellular matrix-
associated genes, and a poorer prognosis. The non-angiogenic subtype comprises
the remaining two-thirds of the samples (96 and 321, respectively) and has a
relative upregulation of DNA repair and transcription-related genes. These two
subtypes are discussed further in Chapter 3, however we briefly examine their
correlation structure here.

If these subtypes have genuinely different molecular mechanisms of disease or
tumor progression, those mechanisms are likely to include differences in miRNA
activity or expression, as well. miRNA repression of target genes leading to
anticorrelation of expression profiles in only one subtype may be lost when the
samples of that subtype are pooled with others that lack this relationship. There-
fore, we will examine the two subtypes separately.

We divided each dataset into two groups, one consisting of the samples from
the angiogenic subtype and the other containing the non-angiogenic subtype.
We calculated partial correlation coefficients for the miRNA and mRNA profiles
within each subtype and examined their distribution. Figures 2.10a and 2.10c
show the partial correlation across the samples of the angiogenic subtype in both

the Bentink and TCGA datasets. In the angiogenic subtype for both datasets we
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Figure 2.10:  Partial correlation distributions for miRNA-mRNA expression
profile pairs in the angiogenic subtype of the TCGA and Bentink Datasets. a)
Distribution of partial correlations for all possible miRNA-mRNA pairs in the
angiogenic subtype, Bentink dataset, located at least 10,000kb apart. b) Q-Q
comparison of the same distribution against a normal distribution of the same
mean and standard deviation. c¢) Distribution of partial correlations for all pos-
sible miRNA-mRNA pairs in the angiogenic subtype, TCGA dataset, located
at least 10,000kb apart. d) Q-Q comparison of the same distribution against a
normal distribution of the same mean and standard deviation.

observe an excess of large-positive and large-negative partial correlations relative
to a normal distribution. The moment ratios of these distributions support this

conclusion, each being larger than the expected value by a significant margin

(Table 2.1, p < 0.05).
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Figure 2.11:  Partial correlation distributions for mRNA-miRNA expression
profile pairs in the non-angiogenic subtype of the Bentink and TCGA Datasets.
a) Distribution of partial correlations for all possible miRNA-mRNA pairs in the
non-angiogenic subtype, Bentink dataset, located at least 10,000kb apart. b)
Q-Q comparison of the same distribution against a normal distribution of the
same mean and standard deviation. c¢) Distribution of partial correlations for
all possible miRNA-mRNA pairs in the non-angiogenic subtype, TCGA dataset,
located at least 10,000kb apart. d) Q-Q comparison of the same distribution
against a normal distribution of the same mean and standard deviation.

Figures 2.10b and 2.10d show the correlation distribution compared to a nor-
mal distribution of the same mean and standard deviation. The correlation distri-
bution and Q-Q plot comparison to a normal distribution for the non-angiogenic

subtype are shown in Figures 2.11a and b and 2.11c¢ and d.
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The fourth moment ratio of the angiogenic subtype is 3.4 in the Bentink
dataset and 3.9 in the TCGA dataset. Again, these and the higher moment
ratios are significantly higher than expected by chance (p < 0.05). The non-
angiogenic dataset is similar, with larger fourth, sixth and eighth moment ratios

than expected for a normal distribution (Table 2.1, p < 0.05).

2.2.8 Testing differentially expressed miRNAs for corre-

lation enrichment.

One of the important characteristics of these two reported molecular subtypes is
the specific set of miRNAs that are differentially expressed between them. We
presumed that these differentially-expressed miRNAs were possible candidates
for functional contributors to the differences in molecular phenotype. If they are,
indeed, regulatory controllers of some aspect of the molecular difference between
the two subtypes they may have a different correlation profile between the two
subtypes. Therefore, we have added markers for the differentially expressed
miRNAs.

We recalculated the differentially expressed miRNAs using Significance Anal-
ysis of Microarrays (SAM) using an FDR of 5%. This resulted in a list of 57
miRNAs. We compared the distribution of median correlation coefficients of the
differentially expressed miRNAs to the distribution of partial correlation coeffi-
cients of each of the two molecular subtypes (Figures 2.12 and 2.13). The vertical
lines mark the correlation coefficients of the differentially expressed miRNAs with
their predicted targets. They do not appear to be normally distributed around

r = 0, and are statistically offset relative to the background of all coefficients in
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Figure 2.12:  Distribution of median partial correlation coefficients for each
subtype, marked with the median partial correlation of differentially expressed
miRNAs between the two subtypes. a) Median partial correlation of miRNAs
in the Bentink dataset, angiogenic subtype. b) Median partial correlation of
miRNAs in the Bentink dataset, non-angiogenic subtype.
the angiogenic subtype (Kendall rank test, Bentink: p = 0.003, 7 = 0.12, TCGA:
p = 0.0033, 7 = —0.19).

When comparing the distribution in the non-angiogenic subtype, however, we
find no significant association between the ranked list of differentially expressed

miRNAs and the ranking of miRNAs anticorrelated with genes (Kendall rank

test, Bentink: p = 0.19, 7 = —0.053, TCGA: p = 0.53, 7 = 0.04), indicating
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Figure 2.13:  Distribution of median partial correlation coefficients for each
subtype, marked with the median partial correlation of differentially expressed
miRNAs between the two subtypes. a) Median partial correlation of miRNAs in
the TCGA dataset, angiogenic subtype. b) Median partial correlation of miRNAs
in the TCGA dataset, non-angiogenic subtype.

that the expression profiles of the classifier miRNAs are not more significantly

correlated with mRNAs than the non-classifier miRNAs are.
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2.3 Conclusions and future work

Here we have examined the relationship between mRNA and miRNA expression
profiles in two high-grade serous ovarian cancer datasets. We had hoped to find a
pattern of miRNA-mRNA pair expression that suggested some regulation of gene
expression by miRNAs observable at the transcriptional level. We find that some
relationships do exist and are detectable in these microarray datasets. We were
also reassured that the datasets had similarity in their distribution of miRNA-
mRNA correlation: we found similarities in the targets of the anti-correlated
miRNA-mRNA pairs, for instance. If these pairs were dramatically different we
would be concerned that their results are not compatible and that findings in one
dataset would not be generalizable to the other, and certainly not to the larger
population of ovarian cancer patients.

We have observed several patterns in the relationship of miRNA and mRNA
expression profiles: first, that a larger number of large positive correlations exist
than would be expected by chance in both datasets. A larger number of negative
correlations than would be expected in a normal distribution are present in both
datsets, as well. Some of these large positive correlations are accounted for by
mRNA-miRNA pairs encoded on the same chromosome, and therefore likely to
be either translated together, in the case of intronic miRNAs, or affected by
the same chromosomal lesions. Once the collocated miRNA-mRNA pairs are
removed, the remainder of the correlation distribution retains a larger number of
large positive correlations than is expected in a normal distribution.

We have found that co-location with a range of 10,000kb is not the only

reason for this large positive tail. Expanding that range may reveal that the
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large tail is a result of larger location-specific effects other than co-translation —
large deletions, for example.

We have found some consistency in the biological characteristics of the two
datasets. The top positively correlated mRNA-miRNA pairs in the two datasets
are similar; a few are identical and the functional enrichments of the genes is
comparable. Many of the same miRNAs and mRNAs appear in the top-ranked
positive and negative correlation pairs.

We hypothesized that miRNAs with higher expression may show a stronger
regulatory effect on targets than lowly expressed miRNAs. Upon examination of
expression correlation profiles for highly-expressed and lowly-expressed miRNAs,
however, we found no such difference in correlation. We also hypothesized that
lowly-expressed mRNAs may be more affected by miRNA regulation than highly-
expressed mRNAs. We found little evidence for this, as well. Either of these
observations may not have been possible, again, because of the large number of
measurements at hand compared to the likely number of true miRNA-mRNA
suppression relationships present in the data. It seems reasonable that further
analysis of perhaps the top five or ten percent of the most highly-expressed or
low-expressed miRNAs may reveal differences. It is also worth remembering
that some miRNA regulatory activity will occur at the translational level, and
therefore will not be detectable in our transcript-only data.

We have verified in these data the observation of Blower et al. [20]; predicted
mRNA-miRNA pairs do not have a different correlation distribution than random
pairs, or in our case, all possible pairs. This observation may simply be due to the
poor performance of miRNA target prediction technology. Another contributing

factor may be that, whatever the strength of the predicted interaction between
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miRNA and mRNA, if one of the molecules is not produced in the tissue sample
being measured, correlation between them would be near zero. We could look for
further relationships in predicted-target pairs by restricting the set of predicted
targets examined. For instance, the PITA prediction algorithm provides a score
for each mRNA-miRNA pair; choosing a score cutoff that results in a very small
(= 50) number of predicted pairs would ensure that only extremely strongly
predicted interactions would be included in the analysis. This may result in a
greater connection between expression and profiles. Other prediction tools may
also prove to select highly anti-correlated pairs better. A possible approach to
addressing the limitations of the currently available prediction tools would be
to limit our analysis to only verified miRNA-gene interactions. However, the
currently validated set of these interactions is very small, at 1094 verified pairs,
as of this writing [137].

The findings of Blower and colleagues are further verified by our finding that a
“long tail” of highly positively correlated mRNA-miRNA pairs includes miRNAs
and mRNAs encoded in close proximity on the chromosome. This proximity
could lead to related expression patterns for a variety of reasons. For instance,
chromosomal lesions could affect the loci together, leading to a common pattern
of repression. Similarly, duplications, hyper- or hypo-methylation or histone
activation are location-specific events that would affect closely-located genes in
similar ways. While we cannot determine from these data what type of location-
specific effect is at work, we have shown that there is such an effect.

These analyses have met the goals set out at the beginning of this chapter;
we find consistency between the datasets and interesting, biologically relevant

information in the relationships between their miRNA and mRNA expression
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profiles. We have established that meaningful consistency exists between the
datasets and that they are therefore suitable for further analysis.

We are particularly encouraged by the consistency of correlation distributions
in the angiogenic subtype in these two separate datasets. A strong pattern of
positive and negative partial correlation exists in both subtypes, and is consistent
between datasets. We find, however, that only in the angiogenic subtype is
the ranking of differentially expressed miRNAs significantly associated with the
partial correlation rank of those miRNAs with mRNA partners. As discussed
further in Chapters 3 and 4, it seems that this subtype is a homogeneous and
distinct molecular phenotype, whereas the non-angiogenic subtype represents,
instead, a heterogenous collection of “all the rest” of the subtypes.

We find some inconsistencies in the data as well; no miRNA-mRNA pairs are
consistent across the top 30 pairs of the two datasets. The two datasets were
collected with different array platforms; their probe types differ, as well as the
miRNA populations the arrays were designed to measure.

In Chapter 3, we continue to investigate the relationship between miRNA
expression and gene expression and how that relationship differs between the

two subtypes of serous ovarian cancer.
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Chapter 3

Characterization of miRNASs in

two ovarian subtypes

3.1 Introduction

Several groups have attempted to segregate serous ovarian cancer into molecu-
lar subtypes. Tothill et al. [153] first used gene expression measurements to
describe subtypes of serous ovarian cancer. Their C1 subtype, identified with
k-means clustering of gene expression data, is characterized by poor survival and
an up-regulation of stromal and immune gene signatures relative to the other sub-
types. The TCGA consortium later reported an additional sample classification
of ovarian cancers using gene and microRNA expression data [149]. Non-negative
matrix factorization of the gene expression data resulted in four subtypes, labeled
by the consortium as immunoreactive, differentiated, proliferative and mesenchy-
mal.

The work of Bentink et al., covered in Chapter 1, built upon these prior
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subtype classifications to divide high grade serous carcinoma into two molecular
phenotypes - the angiogenic and the non-angiogenic subtypes. The angiogenic
subtype is characterized by an up-regulation of genes related to angiogenesis, cell
adhesion and the extracellular matrix, and a relative down-regulation of DNA
binding-related genes [15]. The subtype is largely concordant with the C1 or
"reactive stroma” subtype described by Tothill et al. [153] and with the "mes-
enchymal” and "immunoreactive” subtypes described by the TCGA consortium
[149]. The 100-gene classifier used to identify these subtypes was validated in
ten additional ovarian cancer datasets and is significantly associated with overall
survival.

Bentink et al. used miRNA expression data to further validate their angio-
genic and non-angiogenic subtypes, creating a miRNA signature that classified
the subtypes with low misclassification rates (0.091% misclassification rate for
the angiogenic subtype, 0.17% for non-angiogenic) [15]. This classifier consists of
six miRNAs, hsa-miR-202, hsa-miR-202*, hsa-miR-506, hsa-miR-508, hsa-miR-
509, and hsa-miR-514. Because miRNAs seem to be involved in all phases of
cancer development and progression, we expect to find that the molecules play
a causal role in the differential development, spread, or metastasis of these two
molecular subtypes. Here we further investigate the role of miRNAs in the molec-
ular biology of these two subtypes by investigating the patterns of expression and
activity and the relationship of those measurements to gene expression profiles.

Direct measurement of miRNA expression is not the only means we use to
study the effects of miRNA action on the cell; in tumors, it is sometimes the re-
duction in mature, processed miRNA molecules. The disruption of miRNA action

in the cell seems be due to miRNA processing systems (proteins such as Dicerl,
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DGCRS and Drosha) [97]. Therefore, direct measurement of miRNA expression
may not be all that useful in determining whether miRNA action is broken. Since
approximately 80% of protein down-regulation caused by miRNAs happens as a
result of transcript destabilization rather than translational repression [67], the
disruption of miRNA maturation should be observable by measurement of target
transcript levels. This is why the RE score method proposed by Cheng et al. is
so useful.

Cheng et al. [37] reported a global reduction in miRNA activity in ER pos-
itive breast cancer tumors when compared to ER negative tumors. They came
to this conclusion by inferring miRNA activity using measurements of mRNA
expression. Their Regulatory Effect (RE) score compares the averaged ranked
expression levels of predicted miRNA targets, and is described more fully in
Chapter 1.

Our investigation of the involvement of miRNAs in these two subtypes was
again centered on the datasets described previously; two datasets that included
sample-matched miRNA and mRNA expression measurements (TCGA and Bentink),
and the Tothill dataset, which includes only gene expression data. The PITA,
Pictar, Targetscan and mirSVR miRNA target prediction tools, described in
Chapter 1, were used to calculate RE scores for miRNAs on the mRNA expres-
sion data of all three datasets.

We begin our analysis by comparing differences in abundance and regulatory
activity of miRNAs in these two subtypes. We hope to characterize what, if any,
differences in miRNA expression and action exist between the two groups and to
investigate what these differences may tell us about the molecular mechanisms

giving rise to the two subtypes. We hope that this information will lead to a
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better understanding of the molecular underpinnings of ovarian cancer pathology.
We approach the subtypes as if the angiogenic subtype was the true subtype of
interest - the subtype is in concordance with other described subtypes in the
literature, whereas the non-angiogenic subtype seems to be more heterogeneous,
consisting of the "remainder” of all the other samples.

We find that the angiogenic subtype has lower overall miRNA activity than
the non-angiogenic subtype, and a larger number of miRNAs are downregulated
in the angiogenic subtype relative to the non-angiogenic subtype. The expres-
sion of many miRNAs is downregulated in the angiogenic subtype, and suggests
a complete loss of several miRNAs. This cluster of severely down-regulated
miRNAs; the 506-514 cluster, shows strong anticorrelation with a set of genes
enriched for extracellular matrix and angiogenesis functional annotation, and
transcription factor binding sites for several important cancer-related transcrip-
tion factors. Further, the relationship of expression of this miRNA cluster with
its anticorrelated miRNAs suggests a thresholding control pattern common to
miRNAs. We finish the chapter by proposing a mechanism by which the down-
regulation of this miRNA cluster results in the downregulation of miRNA activity
across the angiogenic subtype and the progression of the EMT, leading to the

described phenotype of the angiogenic subtype.
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3.2 Results

3.2.1 Differentially expressed miRNAs.

We first examined the two subtypes by testing the miRNAs for differential expres-
sion. We used Significance Analysis of Microarrays [154], as described in Chapter
2, to identify a complete list of 19 differentially expressed miRNAs (Tables B.1
through B.4), using a false discovery rate of FDR = 0.05.

No overall difference in global miRNA variance was found between the two
sample groups (F-test, p = 0.91). miR-22 was upregulated in the angiogenic
subtype in both datasets (Tables B.1 and B.2). This miRNA is a known tumor
suppressor acting on a regulator of the oncogene ¢-MYC [169] and has been
shown to suppress proliferation in hepatocellular carcinoma [176]. We do not
further investigate this miRNA in this thesis, but its status as a consistently
differentially expressed miRNA and its known links to cancer make it a good

target for future analysis.
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All six of the classifier miRNAs reported by Bentink et al. (miR-202, miR-
202*, miR-506, miR-507, miR-510 and miR-514) have lower expression in the
angiogenic sample group of the Bentink dataset. Additionally, they have signifi-
cantly lower variance in the angiogenic group (F-test, p < 0.05, Figure 3.1, Table
B.3). A similar set of miRNAs is downregulated in the TCGA dataset (Tables
B.3 and B.4). The downregulated miRNAs includes members of the 506-514 clus-
ter. The 506-514 cluster is encoded within separate transcripts in the ~ 100kb
region of band Xq27.3 [16]). More members of the 506 family, miR-510, miR-513,
and miR-~507, are found among the differentially expressed miRNAs in Table B.3.
The nearest known protein-encoding gene to this location is the Fragile X gene
(FMR1). They do not, however, include the 202 and 202* miRNAs. We note
that other members of the hsa-miR-506 family of miRNAs, miR-513, miR-510
and miR-507, are differentially expressed between the subtypes and also have a
significantly lower variance, though they do not appear in the classifier reported
by Bentink et al.. The low microarray expression measurements and their low
variance across the samples of the angiogenic group point to a loss of expression
of the miR-202 and miR-506 miRNA family members.

This cluster of miRNAs is interesting because of its consistent pattern of
deregulation between the subtypes (Figure 3.1), and its location on the X-
chromosome, a common point of lesions in gynecologic cancers [57, 73]. We
will return to these miRNAs later in the chapter. First, however we continue to

examine global miRNA activity.
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3.2.2 Lower miRNA activity in the angiogenic sample

group

The regulatory power of miRNAs depends not only on the amount of miRNA
present in the cell, but also on the functions of other molecules, such as the
miRNA processing machinery and the RISC components. A disruption in these
molecules can mean that miRNAs, however abundant, cannot function to re-
press target messages. Measurements of miRNA target expression can be useful
to gauge a miRNA'’s regulatory effect at the transcript level. Furthermore, while
miRNA-based regulation is sometimes detectable only at the protein, or trans-
lational level, many miRNAs exert their effects on their targets by transcript
destabilization or deadenylation [67, 79].

The Regulatory Effect scoring method of Cheng et al., described in Chapter
1, is one method of using target mRNA expression measurements to indirectly
characterize miRNA activity [37]. The activity of miRNAs is inferred based on
the expression values of predicted-target mRNAs, in comparison to non-targets.
Briefly, the RE score represents the difference in average ranks between target
and non-target genes within a given sample. RE scores are calculated for each
miRNA in each sample, and can be used to compare the relative activity of
miRNAs between samples. The scores are not informative in an absolute sense,
but rather as a comparative measure of miRNA regulation across samples.

We used target prediction data from four target prediction algorithms to
calculate the scores: PITA, Pictar, Targetscan and mirSVR [91, 96, 108, 17].
To identify miRNAs with differential activity between the two groups, we then

compared the scores between the angiogenic and non-angiogenic sample groups,
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Figure 3.2: Distribution of t-statistics resulting from test of RE scores for each
miRNA between the angiogenic and non-angiogenic subtypes. A t-score of t < 0
indicates that a miRNA has a lower RE score in the angiogenic subtype, relative
to the non-angiogenic subtype, whereas a score of ¢t > 0 indicates that the miRNA
has a higher activity in the angiogenic subtype. Each colored line represents t-
statistics calculated for RE scores from a different set of target prediction data:
red: PITA; green: Pictar; blue: Targetscan; purple: mirSVR. a) Bentink dataset.
b) Tothill dataset. ¢) TCGA dataset.

using the latter as the reference. We calculated a t-score as a measurement of the
difference in RE scores between groups (Figure 3.2). A negative t-score indicates
that the miRNA has a lower RE score in the angiogenic group, compared to the

non-angiogenic group, whereas a positive t-score indicates a higher RE score in

the angiogenic group.
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We calculated an empirical p-value for each miRNA by permuting the sample
class membership and repeating the t-test comparing RE scores between the
randomized sample groups, and corrected these p-values with the method of
Benjamini and Hochberg [14]. We retained only miRNAs with a corrected p-
value of p < 0.05. Adopting the terminology of Cheng et al., we call miRNAs
whose RE scores were higher in the angiogenic group positively RE-changing, and
those whose scores were lower in the angiogenic group negatively RE-changing.

We expanded our analysis by recalculating RE scores using three additional
miRNA target prediction tools: Targetscan [107], Pictar [101] and mirSVR [17].
We expected to find differing results, as the predictions made by these tools
do not greatly overlap. Indeed, little agreement exists; no individual miRNAs
were found to be RE-changing when scores were calculated using all four predic-
tion sets using miRNA expression from the Bentink (Tables B.5 and B.7) and
TCGA datasets (Tables B.6 and B.8). As expected, the miRNAs individually
detected as RE-changing were not consistent across prediction tools; no miRNA

is significantly RE-changing across all tools, for either dataset.

Bentink Pos Neg TCGA Pos Neg Tothill Pos Neg

PITA 1 4 62 389 19 602
Pictar 0 15 9 107 2 169
Targetscan 0 0 14 1255 1 1481
mirSVR 0 10 72 614 6 804

Table 3.1: Counts of positive and negative RE-changing miRNAs for the three
datasets, g-value of q<0.05.

We observe many fewer RE-changing miRNAs in the Bentink dataset, com-
pared to the TCGA and Tothill datasets. Two characteristics of the datasets

contribute to this fact; one, the Bentink dataset contains fewer samples than
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either of the other two datasets (129 vs. 502 and 285, respectively). This lower
number of samples means that less statistical power is available for detecting
changes in predicted target expression across the groups of samples. Secondly,
the TCGA and Tothill datasets were collected using Affymetrix whole-genome
arrays, each mapping to approximately 12,000 genes, compared to the 9,000 genes
measured by the Illumina arrays used in the Bentink experiments. This larger
number of gene measurements makes it more likely that an miRNA’s effect on
gene expression is observed in the two Affymetrix-based datasets.

We would expect to see miRNAs with a strong difference in expression to
have differing RE scores, assuming they did have some repressive functions in the
cell. We tested the differentially expressed miRNAs separately for RE-changing
status (reported in the column RFEtest in Tables B.1 - B.4) and found several
to be significantly RE-changing across the subtypes. Few of the miRNAs with
greater expression in the angiogenic subtype had significantly differing RE scores;
only miR-22 had a RE score lower in the angiogenic subtype than in the non-
angiogenic subtype, and only in one of the two datasets.

In contrast, several of the miRNAs with lower expression in the angiogenic
subtype had in addition a significantly lower RE score. miR-514 and 506 had a
lower RE score in the angiogenic subtype of the Bentink dataset, and miR-507,
508 and 509 had lower RE scores in the angiogenic subtype of the TCGA dataset.
These lower activity scores suggest that members of the 506-514 cluster do, in
fact, repress mRNA expression in these samples, and that their repression in the
angiogenic subtype does have some differential effect on gene expression.

In a more global view, one consistent theme among the RE score data is

that for all four target prediction tools and all three datasets, more miRNAs are
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determined to be negatively RE-changing than positively RE-changing (Table
3.1). Furthermore, the number of miRNAs with negative t-scores outnumbers
the count of miRNAs with positive t-scores, in all three datasets and using all
four target prediction tools. These findings are a strong indication that the
miRNAs were, on average, less active in the angiogenic subtype. We do not
expect that this effect is caused by an overall lower expression of the genes in the
non-angiogenic group, as the data were quantile normalized before this analysis.

Cheng et al. observed a similar skew in the distribution of the RE score ¢-
statistic; in their work, ER+ breast cancer samples had a lower RE score than
the ER- samples overall, regardless of the prediction tool used. They found that
the miRNA processing genes DICER and AGO2 were downregulated in the ER+
samples, and attributed the global lower miRNA activity to the lowered action
of these genes.

We supposed that miRNA-processing genes may be similarly downregulated
in the angiogenic subtype, and looked for evidence of this downregulation in the
differential expression results, above. Genes annotated with miRNA-processing
GO terms (listed in Table B.11) were checked for differential expression us-
ing SAM, in the same manner used for differential expression analysis of the
miRNAs (FDR = 0.05). Several of these genes (ZCCHC11) were found to
be downregulated in the angiogenic subtype, including DGCRS, a part of the
miRNA-processing machinery (Table B.14). These six genes were only found to
be differentially expressed in the TCGA data set. It is possible that differential
expression is more difficult to detect in the Bentink dataset, due to its much
smaller sample size. This downregulation of miRNA-processing machinery is

one possible explanation for the repression of miRNA activity in the angiogenic
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subtype.

The complete miRNA processing and RISC-based translational repression
machinery has not yet been completely characterized, so other components of
the pathway may also be affected. Lowered miRNA activity is intriguing, as low
miRNA activity due to impaired miRNA processing has been shown to cause
increased transformation in cancer [97]. This impairment is a potential cause for

the poorer prognosis of the angiogenic subtype.

3.2.3 Switch-like activity describes the relationship be-
tween 506-514 cluster miRN As and their anticorre-

lated genes.

When first examining the repression of the 506-514 cluster of miRNAs, we hy-
pothesized that the cluster was repressed by some location specific means, such
as chromosomal lesions or methylation. Our hypothesis was validated when Bag-
noli et al. [8] reported that the cluster is indeed downregulated by methylation
in ovarian tumors, that the repression of these miRNAs led to an increased inva-
siveness of ovarian cancer cell lines, and that the loss of this cluster was predictive
of shortened time to relapse in ovarian cancer patients.

The 506 family of miRNAs are encoded as multiple separate transcripts in
ChXq27.3, and are expressed in normal testis and conserved as a whole across
primates, and in part in dog, mouse, and rat [16]. A few cancer-related copy
number variations are present in this region, but none include known disease
associations [80]. The family has undergone rapid recent evolution in the primate

family [109, 69, 177].
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One member of the family, miR-514, was found to be associated with ovarian
cancer resistance to chemotherapy [21]. This miRNA is the only family member
normally expressed in ovary, and the only one of the classifier miRNAs having
the property of a higher RE score in the angiogenic subtype, relative to the
non-angiogenic subtype. In addition, miR-514 down-regulation is important for
metastatic colonization in melanoma cells [118].

All of the members of the 506-514 cluster are downregulated in the angiogenic
subtype, relative to the non-angiogenic subtype, though only four (506, 508, 509
and 514) were included in the subtype classifier developed by Bentink et al. To
learn more about the possible effects of the 506-514 cluster of miRNAs in these
samples we revisited the partial correlations calculated in Chapter 2. mRNAs
with expression profiles highly anti-correlated with the expression profiles of the
506-514 cluster miRNAs were tested for significant difference from a background
partial correlations calculated using sample label permutation (one thousand
permutations). We calculated a background distribution of correlations by per-
muting sample labels, recalculating partial correlations one thousand times, then
calculating an empirical p-value using these permutations. These empirical p-
values were corrected using the Benjamini-Hochberg method. Between 7 and 128
mRNAs mRNAs from the Bentink dataset and between 454 and 1170 from the
TCGA dataset were significant at this cutoff. We presume that the large differ-
ence in the number of large negative partial correlation mRNAs in the Bentink
dataset is, again, due to the smaller size of this dataset.

We examined the relationship between miRNAs and the anticorrelated mRNAs!.

IThe initial examination was done by Stefan Bentink. He created an earlier version of the
plots shown in Figure 3.3, in which only the averaged expression value of the top twenty most
anti-correlated mRNAs were compared to mRNA expression values.
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It was not simply the correlation that was important, but the shape of that cor-
relation. We observed a striking relationship between the expression of classifier
miRNAs and the expression of mRNAs that are closely anti-correlated with those
miRNAs. Figure 3.3 illustrates this relationship for four members of the 506-514
cluster, plus one other miRNA unrelated to this study, miR-100, for contrast. In
each graph the expression of one miRNA (y-axis) is plotted against the average
expression of the mRNAs significantly anti-correlated with that miRNA (x-axis).

Each point represents one sample, color-coded according to subtype.
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The relationship between the 506-514 cluster of miRNAs and the mRNAs
most anti-correlated with them follow a striking pattern. When a miRNA is
relatively highly-expressed, the mRNAs that are anticorrelated with that miRNA
are expressed at relatively low levels. However, when the miRNAs expression falls
below a certain threshold, the expression level of anticorrelated mRNAs varies
according to whatever conditions prevail in the cell. Those samples with high
expression of these anticorrelated mRNAs belong to the angiogenic subtype.

Low expression of the 506 cluster of miRNAs is not sufficient to allow mRNA
expression to vary along its full range, but it does seem to be a requirement;
only samples with low miRNA expression have high mRNA expression. Those
patients in which the anticorrelated genes are expressed at high levels seem to
fall within the angiogenic subtype. The presence of the classifier miRNAs may
lock down the expression of some genes, either directly or indirectly. However,
when the miRNAs are not present, those mRNAs are not regulated and are free
to be expressed according to other cellular mechanisms.

One potential weakness of this analysis is that the switch-like effect observed
in Figure 3.3 may be only a coincidental correlation. However, simple anticorre-
lation appearing by chance is much more likely to appear as an oblong cloud in
such a graph, like that observed in Figure 3.3e and j, not a hockey-stick shape as
we observe in Figures 3.3a-d and f-i. If the data were, indeed, distributed ran-
domly along both x and y- axis, (miRNA and mRNA expression, respectively)
and anti-correlated only by chance, we would expect a linear relationship between
the mRNA and miRNA expression values scattering along the main diagonal of
the plot with a negative slope, as is observed in 3.3e and j. Here we observe

instead a discrete change in miRNA expression between the two groups, related
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to a similar discrete change in mRNA expression.

This observation translates well into a model for miRNA regulation of these
mRNAs; when miRNA expression is sufficiently high, mRNA expression is re-
pressed. However, when miRNA expression is low, mRNA expression is free to
vary in response to the prevailing conditions in the cell. This observation is
clear when raw correlation coefficients are used to select the most anticorrelated
mRNAs as well (data not shown). Raw correlations would be a far less compu-
tationally demanding calculation to use, and would perhaps be the better choice
for this method.

The relationship also suggests a few possible directions in which this work
could be taken, both based on using the regulatory control of the 506-514 cluster
explored in Chapter 3. The first possibility is one of supervised learning —
discovering miRNAs with strong activity differences in two classes of samples.
Given two known groups of samples, a simple visual examination of graphs similar
to those shown in Figure 3.3 for all differentially expressed miRNAs would be
enough to allow discovery of miRNAs with switch-like relationships between those
miRNAs and anticorrelated genes. A simple tool such as this could serve as a
hypothesis generator for any set of paired miRNA-mRNA expression data.

A more complex, unsupervised approach would simultaneously allow the dis-
covery of miRNAs with significant potential activity differences and the two
groups across which those differences occurred. This method would first need to
identify miRNAs with the characteristic distribution, perhaps based on the skew
in the distribution of miRNA expression. The samples must then be divided
into two groups: one in which the miRNAs are apparently strongly repressing

mRNA expression (directly or not) and one in which the miRNAs are not doing
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so. The expression level of miRNA is the discriminant used to distinguish these
two groups. This expression level would be set by identifying an inflection point
in the distribution of mRNA expression. One of the challenges of building this
method would be determining how to find that inflection point. Perhaps the
skewed distributions could be modeled as two distinct normal distributions, and
the point of their crossover used as the mRNA expression threshold.

The identification of miRNA switches like this may be of interest for two
reasons. First, we would like to learn which miRNAs have a regulatory effect on
genes within the cell. Note that this regulatory activity need not be direct or
through classical miRNA repression mechanisms; indirect methods of regulation
may be identified in this way. Second, this method would allow classification of
samples into groups based on the action and non-action of one or more miRNAs,
rather than mRNAs. A miRNA-based classifier may uncover new subtypes in
ovarian cancer, and may be generalizable to other diseases. Therefore, we next

investigated these anti-correlated mRNAs themselves.

3.2.4 Genes anti-correlated with the 506-514 miRNA clus-
ter are enriched for ECM genes and some transcrip-

tion factors.

The significantly anti-correlated mRNAs were tested for enrichment of func-
tional annotations using the DAVID algorithm [47]. The Bentink anti-correlated
mRNAs map to 2508 gene symbols and the TCGA to CDH2 (Tables B.9 and
B.10). These genes overlap considerably; 52% of the Bentink genes appear in the

TCGA list as well. The anti-correlated mRNAs in both datasets are enriched for
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extracellular matrix and cell adhesion terms such as extracellular region, extracel-
lular space, cell adhesion, glycoprotein, and cell membrane (Tables B.1 and B.2).
Also included were cell motility terms such as localization of cell, cell motility and
positive requlation of cell motion. These terms agree well with those associated
with the 100 classifier genes used by Bentink et al. to distinguish the angiogenic
subtype from the non-angiogenic subtype.

As X-linked genes are often important to ovarian cancer and other gyneco-
logic cancers, we sought more connections to the X chromosome. We found no
representation of genes on the X chromosome among the anticorrelated mRNAs,
nor enrichment of X-chromosome located genes in the differentially expressed
mRNAs, the predicted PITA targets of the selected miRNAs, or the Pita-predicted
RE-changing miRNAs.

3.2.5 Within the 506-514 Cluster, miR-506 and miR-507

appear to be active.

We tested the Pita, Targetscan and mirSVR-predicted targets of each mem-
ber of the 506-514 cluster for greater anti-correlation than non-predicted tar-
gets (the Pictar tool does not provide predictions for the 506-514 cluster). Of
the cluster members, only miR-506 and miR-507 showed significant differences
in anti-correlation between target and non-target genes, for some of the target
prediction tools: miR-506 targets were significantly more anti-correlated in the
Bentink dataset (t-test, PITA p = 5.0e — 5, Targetscan p = 0.02) but not in the
TCGA dataset. No target predictions for miR-506 were available in the mirSVR

dataset.
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miR-507 targets were significantly more anti-correlated in both datasets (Bentink:

Targetscan, p = 0.04, mirSVR p = 0.03, TCGA: Targetscan, p = 0.011). None
of the other miRNAs showed significant enrichment for predicted targets when
tested with any of the prediction tools. This suggests that it is these miRNAs,
rather than the cluster as a whole, that have a functional effect on gene expres-
sion in these data. The other miRNAs may then show their switch-like effect

simply because of their strong correlation with the other miRNAs in the cluster.

3.2.6 Anti-correlated mRNAs are enriched for a common
set of binding sites for cancer-related transcription

factors.

We cannot simply explain the anticorrelation of gene expression and miRNA ex-
pression with direct miRNA-based repression alone; approximately half of the
anticorrelated genes are not predicted targets of the 506-514 cluster. We in-
vestigated the possibility that transcription factors may be responsible for the
indirect regulation of the remainder of the anticorrelated genes. A transcription
factor repressed by the 506-514 family would be translated in greater amount in
samples with low 506-514 expression, leading to the up-regulation of its targets.
Transcription factor binding sites are detectable by computational and experi-
mental means and have been cataloged extensively in databases like JASPAR
and TRANSFAC.

The anti-correlated mRNAs were tested for enrichment of transcription factor

binding sites (Pscan [175], JASPAR database). Significant enrichment of binding
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sites in the anti-correlated mRNAs in the Bentink (9) and TCGA (19) overlapped
by 23 transcription factors (Tables B.12 and B.13).

Several of these transcription factors are predicted to be targeted by members
of the 506-514 cluster of miRNAs, including NFKB1, INSM1, PLAG1, SP1 and
RREBI1. The enriched transcription factors and the 506-514 cluster miRNAs
predicted to target them are summarized in Figure 3.4.

We examined the lists of differentially expressed genes returned by the SAM
algorithm for these enriched transcription factors, supposing that those factors
that are targeted by a member of the 506-514 cluster may be derepressed. Dif-
ferential expression was not detected in the Bentink dataset, while NFKB1 is
upregulated in the angiogenic subtype of the TCGA dataset and MZF1 and
TBP are downregulated (Table B.15). The fold-change of these differentially
expressed genes is low - transcription factors are transcribed at low levels under
normal conditions, and therefore changes in their expression is difficult to detect.

If NFKBL1 is, in fact, directly regulated by a member of the 506-514 miRNA
cluster, the effect of that cluster’s differential expression could be propagated
across an entire set of genes transcriptionally enhanced by the protein. That is,
when a miRNA fails to repress the translation of a powerful transcription factor,
that transcription factor may be free to enhance transcription of a wide range of
other genes. NFKBI is known to be activated in many carcinomas (the role of

NF-kB in cancer is reviewed in [49] and [124]).
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Predicted targets of 506-514 miRNAs
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miRNA and prediction tool

Figure 3.4: Significantly enriched transcription factors from the 506-514 anti-
correlated genes in the TCGA and Bentink datasets. A blue box indicates that
the prediction tool predicts a binding site for the miRNA in the transcription
factor. Gray boxes indicates no such prediction.

3.3 Conclusions

Our study indicates substantial differences in miRNA expression and activity be-
tween two recently discovered subtypes of high-grade serous ovarian cancer. As
measured by RE score, miRNAs are generally less active in the poor-prognosis
angiogenic subtype. Most miRNAs are less active in that subtype and more

miRNAs are negatively RE-changing than positively-RE changing. miRNA ex-
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pression is affected as well; more miRNAs are underexpressed in the angiogenic
subtype than the reverse. Therefore it seems that there exist broad-based dif-
ferences in the miRNA disposition in the two subtypes. Previous studies have
attributed different miRNA activity patterns to different levels of the DICER1
protein [37]; we also observe lowered expression of miRNA processing genes.
Deregulation of miRNA processing machinery is known to increase cellular trans-
formation [97, 98]. We propose that one of the characteristics of the angiogenic
subtype is decreased global miRNA activity, possibly due to disruption of the
miRNA processing machinery.

In addition to this global reduction of miRNA activity, we find a consis-
tent set of miRNAs to be differentially expressed between the angiogenic and
non-angiogenic subtypes, including a set of miRNAs involved in early relapse in
ovarian cancer: the 506-514 cluster. These miRNAs, whose methylation-induced
repression is predictive of early relapse in ovarian cancer patients, are strongly
repressed in the angiogenic subtype.

The relationship between expression of this miRNA cluster and the mRNAs
significantly anticorrelated with them suggests a causal relationship between the
two; miRNAs in the cluster seem to repress, directly or indirectly, a set of genes
that are upregulated in the angiogenic subtype. When the miRNAs are expressed
at a low level, the expression level of anti-correlated mRNAs can vary greatly,
subject to other regulators in the cell. However, when the miRNA is highly-
expressed, the mRNAs that are affected are expressed at very low levels.

The genes anti-correlated with the 506-514 cluster members are functionally
associated with extracellular signaling. These genes are also enriched for a set

of transcription factor binding sites for known oncogenes such as insulinoma-
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associated protein 1 (INSM1), a zinc-finger DNA binding protein involved in
cell-cycle arrest in neuroendocrine cancers (reviewed in [102]). Another of the
enriched binding sites is targeted by NF-kB, a transcription factor often constitu-
tively activated in cancers and implicated in early relapse and drug resistance in
ovarian cancer [106, 114, 180]. The miR-506-514 cluster is also predicted to tar-
get several of these enriched transcription factors, including NF-kB, suggesting
that the miRNAs influence gene expression indirectly, by inhibiting transcription
factors that would normally activate gene expression. Therefore the molecular
differences between the angiogenic and non-angiogenic subtypes may be partially
mediated by the interaction between certain miRNAs and the transcription fac-
tors reported here.

The 506-514 cluster is involved in carcinogenesis and metastasis in other tis-
sues, including renal cancer [179] and melanoma [118, 144]). This switch-like
relationship between the 506-514 miRNAs and anti-correlated genes suggests
that the 506-514 cluster down-regulation is not only a marker of the subtype,
but may be a cause of the molecular differences between the two subtypes. Bag-
noli et al. [8] have shown the down-regulation of the 506-514 cluster of miRNAs
to be a predictor of early relapse in ovarian cancer in the same TCGA dataset
examined here. miR-506, specifically, when knocked down, leads to increased
proliferation, seemingly due to loss of the G1 cell-cycle checkpoint. Bagnoli and
colleagues also report that this cluster of miRNAs are down-regulated with a
methylation-based mechanism in ovarian tumors. While we were unable to test
the Bentink dataset for methylation at the 506-514 cluster, (no methylation data
were available at this locus) we expect that downregulation of the cluster pro-

ceeds by the same mechanism. These characteristics can be used to propose a

87



mechanism driving some of the molecular differences between the angiogenic and
non-angiogenic subtypes.

The extracellular matrix signature of the anti-correlated genes suggests a
potential route by which the downregulation of the cluster could result in this
phenomenon. This suggests that the 506-514 cluster may drive the difference
between the two subtypes by affecting the tumor’s interaction with the stromal
environment. The enrichment of extracellular matrix associated annotations in
the list of genes anticorrelated with the 506 cluster supports this.

This mechanism would begin with an unknown event causing excess methyla-
tion of the 506-514 miRNA cluster at chX27.3. This methylation represses tran-
scription of the miRNA cluster, reducing the amount of processed miRNA in the
cell. The absence of miR-506 and -507 miRNAs, as the apparently functional
miRNAs in these dataset, allows de-repression of a set of both anti-correlated and
predicted-target genes, including transcription factors such as NFKB1. These
transcription factors are transcribed or translated at a higher level, allowing
them to enhance the transcription of their targets more. The combination of
miRNA-based derepression and transcriptional enhancement causes an entire set
of genes to be upregulated, including a set of extracellular matrix genes. These
genes are not all turned on; other conditions in the cell cause some of the samples
to retain low expression of the anticorrelated genes. These patients remain in
the non-angiogenic subtype. However, patients with low 506 expression are at

risk of developing a tumor of the angiogenic subtype.
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3.4 Future Work

This explanation for differences in the subtypes brings further insight into the
molecular mechanisms of tumor progression in ovarian cancer. These are impor-
tant insights into the angiogenic subtype, and further work will be needed to
better elucidate their full biological context as well as how they may be used as
markers or targets for designing novel and tailored therapies for the disease.

We still lack a comprehensive model that describes the characteristics of the
angiogenic phenotype. Specifically, we lack a link between the general downreg-
ulation of miRNA activity and the suppression of the 506-514 miRNA cluster.
Further investigation of the genes targeted by the cluster may reveal a regulator
of miRNA activity and explain these two characteristics.

One experiment that would help validate our findings is suggested by the cell
line experiments of Bagnoli, et al. They forced expression of miR-506 finding
that the expression of the miRNA decreased cancer cell line proliferation. If
NF-KB is the key intermediate in the miRNA’s effects on the cell, then manipu-
lating the target regions in it’s 3’"UTR should mitigate the effect of the miRNA.
Gene expression profiling of this experiment would also be informative as to
which genes are directly affected by miR-506 and which indirectly by NF-KB.
This experiment could be expanded to the other potential transcription factor
targets identified here. Hopefully this type of experiment would provide a direct
observation of the switch-like effect illustrated in Figure 3.3.

That switch-like effect also suggests a pattern: a relationship between mRNA
and miRNA that may be found in other settings. It may be possible to identify

other meaningful relationships or sample classes by looking for the characteristic
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expression pattern of anti-correlated expression. Quantifying this observation
of switch-like behavior could lead to a method of identifying miRNAs with real
regulatory effects on target genes, or possibly for classifying samples into subtypes
based on the miRNA-mRNA expression relationship.

The discovery and understanding of the molecular differences in the cancer
subtypes has led to effective differential treatment of breast cancer. We hope
that this work has helped contribute to a similar understanding of subtypes in
ovarian cancer. A better understanding of these subtypes can inform the search
for drugs that effectively target the growth of these tumors. For instance, if
NFKB is proven to be an exacerbating effect on ovarian cancer, we can target
that protein with drugs already in development in other diseases.

We have established here a distinct difference in the function of miRNAs
between these two molecular subtypes. Establishing that miRNAs are expressed
in a different pattern, regardless of whether they do in fact cause the differences in
the subtypes, means that they might also allow us to make meaningful predictions
about the samples. Since Bentink et al. have already established that a miRNA
signature can be used to classify the samples into two groups with differential
survival, we next attempt to use the miRNA expression data to inform predictions

of patient survival time.
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Chapter 4

Modeling of risk based on

miRNA expression and activity

4.1 Introduction

In Chapter 3 we established the involvement of miRNAs in the differences in the
molecular phenotype of two subtypes of ovarian cancer. As these two phenotypes
include a difference in overall survival, we hope to find that miRNAs are directly
predictive of survival. It is often helpful, in the course of treating cancer patients,
to have some knowledge of a patient’s projected survival time. If a patient is
known by some means to have a low likelihood of recovery, that patient may
decide to forgo the costly and difficult chemotherapy treatments. Each disease
requires a different set of decisions by doctor and patient; better information
about a patient’s likely outlook is extremely important.

We wish to build predictive models with time to event data: data in which

each patient, or sample, is associated with either a death or censoring event,
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and a time associated with that event. In the case of cancer survival, this time
measurement refers to the time from initial diagnosis to death (uncensored) or
last reported visit to a care provider (censored).

Clinical information has long been used to make this type of prediction. Tu-
mor stage and grade, as well as patient age and other health indicators have
been used to tell physicians which patients will respond to treatment and which
patients may not find it worth the stress and pain of difficult cancer therapies.
Classification of patients using these survival models is useful for similar reasons.
However, gene expression data is powerful and has been used to classify patients
into survival classes in other cancers, including breast cancer.

miRNA expression has been shown to be predictive of survival in ovarian
cancer [95]. The ratio of miR-221/miR-222 expression was shown to predict
survival in individual ovarian cancer patients [164]. In addition, miR-30b has
been shown to be associated with survival in ovarian cancer [165]. The TCGA
group showed that miRNA expression values can segregate patients into three
groups differing in survival time [149]. Similarly, the classifier miRNAs described
by Bentink et al. [15] were used to distinguish the angiogenic and non-angiogenic
subtypes, with differing survival profiles.

Shih et al. [139] report that a signature of miRNAs is predictive of survival
time in ovarian cancer. They used the Cox proportional hazards [42] model to
identify a group of miRNAs whose expression values were predictive of overall
survival in ovarian cancer patients and verified these microarray-based transcrip-
tional measurements with RT-PCR. They found that two miRNAs, miR-410 and
miR-645, were negatively associated with survival. Their method involved split-

ting the expression values into tertiles (high, middle, low expression) and using
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those discretized values to compare patient survival using a log-rank test and
Cox regression.

Bovelstad, et al. [25] did a comparative analysis of gene expression based
modeling with several methods of model-building, including stepwise selection,
ridge regression and the Lasso. However, as of this writing no such comparison
has been done using miRNA expression data. We hope that miRNA expression
data will prove as useful as gene expression data, or more so, given the role of
miRNAs as master regulators in the cell and the power that miRNA expression
data has in distinguishing tumor cell of origin [129, 59].

This thesis attempts to build models of survival using miRNA expression as
predictors. We first establish that univariate Cox models fitted on individual
miRNA expression profiles are not informative for survival. We then attempt to
combine miRNA expression profiles into multivariate models using the forward
stepwise selection method. Finding these models insufficient, we then use a more
sophisticated model, the Lasso variable selector, to build a complete survival
model. We attempt to reduce the dimensionality of the data by averaging miRNA
expression profiles by miRNA family and build a refined model from this data.
We also attempt to filter the input data by including only miRNAs known to be
involved in gynecologic and prostate cancers. We find that miRNA activity score
profiles are not useful for predicting survival, and that while direct measurements
of miRNA expression are probably informative about survival time, the mainly
hypothesis-free approaches used here are not sufficient to build useful models.

Good predictive models most likely await larger miRNA expression datasets.
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4.1.1 Cox Proportional Hazards Model with multidimen-

sional data

The Proportional Hazards Model is the most widely used method of survival
analysis. It is a semi-parametric linear regression method often used for creating
predictive models of survival from a set of predictors, such as clinical covariates,
demographic data, or gene expression measurements. The model, described by
Cox in [42], assumes an unknown underlying hazard function dependent on time,
and makes no assumptions about the shape of that function.

The risk of an event (in the case of these data, death or disease progression)

at time t is given by

h(tlz) = ho(t)e?,

where hg(t) is the baseline hazard function, the shape of which is unknown,
B is a vector of regression parameters and x is a matrix of gene or miRNA
expression values, having p measurements values over n observations .

The probability that a given case j within the risk set R; will fail at time ¢;

is given by
e
ZjER(ti) exif”

Taking the product of these conditional probabilities yields the partial likeli-

Pr(t; = T R(t) =

hood function,
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where §; = 0 if the case is censored and §; = 1 if not. The regression para-
maters are solved for, in the case of n < p, by maximizing the log-likelihood,

given by

l, =log(L Zéxzﬁ log Z e

JER(t;)

An estimate of 3, denoted B , can be found by maximizing the log likelihood

as

~

B = argmax(l,(8)]

The assumption of proportionality is critical to the Cox proportional hazards
model, stating that the predictors contribute to the hazard in a time-independent
way. Predictors can be tested for proportionality by testing for time-dependence
of the Schoenfeld residual [134]. This residual is defined as the observed covariate
value for the individual that failed minus its expected value conditioned on the

risk set R; or
XTij — E(X2]|Rz)

The expected value can be calculated with

XU|R Z Xpj€ ’“’8/ Z eXkB

kER; kER;
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If these values are relatively constant for all values of time ¢, the proportion-
ality assumption holds.

This semi-parametric method is useful when the number of observations
equals or exceeds the number of measurements. In the case of genomic-scale
data, however, the linear model cannot be solved due to the high dimensionality
of the data. The standard microarrays used to measure gene expression data
contain probes allowing measurement of hundreds or thousands of molecules
per sample. In contrast, collecting biological samples is an expensive process;
reagents for array experiments are costly, running into the hundreds of dollars
per sample. Obtaining appropriate consent and legal approval to use human
tissue is similarly expensive, as well as time-consuming and heavily restricted by
Institutional Review Boards. Therefore collecting human samples in batches of
greater than a few hundred is prohibitively expensive. These two factors result in
data sets with a much greater number of predictors (mRNA or miRNA expres-
sion measurements) compared to observations (tumor samples). This condition,
where n < p, is referred to as the "curse of dimensionality”. This is one challenge

we must address when building these models.

4.1.2 The data

For these analyses we used two datasets, the Bentink and TCGA datasets de-
scribed in previous chapters [15, 149]. The Bentink dataset includes measure-
ments of 12449 mRNAs and 474 miRNAs on 129 tumor samples. The TCGA
dataset is larger, consisting of 22277 mRNAs and 723 miRNA measurements on

502 samples.
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Each of these samples is annotated with two censored-survival markers. The
first is overall survival (OS), the measure of time between initial cancer diagnosis
and death. The second is time to progression (TTP), measuring the time from
initial diagnosis to disease recurrence. For most of this work we focus on the
overall survival measure.

For each of these datasets we calculated Regulatory Effect, or RE scores, as
previously described in Chapter 1. These scores are an indirect measure of the
effect of a miRNA upon mRNA expression in the cell. Developed by Cheng et
al. [37] and described in Chapter 1, this score is a means of inferring miRNA
activity in a sample based on a comparison of the ranks of predicted target
mRNAs vs. non-targets. Here we have RE scores calculated for all miRNAs
included in the PITA target prediction database (677 miRNAs), as described in

Chapter 1.

4.1.3 Testing the proportionality assumption

We tested the assumption of proportionality by examining the Schoenfeld residual
of each miRNA for each sample [134]. This residual is defined as the covariate
value for the individual that failed minus its expected value. If these values are
relatively constant for all values of time ¢, the proportionality assumption holds.
We test whether a line of regression drawn through these points has a slope of
zero, using a linear regression t-test. We evaluted each miRNA individually, using
a univariate Cox proportional hazard model. Plots of a few example miRNAs
are shown in Figure 4.1. We conclude that the proportionality assumption holds

for these data and proceed with our analysis.
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Schoenfeld residual

Schoenfeld residual

Figure 4.1: Scaled Schoenfeld residuals of each sample against time, for several
example miRNAs in each dataset. The solid line is a smoothing-spline fit to the
residuals. The dotted lines are +/- 2-standard-error band around that fit.

For the majority of miRNAs (Bentink: 96%, TCGA: 97%), the slope of a
line of regression drawn through the residuals did not significantly deviate from
zero (linear regression t-test, p < 0.05). As fewer than 5% of the miRNAs had

a p-value lower than this, we assume that they are significant by chance, and so
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4.2 Univariate analysis of miRNA expression
and activity

We examined the predictive power of miRNA expression values by building a
series of univariate Cox proportional hazard models of survival using expression
profiles from the Bentink dataset (n = 474). Similarly, 677 models were cre-
ated using the RE scores calculated in Chapter 3, using sample-matched gene
expression data from the Bentink data set.

The R package coxph [3] was used to create models of risk predicted by
miRNA expression values or RE scores. The predictive power of each model
was evaluated with a likelihood ratio test, in which the log likelihood of the null
model, including only clinical covariate data and labeled Ly, is subtracted from
the log likelihood of the candidate model, containing clinical covariate data and
miRNA expression data and labeled L, resulting in the statistic s. A p-value
is calculated with a chi-squared test on s with one degree of freedom. This p-
value represents the likelihood that the model including the miRNA predictor is

predictive of survival over and above the clinical data by chance alone.
s=2x(L— Ly).
We calculated concordance indices (Cls) for each model as well, to report the
fidelity with which the model predicted response. An average concordance index

of CI > 75% would indicate a very strong predictor, whereas CI > 65% would

indicate a weaker but still predictive model. The closer the concordance index
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came to C'I = 0.50%, an indication that the model predicted outcome with a
similar accuracy to random assignment, the poorer the model.

p-values of permuted univariate models, Bentink dataset
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Figure 4.2: a-b) -logl0 p-values of permuted univariate models built on miRNA
expression and RE scores, respectively. The 5th percentile is marked with a ver-
tical line. c-d) Frequency distribution of the un-permuted p-values, respectively.

We simulated randomly significant models by shuffling the survival values
among the samples and re-calculating the models. This resulted in a distribution
of p-values that represent significant predictive power by chance alone (Figures
4.2a and b). We used the 5th percentile p-value for the simulated models as our
new p-value cutoff for significance in the true models (p < 0.052). p-values for

the univariate models are plotted in Figure 4.2a.
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Of the models calculated with miRNA expression data from the Bentink
dataset, 98 (21%) were predictive. We also calculated similar univariate models
using RE scores (Figure 4.2b and d). For these models, 106 resulted in a p-value
of p < 0.05. The empirical p-value was similar, at p < 0.051 (Figure 4.2b).

Models created from the expression values of 98 miRNAs (21%) resulted
in p-values below the empirical p-value cutoff of p = 0.052 (Table C.1). We
informally examined the miRNAs with significant predictive power for known
associations with cancer biology, either by a published molecular mechanism or by
an expression-based association with survival time or recurrence. We observed no
strong association with an appropriate prognostic value: good prognosis miRNAs
were not necessarily associated with a negative coefficient (indicating reduced
risk), nor bad-prognosis miRNAs with a positive one (increased risk). miR-let-
Tg, for instance, is associated here with a negative coeflicient, indicating that
it predicts decreased risk. However, the miRNA is is a member of the known
oncomiR let-7 family, and so would be expected to associate with inceased risk.
Some miRNAs do accord well in these models, however. The miR-200 and miR-
29 family miRNAs are a well-known poor prognosis markers in cancer [178, 13,
77, 155].

Of course, miRNA biology is complex. It is possible that these miRNAs have
different functions in different contexts, and that they are predictive in the way
that the models indicate. In addition, our examination of miRNA function is
far from rigorous. A true analysis of functional enrichment of these miRNAs
compared to the total population of miRNAs modeled here awaits the develop-
ment of an appropriate miRNA functional database, such as the GO and KEGG

databases available for use with gene-based data.
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The models fitted on activity (RE score) profiles resulted in substantially
lower coefficients associated with each miRNA, with coefficients reaching on the
order of 1le — 5, rather than the order of le — 01, as is the case for the miRNA
expression-based models (Table C.2). 106 of 677 (16%) miRNA RE score profiles
resulted in models with significant (p < 0.051) p-values.

We expanded our analysis to the TCGA dataset of 502 patient-matched sam-
ples of high-grade serous ovarian tumor. RE scores were calculated from matched
mRNA data in a manner identical to that used with the Bentink dataset.

Univariate models were built and an empirical p-value cutoff calculated at
5%, yielding a p-value cutoff of p = 0.05067 for the miRNA expression data
and p = 0.05173 for the activity data (Figure 4.3a-d). 105 models (15%) were
predictive. The miRNAs whose expression profiles result in p < 0.051 are listed
in Table C.3. Again, more models have significant p-values than are expected by
chance. This excess of significant p-values suggests that there is, in fact, useful
information about survival in the miRNA expression data.

When we examine the models built on RE score data calculated from the
TCGA mRNA expression dataset, we find a much smaller list of models with
significant scores (Table C.4). Again, the RE scores result in models with lower
coefficients. 105 expression models (15%) were predictive, whereas 88 activity
score models (13%) were predictive.

We expected that, because of previously reported consistencies between the
datasets, we would find that at least some of the miRNAs with good predictive
power — miRNAs that resulted in univariate models with large effect sizes and
small p-values — would have these predictive properties in both the TCGA

and Bentink datasets. Indeed, a that is the case. 17 of the miRNAs found to
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Figure 4.3: a-b) -logl0 p-values of permuted univariate models built on TCGA
miRNA expression and RE scores, respectively. The 5th percentile is marked
with a vertical line. c¢-d) Frequency distribution of the un-permuted p-values,
respectively.
be predictive in the TCGA dataset are also predictive in the Bentink dataset.
This small amount of commonality in the strong predictors could be because the
miRNAs whose expression values were measured were somewhat different; the
microarrays that were used in the assay included a different set of probes.

The far smaller coefficients associated with the RE-score-based models indi-

cates that direct measurement of miRNA expression, rather than indirect mea-

sure of miRNA activity via mRNA expression calculations, is more informative
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with regards to survival prediction. We will focus our efforts in building future
models using only the miRNA expression data. It is possible that miRNAs are
not individually predictive of survival, but may be useful when aggregated to-
gether into a multivariate model. We attempt to build such a multivariate model

next.

4.3 Forward stepwise selection

Having determined that miRNA expression values are minimally informative of
risk in the Bentink and TCGA datasets, we wish to build combined, multivari-
ate models that predict risk. A combined model may allow multiple, weakly-
predictive covariates to combine together to result in a more powerful model. To
prevent over-fitting, we wish to include in those models an optimal number of
predictors, rather than the entire set of all predictors.

Another advantage of this reduction of dimensionality is that the resulting
model may be interpretable; that is, the subset of miRNAs included in a high-
quality model predicting survival of ovarian cancer patients are likely to be biolog-
ically meaningful; they may be involved in the etiology or progress of the disease.
Further investigation of these miRNAs may elucidate mechanisms of metastasis,
cancer development, angiogenesis, or other components of the cancer.

We could simply select the subset of predictors having the most power and
combine them into a model. However, this simple method of building models
(called best-subset selection) suffers from a severe drawback: the need to test
all combinations of predictors, such that the model with the smallest residual

sum of squares can be chosen. Given our count of p = 474 predictors for the
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smallest dataset (RE scores for the Bentink dataset), we would need to test
2P = 4.9¢ + 142 combinations of predictors. Efficient algorithms are available
that allow calculation of these types of combinations up to p = 30, but that is
not sufficient in our case.

We chose instead to employ another subset selection method: forward step-
wise selection. This method is similar to best-subset selection in that it produces
a model predicting outcome using only part of the set of predictors available.
However, the variables are selected differently. The method begins with the
intercept, a simple linear model, in this case fitted with clinical covariate an-
notations already known to be predictive of survival (tumor stage and grade,
and patient age). The method then sequentially adds other predictors, in this
case miRNA expression measurements or activity scores, ordered by their ability
to improve the model. The result is a set of p models, each a better predictor
of outcome than the last. The number of predictors is chosen by optimizing a

metric of goodness of fit of a statistical model, the Aikake Information Criterion.

4.3.1 Evaluating models using Information Criteria

The Aikake Information Criterion, or AIC, is a measure of a model’s complexity
against its predictive power. It can be used when selecting among a series of
similar models with varying numbers of predictors, like Forward Stepwise Se-
lection. One benefit of using an Information Criterion like this one for model
comparison, rather than the log likelihood alone, is that this criterion penalizes
models proportionate to the number of predictors included; complex models with

many predictors are penalized more, allowing the selection of a model balanced
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between good predictive power and the tendency toward overfitting.
The AIC is calculated for a model by subtracting the log likelihood of the

model from the number of predictions. It is defined as

AIC = —2In(L) +2p

where p is the number of coefficients in that model and In(L) is the log likelihood
for the model. Models with smaller AIC values compare favorably over models
with higher values.

Another method of choosing a model is the Bayesian Information Criteria,

BIC = —=21In(L) + In(n)p

where, again, p is the number of non-zero coefficients for that model, In(L) is
the log likelihood for the model and n is the number of observations. The BIC
is sometimes considered a better measure of the fitness/bias tradeoff because it
takes into account the dimensionality of the model by including the number of
observations.

Either of these criteria can be used to compare the different models resulting
from different variable selection or coefficient-penalizing techniques. Forward
stepwise selection, as implemented in the stepAIC package used here, uses the
AIC calculation to optimize model selection.

The stepAIC subroutine of the MASS package was used to do this selection
step [156]. This subroutine uses the Aikake Information Criteria to determine

the optimal number of predictors to use in the final model.
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4.3.2 Forward stepwise selection on the Bentink miRNA

expression data

We first attempted to build a model using miRNA expression data from the
Bentink dataset (Table 4.1). Our initial model was simply the outcome censored
survival time predicted by a subset of the clinical covariates available as part of
the dataset. For the Bentink dataset, these covariates are: tumor stage, optimal
debulking status and platinum-based chemotherapy status, and patient age at

diagnosis.

coefficient AIC  p.value

hsa.miR.507 -0.66 462.74 3.12e-03
hsa.miR.196a 0.24 459.93 2.20e-02
hsa.miR.506 0.73 459.10 3.66e-02
hsa.miR.514 -0.37 456.99 1.88e-01
hsa.miR.34c 1.26 456.80 7.16e-02
hsa.miR.34b -0.98 456.31 1.17e-01

Table 4.1: miRNAs included in optimal forward-selected model based on Bentink
miRNA expression data.

In examining the model, we note first that the effects of the clinical covariates
are much greater than the effect of most of the miRNAs. The exception is miR-
34b, one of the strongest predictors of lower risk and even stronger than an
optimal surgical outcome. miR-514 and 507, members of the 506 cluster of
miRNAs described in the previous chapter, are also prognostic of lower risk.
These miRNAs and other members of their miRNA family were found to be
downregulated in the poorer-prognosis subtype (the angiogenic subtype) in the
work of Bentink et al. and in Chapter 3. In addition, Bagnoli et al. [8] report

that the 506 cluster is downregulated in early-relapse ovarian cancer patients.
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The p-value for this model was calculated in the same manner as the calculation
for the univariate models: a likelihood ratio test, resulting in a p-value of p =
0.00046.

One particularly interesting observation here is the occurrence of two mem-
bers of the same family occurring in the model with opposing coefficients. miR-
34b has negative coefficient, whereas miR-34c, a miRNA with an identical seed
region and, presumably, similar target genes and therefore similar physiological
effects, has a positive one. We can only speculate as to why this is the case. It
may be that the two miRNAs (34b and c, for instance) form a negative-feedback
loop, and serve to regulate each other. When one is highly expressed, it inhibits
the other, and so both miRNAs are significantly associated with whatever sur-
vival effect the highly expressed miRNA may have. Another possibility is that
the targets of these miRNAs differ more than we would expect, given their simi-
lar seed regions. For instance, they may target similar messages with greater or

lesser affinity, and therefore have different effects in the cell.

4.3.3 Forward stepwise selection on the TCGA miRNA

expression data

We performed a similar analysis using the miRNA expression data collected by
TCGA. These data include similar clinical covariates to those in the Bentink
dataset: patient age at diagnosis, tumor grade and optimal debulking status
(tumor residual disease). Absent from this data set is the chemotherapy status,
as all patients in this study were treated with chemotherapy. This dataset also

includes one additional annotation: the tumor grade.

108



coefficient AIC  p.value

hsa.miR.144 0.32 2451.42 7.32e-03
hsa.miR.449a 0.12  2449.39 3.51e-04
hsa.miR.494 0.18 2446.34 3.55e-02
hsa.miR.10a 0.15 2443.24 2.94e-03
hsa.miR.151.3p 0.08 2442.71 3.17e-02
hsa.miR.223 0.24 2441.94 8.23e-03
hsa.miR.142.3p -0.18  2439.91 3.22e-02
hsa.miR.196b 0.12 243891 2.35e-02
hsa.miR.7 -0.14  2438.26 2.30e-02
hsa.miR.135a 0.14 2437.75 5.94e-02
hsa.miR.224 0.13 2436.80 2.11e-02
hsa.miR.96 0.12 2435.41 4.35e-02
hsa.miR.135b -0.10  2434.15 6.83e-02
hsa.miR.451 -0.20 2434.09 5.86e-02
hsa.miR.1225.5p 0.17 2433.07 3.63e-02
hsa.miR.10b 0.10 2432.35 6.56e-02
hsa.miR.509.3.5p -0.09 2432.10 1.41e-01

Table 4.2: miRNAs included in optimal forward-selected model based on TCGA

expression data.

Table 4.2 has the stepAIC results from the TCGA miRNA expression data
(p = 2.6e —08). 35 covariates were selected for this model (the top 20 are shown
in Table 4.2). miR-10a’s positive coefficient indicates an association with higher
risk. NPM1 mutant AML samples were shown to markedly overexpress miR-
10a, compared to healthy normal controls [121]. miRNA 509-3-5p, a negative
coefficient miRNA here, is a member of the 506 family so strongly differentially
expressed between the angiogenic and non-angiogenic subtypes in Chapter 3.

This low-risk association is one consistency between the TCGA data and the

Bentink dataset.
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4.3.4 Little common signal between TCGA and Bentink

miRNA expression datasets

There is little overlap in the membership of the selected predictors for these two
models. Further, some of the selected predictors contradict one another; miR-
196b is selected as a negative predictor of risk by the method when run on the
Bentink data, and as a positive predictor of risk when the method is run on the
TCGA data. One of the few commonalities is the association of the miR-~10a/b
family with high risk. The connection with the miR-506 family is also promising.
But many other miRNAs show no overlap.

The orientation of the coefficients assigned to the selected miRNAs is plau-
sible, with tumor suppressors being assigned negative coefficients indicating low
risk when expression is high, and oncogenes and other proliferation related genes
being assigned positive coefficients. However, there doesn’t seem to be an ex-
pression signal consistently strong enough across these two datasets to be picked
up by this method.

Many criticisms have been levied against stepwise selection. Subset selection
methods like these can suffer from high variance due to the fact that coefficients
are either used in the model or not; they are never shrunken to reduce their influ-
ence on the model. This variance could be contributing to the lack of consistency
in the miRNAs selected from the two datasets. Rather than attempt to fix this
method, for instance, by cross-validation, we hope to reduce this variance by way
of coefficient shrinkage — a method of reducing the impact a given variable has

on the model without removing it entirely.
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4.4 Coefficient shrinkage and variable selection
using the Lasso

Coefficient shrinkage methods reduce the impact of predictors on a model by
decreasing them toward zero. The amount by which the coefficients are shrunk
depends on the type of method and on the shrinkage coefficient minimizing the
predicted error of the model. Shrinkage methods reduce the overfitting typical of
linear regression without the destabilizing effects of removing entire coefficients,
as is the case with pure feature selection methods like forward stepwise selection.
Shrinkage methods have some advantages over subset selection methods in that
shrunken models can have lower variance than purely feature-selected models.

The Lasso maximizes the log likelihood of the model subject to a penalty
term applied to each predictor’s coefficient. The penalty term consists of a user-
selected tuning parameter, A, times the L; norm of the coefficients.

Recall the log likelihood optimization used to select values for B in the Cox

model,

§ = arg max[l,(8)],

where [, is the log likelihood of the model and 3 is the vector of coefficients
applied to the predictors in the model. The Lasso estimates ' with a penalty
term based on the L1 norm of the vector of predictors, multiplied by a tuning

paramter, A,

presso = argmax(1(8) — A > |Bi])
i=1
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This penalty results in the shrinkage of many coefficients to zero, effectively
combining variable selection with shrinkage.

These penalized variable selection methods have been previously used to build
models based on microarray data. A comparative analysis of the Lasso and ridge
penalties; among others, by Bovelstad et al. [25] found that ridge regression
resulted in somewhat better classification than the Lasso. However, the ridge
penalty does not result in shrinkage to zero, and so does not result in variable
selection. This retention of all variables is a disadvantage to the model-builder
interested in an interpretable model. A method like the Lasso, which shrinks less-
informative predictors to zero and results in a short, interpretable list of miRNAs,
could suggest biological mechanisms underlying the model. Bovelstad et al. did
find that the Lasso performed well — outperforming subset selection — on gene
expression data, resulting in small selected sets of genes, in some situations as
few as five. We expect this method to perform well on the similarly-structured

miRNA expression data as well.

4.4.1 Creating the models.

For this analysis, the TCGA and Bentink miRNA expression data were filtered
to retain only those 368 miRNAs that were measured in both studies. With
this restriction in place, models built with one dataset could be used to predict
outcome in the other. Most of the models described here are trained on the
TCGA dataset and then validated with the Bentink dataset. The models were
built using the penalized R package by Jelle Goeman [63], which supports the

application of the Lasso penalty to models built with censored data.
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Selection of an appropriate value for the tuning parameter X is a critical
component of building useful models with the Lasso. Too large a value for A
results in a restricted set of predictors and a model with little predictive power.
Too small a value for A results in overfitting. To choose an optimal value of A\ we
first profiled the log-likelihood of models created using the TCGA dataset with
varying values of the parameter. Log-likelihoods were calculated for 10-fold cross
validated models, across multiple values of \.

The k-fold cross-validated partial log-likelihood (cupl) was calculated accord-

ing to the method of Verweij and van Houwelingen [158, 117]

k
copl(N) = Z Lp(BiK) - Lp(,K)wAiK)'

K=1

This calculation was done 20 times, resulting in a set of 20 log-likelihood
profiles. An example of this profiling, produced when building the model based
on the 368 miRNAs, from the expression measurements in the TCGA datset, is
shown in Figure 4.4a.

We also calculated Aikake and Bayesian information criteria at each value
of A, for each cross-validation (Figure 4.4b and 4.4c). While the AIC and BIC
values increase monotonically with decreasing A, the unadjusted log-likelihood
has a trend towards a global maximum at A\ values of between 20 and 30.

The TCGA dataset was used to build models using resampled cross-validation,
repeated 1000 times. For each of these iterations, 10% (50) of the samples were
randomly selected to be withheld from the model-creation process (test set). The
remaining 90% (452) was used as the training set. These 452 samples were fur-

ther subdivided into 10 folds, and used in an additional 10-fold cross-validation,
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Figure 4.4: Log-likelihood of the models built with miRNA expression data at
varying A values, for each of 20 resamplings of 10-fold cross-validation on the
TCGA dataset. b) Aikake Information Criterion calculated for each of the same
models shown in a. ¢) Bayesian Information Criterion calculated for each model
shown in a.

the only purpose of which was to select the most optimal value for A, subject to
10 < A < 30. A final model was then built, using this optimal value of A and the
training set of expression data. This model, one of the 1000 created, was then
used to predict the outcome for each of the remaining 10% of samples from the
TCGA data and from the full Bentink data set.

The resulting 1000 models were evaluated for their ability to predict outcome

for their test dataset and a concordance index was calculated for each. This mean
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concordance index was used to evaluate the predictive power of the models.

4.4.2 Lasso-based modeling of ovarian cancer survival us-

ing miRNA expression data.

We hoped to find that these models would have some amount of predictive power,
both within the training (TCGA) dataset and in the test (Bentink) dataset. We
would expect that the CI of the cross-validated models in the training set to be
stronger than the CI of the model on the test set. Results for each model in
this section include average concordance indices for each model, cross-validated
on the training data, tested on the test data and tested again on the external
validation (Bentink) dataset. They are summarized in Table 4.3.

The mean CI of these models on the training datasets was a disappointing
CI = 0.53, indicating that the model predicted outcome for patient survival
essentially no better than chance. Each model was also used to predict out-
come for the patients in the Bentink dataset, resulting in an even poorer set of
predictions, with a mean CI of C'I = 0.51. These values are disappointing as
they indicate nearly no predictive power in the models. One possible factor that
may weaken these models is that the angiogenic and non-angiogenic subtypes of
ovarian cancer, described in Chapter 1 and further studied in Chapter 3, have
differing molecular characteristics. If the miRNAs that are associated with sur-
vival in one are not in the other, the power of any model built on data taken
from both subtypes would be reduced.

We created separate models built with the data for each of the two subtypes

described by Bentink et al., the angiogenic and non-angiogenic subtypes. The
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Model train IC | test IC | Bentink IC
All Common miRNAs 0.62 0.53 0.51
Angiogenic 0.68 0.52 0.54
Non-angiogenic 0.66 0.54 0.54
miRNA family averaging 0.62 0.54 0.5
Known Cancer miRNAs 0.6 0.52 0.49
Families with Known Cancer miRNAs 0.6 0.55 0.48

Table 4.3: Summary results for models built in Chapter 4. train IC: average
concordance index of training set within the 10-fold cross-validation loop. test IC:
average concordance index for predictions on each of the 1000 test sets. Bentink
IC: average concordance index for predictions of each of the 1000 models on the
Bentink dataset.

models were created in an identical manner to the models above. Profiling of
the log-likelihood of the models indicated that a range of A\ = 15 — 20 would
be optimal. For the angiogenic model, the average CI on the training sets was
CT = 0.68 and the average CI of the test sets was C'I = 0.52. These angiogenic
models were used to predict outcome for the Bentink dataset samples, resulting
in a mean of C'I = 0.54. Models built using the expression measurements for
the non-angiogenic subtype resulted in an average training set CI of C'I = 0.66
and an average test set CI of C'I = 0.54. Testing on the Bentink data resulted
in a mean of C'I = 0.54. These poor results may be due to the small size of the
angiogenic dataset — only 181 samples of the TCGA dataset are a part of this
smaller subtype. However, this slight improvement in CI over the full dataset is
not enough to justify separating the data by subtype.

The poor predictive power of the models generated here is possibly a result
of the curse of dimensionality — this hypothesis-free approach, where the model-
building process would inform us of which miRNAs were predictive, does not seem

to work. We thought to reduce the dimensionality of the dataset by introducing
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some biological information.

While the classification power of these models is not strong, the feature se-
lection built into them provides a resource for investigating the most informative
miRNAs with regards to patient survival time. We reexamined the first Lasso
models, built using the entire set of miRNAs measured in the TCGA and Bentink
datasets. To investigate these miRNAs, we selected all of the miRNAs selected
as features for each of the 1000 models. That is, we simply counted, for each
miRNA, how many times it had been assigned a non-zero coefficient. Presum-
ably, miRNAs selected often are more informative than miRNAs selected only a
few times.

One thing that this type of multi-model creation allows is the investigation
of groups of miRNAs with redundant predictive power. The Lasso should select
only one miRNA out of a group of highly correlated predictors, and if those
predictors are similarly powerful, the selection of the particular one should be
random (Table 4.4).

If the models are, indeed, picking up on some information in the data but are
unable to select miRNAs reliably due to the large number of predictors available,
perhaps some sort of dimension reduction before model-building would result in

a better model.

percent

hsa.miR.148a 93
hsa.miR.592 91
hsa.miR.652 82
hsa.miR.505 82
hsa.miR.604 67
hsa.miR.504 63
hsa.miR.146a 62
hsa.miR.320 57
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hsa.miR.326 56

hsa.miR.198 53
hsa.miR.657 50
hsa.miR.204 36
hsa.miR.569 33
hsa.miR.150 30
hsa.miR.422a 30

Table 4.4: miRNAs with non-zero coefficients from
TCGA univariate models.

miRNAs are grouped into families — sets of miRNAs related by sequence and
therefore often having similar target genes. We supposed that averaging individ-
ual miRNA expression profiles across these families may decrease the redundancy
in the dataset — miRNAs belonging to the same family may be performing the
same functions and, therefore, have similar expression profiles. We used the miR-
Base database [64, 2, 65, 66] to choose miRNAs belonging to the same family
and average their expression profiles. This resulted in 200 profiles.

We further restricted our model by selecting miRNAs already known to be
involved in cancer development and progression. We proposed that using this
restricted set of predictors as input into Lasso would cut down on the problem
of overconstraining, and perhaps result in a better model.

The Database of Differentially Expressed miRNAs in human Cancers (db-
DEMC) is a manually-curated catalog of miRNAs with measurable differen-
tial expression between human cancer tissues and matched normal tissues [172].
These changes in expression were measured using both large-scale expression
measurement methods, such as microarrays, and low-throughput methods, such
as qRT-PCR. Many cancer types are cataloged, including prostate, breast, pan-

creatic, and non-solid tumors such as lymphomas. Ovarian cancer data is not
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included in the database. We chose to use the gynecologic cancers recorded in
the database: breast and uterine cancer.

We used these validated miRNAs to filter our miRNA expression data (again,
only miRNAs common between the TCGA and Bentink datasets) down to 210
validated, cancer-related miRNAs. The model was created in the same way as
the others; trained and cross-validated on the TCGA dataset and tested on the
Bentink dataset.

Again, the predictive power of the resulting model is near chance: the average
test dataset concordance index of 0.49 indicates that the model has essentially
no predictive power.

We restricted the family model further, to retain only miRNA families that
included one or more known gynecologic cancer miRNAs, resulting in 83 profiles.
Again, this model resulted in a poor concordance index (C = 0.48), indicating

little to no predictive power.

4.4.3 Examining the models.

In order to determine why these models weren’t working, we reexamined the
univariate analysis results from both datasets. We had originally found little
concordance in the membership of the miRNAs with top-ranked p-values. We
next examined the pattern of univariate models further by comparing the p-
values for each of the 368 miRNAs for which a model was created using the data
in both datasets. We would expect that, if the miRNAs measured in the two
datasets had similar predictive power across the datasets, we would find a strong

relationship between a miRNA’s univariate model p-value in each dataset; if a
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model based on miR-100 was very low in one dataset, it should be low in the

other, and vice versa.

Concordance of p—values for univariate models
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Figure 4.5: -log10 p-values for univariate models fitted on the miRNA expression
in the TCGA dataset (x-axis) vs. the Bentink dataset (y-axis).

However when the p-values for these univariate models were compared, we

found little relationship between them (correlation r = —0.033, Figure 4.5).
Similarly, the effect sizes have a low correlation (correlation = —0.0037, Figure
4.6).

Other consistencies between these two datasets, reported in chapters 2 and 3

and by other authors, such as Bentink et al., indicate that this inconsistency is
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Figure 4.6: Effect sizes for the univariate models fitted on the miRNA expression
in the TCGA dataset (x-axis) vs. the Bentink dataset (y-axis).

not representative of a general lack of consistency between the datasets. It seems

that the expression level of individual miRNAs is not closely-enough related to

survival to be detectable in these data.

4.5 Conclusions and Future Work

We have shown here that, at least for datasets of this size, miRNA expression

data and activity score data are not particularly useful for predicting survival,

at least not when approached in a hypothesis-free manner.
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We found that the miRNA expression data was likely to contain some predic-
tive information, as the number of univariate models with significant p-values was
greater than the number expected by chance. The miRNA activity score models
also had a greater number of significant p-values than expected by chance, but
the coefficients for these scores were not nearly so high, and so we focused our
further model-building on direct expression meaasurements. Activity scores are
an aggregate measurement of the expression profiles of many genes, and as such
likely include more noise than direct miRNA measurements.

We continued to try building simple multivariate models with miRNA ex-
pression data, using forward stepwise selection. We had some success, in that
the models we built included some sensible miRNAs and had low p-values. We
attempted to improve on these models by moving to a variable shrinkage method,
the Lasso.

The Lasso-based models had some small predictive power when cross-validated
on the training dataset, but when tested on the test-subset, or the external val-
idation (Bentink) dataset, all predictive power was lost (C'I ~ 0.5). Many vari-
ations of the Lasso model resulted in poor predictive performance. The best
model seemed to be build on the samples from the angiogenic subtype alone,
though its performance on the test dataset was still poor (CI = 0.54).

Our attempts to improve the models by subsetting the data according to
molecular phenotype, or to use time-to-progression as the endpoint rather than
overall survival, did not result in noticeably better concordance indices on the
test datasets, though the training sets did improve a small amount.

One possibility is that the datasets presented here are too small to allow a

variable selection method like the Lasso to pick up weak predictive signals from

122



a great deal of noise among the many possible predictors. Splitting the data
into subtypes improves the model somewhat, but is not sufficient. Given more
samples, perhaps a more informative model could be built. It could also be that
there are small, weak results masked out by the large number of non-informative
miRNAs. A much larger sample size would allow us to find these results.

Models built with expression data from the angiogenic subtype alone have
particular potential. This subtype, concordant as it is with subtypes described
by several other groups in the literature, seems to represent a clear molecular
phenotype. Given more data, this subtype may be the most promising for fur-
ther modeling. Perhaps combining the angiogenic subtype data from the TCGA
and Bentink datasets into a single dataset and building a model on that would
produce better predictions.

One possible means to improve these models, given the data available today,
would be to combine the Bentink and TCGA datasets together to provide a larger
sample size, thereby reducing the problem of overconstraining. Combining these
datasets would mean that we would no longer have a test set with which to
validate, though future studies of miRNA expression in ovarian cancer may soon
provide additional datasets.

A potential problem with these data may simply be that the datasets were col-
lected on different platforms: the Bentink dataset on a custom Illumina miRNA
array, and the TCGA dataset on a commercially available Affymetrix array. As
the latter is more common, we can expect more miRNA expression data collected
on Affymetrix arrays to become available in the future. Perhaps these types of

hypothesis-free models will become more useful as more data is collected.
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Chapter 5

Conclusions

MicroRNAs are important actors in cancer and many other diseases as well as
being critical components of many biological systems including development and
tissue differentiation [39, 59, 29, 97, 48]. Developing an understanding of the
activity of these molecules in ovarian cancer is critical to a more complete under-
standing of the disease and the eventual development of preventative measures
and treatments. Furthermore, the development of drugs that target miRNAs or
miRNA targets or regulators could provide powerful new therapies for a disease
that has not seen treatment improvements in the last ten years.

The goal of this thesis was to better understand the functionality of miRNAs
in ovarian cancer, both to provide a better understanding of the underlying
biological mechanisms driving the disease, and to search for potential biomarkers
that would predict patient prognosis. We first presented a synopsis of known
miRNA activity in ovarian cancer and a summary of miRNA mechanisms and
common bioinformatics tools used to understand miRNA and mRNA expression

data.
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We explored the relationships between miRNA and gene expression in ovarian
cancer datasets. We examined the partial correlation between the expression
profiles of these molecules across datasets and in two ovarian subtypes. We found
that the distribution of coefficients had heavier tails than a normal distribution.
Some of the strong positive correlation miRNA-mRNA pairs were determined
to be the result of miRNAs encoded either within the intron of the respective
gene or within a large gene’s length (500kb) of that gene. This sort of positive
correlation is expected, as miRNAs transcribed with their "host” gene would
be expected to have a strongly positive correlation with that host. miRNAs
encoded within a short distance of another gene could also be expected to have
related transcription profiles — they could be affected by local events such as
methylation and chromosomal lesions.

The discovery and understanding of molecular phenotypes of cancer has led
to tailored treatments that are more effective in diseases like breast cancer. Sub-
types of serous ovarian cancer have only recently been discovered, and so an
understanding of their molecular phenotypes is still under development. We ex-
amined the different miRNA expression and activity patterns in two subtypes of
ovarian cancer with the goal of better understanding the molecular mechanisms
that drive the disease, and in hope of potentially uncovering mechanisms that
could be targeted by drug therapies. We investigated the patterns of miRNA
expression in the two subtypes of ovarian cancer described by Bentink, et al.
Indeed, strong patterns of differential expression — both miRNA and gene ex-
pression - distinguish the two groups. We established an overall decrease in
miRNA activity in the angiogenic subtype, possibly due to a slightly lower ex-

pression of miRNA processing genes in that subtype. We further determined
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that a small group of miRNAs, comprising the 506-514 cluster, were a salient
difference between the subtypes and could be driving large changes in gene ex-
pression between the two groups, both through direct mRNA suppression and
indirectly through one or more transcription factor intermediates. These results
generate specific hypotheses that can be tested in the lab, and would shed light
on potential mechanisms for ovarian cancer development and spread. A better
understanding of these mechanisms can uncover potential drug targets that may
reduce the impact of the disease.

While models of survival have been made using gene expression data in the
past, no unsupervised models of miRNA expression data using variable selection
have been made in ovarian cancer. We developed several types of unsupervised
models, using univariate, variable-selected and variable shrinkage and selection
methods. Inconsistent selection of variables, plus low concordance indices in-
dicate poor performance when used to predict outcome on a test dataset. We
establish that, at the very least, larger datasets will be necessary to build useful

models.

126



Appendix A

Chapter 2 Additional Tables
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mRNA mRNAChr miRNA miRNAChr corr

1 SCTR 2 hsa-miR-448 X 0.012
2 HTR2C X hsa-miR-448 X 0.011
3 POU3F4 X hsa-miR-448 X 0.011
4 TF 3 hsa-miR-620 12 0.011
5 TF 3 hsa-miR-580 5 0.011
6 ASGR1 17 hsa-miR-448 X 0.0098
7 NRbHA2 1 hsa-miR-620 12 0.0096
8 NR5HA2 1 hsa-miR-580 5 0.0096
9 HOXA9 7 hsa-miR-196b 7 0.0094
10 CALML3 10 hsa-miR-620 12 0.0094
11 HOXB5 17 hsa-miR-10a 17 0.009
12 NNAT 20 hsa-miR-648 22 0.0089
13 HBB 11 hsa-miR-451 17 0.0089
14 CALML3 10 hsa-miR-580 5 0.0088
15 TF 3 hsa-miR-597 8 0.0087
16 NRbHA2 1 hsa-miR-597 8 0.0086
17 CALML3 10 hsa-miR-597 8 0.0084
18 HOXA5 7 hsa-miR-196b 7 0.0084
19 HOXA4 7 hsa-miR-196b 7 0.0083
20 HBB 11 hsa-miR-144 17 0.0082
21 HOXD3 2 hsa-miR-10b 2 0.0082
22 SPAG6 10 hsa-miR-648 22 0.0082
23 TF 3 hsa-miR-644 20 0.0081
24 DLX5 7 hsa-miR-217 2 0.008
25 FOXI1 5 hsa-miR-580 5 0.0079
26 HOXB2 17 hsa-miR-10a 17 0.0079
27 SLITRK5 13 hsa-miR-611 11 0.0077
28 SLITRK3 3 hsa-miR-611 11 0.0077
29 CALML3 10 hsa-miR-640 19 0.0076
30 TF 3 hsa-miR-640 19 0.0075

Table A.1: miRNA-mRNA target pairs with the top 30 largest positive partial

correlations (Bentink dataset).
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mRBRNA mRNAChr miRNA miRNAChr Corr

1 HOXB2 17 hsa.miR.10a 17 0.02
2 DDX3X X hsa.miR.646 20 0.019
3 HBB 11 hsa.miR.144 17 0.016
4 HBB 11 hsa.miR.451 17 0.015
5 HOXB6 17 hsa.miR.10a 17 0.015
6 HOXD9 2 hsa.miR.10b 2 0.014
7 HOXA5 7 hsa.miR.196b 7 0.014
& HOXB5 17 hsa.miR.10a 17 0.014
9 HOXA1 7 hsa.miR.196b 7 0.013
10 HOXB7 17 hsa.miR.10a 17 0.013
11 CTAG2 X hsa.miR.217 2 0.013
12 CCNO 5 hsa.miR.449b 5 0.012
13 HOXA4 7 hsa.miR.196b 7 0.012
14 HOXD3 2 hsa.miR.10b 2 0.011
15 MYHI11 16 hsa.miR.133b 6 0.011
16 OPRK1 8 hsa.miR.661 8 0.011
17 HOXA6 7 hsa.miR.196b 7 0.011
18 SKAP2 7 hsa.miR.196b 7 0.011
19 MYHI11 16 hsa.miR.143 5 0.011
20 HOXD1 2 hsa.miR.10b 2 0.011
21 AKT2 19 hsa.miR.641 19 0.0099
22 EREG 4 hsa.miR.384 X 0.0099
23 PAH 12 hsa.miR.646 20 0.0098
24 CALY 10 hsa.miR.489 7 0.0097
25 EREG 4 hsa.miR.626 15 0.0097
26 CSN2 4 hsa.miR.675 11 0.0095
27 HTN3 4 hsa.miR.675 11 0.0093
28 MYHI11 16 hsa.miR.145 5 0.0092
29 SSX5 X hsa.miR.504 X 0.0092
30 PPBP 4 hsa.miR.144 17 0.0091

Table A.2: miRNA-mRNA target pairs with the top 30 largest positive partial

correlations (TCGA Dataset).
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mRNA mRNAChr miRNA miRNAChr CorT

1 HTR2C X hsa-miR-448 X 0.011

2 HOXA9 7 hsa-miR-196b 7 0.0094

3 HOXB5 17 hsa-miR-10a 17 0.009

4 HOXA5 7 hsa-miR-196b 7 0.0084

5 HOXA4 7 hsa-miR-196b 7 0.0083

6 HOXD3 2 hsa-miR-10b 2 0.0082

7 HOXB2 17 hsa-miR-10a 17 0.0079

8 SKAP2 7 hsa-miR-196b 7 0.0068

9 HOXB7 17 hsa-miR-10a 17 0.0066
10 HOXD1 2 hsa-miR-10b 2 0.0065
11 THH 2 hsa-miR-375 2 0.0063
12 HOXBS 17 hsa-miR-10a 17 0.0058
13 HOXD9 2 hsa-miR-10b 2 0.0057
14 CYCS 7 hsa-miR-148a 7 0.0056
15 GPC1 2 hsa-miR-149 2 0.0055
16 HOXAG6 7 hsa-miR-196b 7 0.0052
17 STRN3 14 hsa-miR-624 14 0.005
18 PYGB 20 hsa-miR-644 20 0.0049
19 AKT2 19 hsa-miR-641 19 0.0048
20 HOXA1l 7 hsa-miR-196b 7 0.0048
21 PVALB 22 hsa-miR-659 22 0.0047
22 CCDC130 19 hsa-miR-181d 19 0.0045
23 PPP2R1A 19 hsa-miR-99b 19 0.0043
24 CPA2 7 hsa-miR-335 7 0.0043
25 DVL2 17 hsa-miR-324-5p 17 0.0042
26 ATP5H 17 hsa-miR-636 17 0.0042
27 KIAA0753 17 hsa-miR-324-3p 17 0.0041
28 TULP1 6 hsa-miR-586 6 0.0041
29 DVL2 17 hsa-miR-324-3p 17 0.0041
30 GMPS 3 hsa-miR-15b 3 0.004

Table A.3: miRNA-mRNA pairs with the top 30 largest positive partial correla-
tions, within 10,00kb on the chromosome (Bentink dataset).
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mRNA mRNAChr miRNA miRNAChr Corr

1 HOXB2 17 hsa.miR.10a 17 0.02

2 HOXB6 17 hsa.miR.10a 17 0.015

3 HOXD9 2 hsa.miR.10b 2 0.014

4 HOXA5 7 hsa.miR.196b 7 0.014

5 HOXB5 17 hsa.miR.10a 17 0.014

6 HOXA1 7 hsa.miR.196b 7 0.013

7 HOXB7 17 hsa.miR.10a 17 0.013

8 CCNO 5 hsa.miR.449b 5 0.012

9 HOXA4 7 hsa.miR.196b 7 0.012
10 HOXD3 2 hsa.miR.10b 2 0.011
11 HOXA®6 7 hsa.miR.196b 7 0.011
12 SKAP2 7 hsa.miR.196b 7 0.011
13 HOXD1 2 hsa.miR.10b 2 0.011
14 AKT2 19 hsa.miR.641 19 0.0099
15 SLIT3 5 hsa.miR.585 5 0.0088
16 USP25 21 hsa.miR.99a 21 0.0087
17 CTAG2 X hsa.miR.767.5p X 0.008
18 TLE3 15 hsa.miR.629 15 0.0079
19 HOXAI11 7 hsa.miR.196b 7 0.0078
20 RNF130 5 hsa.miR.340 5 0.0077
21 BFAR 16 hsa.miR.484 16 0.0076
22 CRKL 22 hsa.miR.185 22 0.0076
23 DVL2 17 hsa.miR.324.5p 17 0.0076
24 BFAR 16 hsa.miR.193b 16 0.0075
25 MKL2 16 hsa.miR.193b 16 0.0074
26 GABARAP 17 hsa.miR.324.5p 17 0.0073
27 CXADR 21 hsa.miR.99a 21 0.0073
28 MEDI15 22 hsa.miR.185 22 0.0073
29 SNAP29 22 hsa.miR.185 22 0.0073
30 SREBF1 17 hsa.miR.33b 17 0.0071

Table A.4: miRNA-mRNA pairs with the top 30 largest positive partial correla-
tions, within 10,00kb on the chromosome (TCGA Dataset).
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mRNA mRNAChr miRNA miRNAChr Corr

1 PUMI1 1 hsa-miR-552 1 -0.0054

2 ZNF586 19 hsa-miR-527 19 -0.0039

3 DZIP3 3 hsa-miR-567 3 -0.0034

4 QDPR 4 hsa-miR-573 4 -0.0032

5 GFER 16 hsa-miR-662 16 -0.0032

6 IL2 4 hsa-miR-302a 4 -0.0031

7 ST6GALNAC2 17 hsa-miR-636 17 -0.0031

8 STKI10 ) hsa-miR-585 5 -0.0031

9 MYHS8 17 hsa-miR-212 17 -0.003
10 PLODS3 7 hsa-miR-653 7 -0.003
11 SPIN2A X hsa-miR-98 X -0.0029
12 PDHX 11 hsa-miR-610 11 -0.0029
13 LDLR 19 hsa-miR-640 19 -0.0029
14 APBA3 19 hsa-miR-637 19 -0.0029
15 ZNF480 19 hsa-miR-520e 19 -0.0028
16 APOC2 19 hsa-miR-527 19 -0.0028
17 CH25H 10 hsa-miR-607 10 -0.0028
18 MANI1B1 9 hsa-miR-602 9 -0.0027
19 HBB 11 hsa-miR-210 11 -0.0027
20 IGLL1 22 hsa-miR-648 22 -0.0027
21 MSMB 10 hsa-miR-605 10 -0.0027
22 BPGM 7 hsa-miR-593 7 -0.0027
23 TMEMS53 1 hsa-miR-552 1 -0.0027
24 CCDC49 17 hsa-miR-144 17 -0.0026
25 TSPAN32 11 hsa-miR-210 11 -0.0026
26 TTYHI1 19 hsa-miR-519d 19 -0.0026
27 WBP2 17 hsa-miR-657 17 -0.0026
28 ATP1B1 1 hsa-miR-557 1 -0.0025
29 USP29 19 hsa-miR-526b 19 -0.0025
30 ZNF227 19 hsa-miR-520e 19 -0.0025

Table A.5: miRNA-mRNA pairs with the top 30 largest negative partial corre-
lations, within 10,00kb on the chromosome (Bentink dataset).
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mRNA mRNAChr miRNA miRNAChr corr

1 WNT8B 10 hsa.miR.608 10 -0.0052
2 TMEM11 17 hsa.miR.144 17 -0.0046
3 MXD4 4 hsa.miR.571 4 -0.0045
4 CYP3A4 7 hsa.miR.489 7 -0.0042
5 SRSF6 20 hsa.miR.644 20 -0.0041
6 CMA1l 14 hsa.miR.624 14 -0.0041
7 BDKRBI1 14 hsa.miR.655 14 -0.0041
8 PTPN1 20 hsa.miR.646 20 -0.0039
9 LILRA2 19 hsa.miR.527 19 -0.0039
10 LETM1 4 hsa.miR.571 4 -0.0039
11 SEC24D 4 hsa.miR.302b 4 -0.0037
12 KL 13 hsa.miR.621 13 -0.0035
13 ARHGAP35 19 hsa.miR.372 19 -0.0034
14 ABCB4 7 hsa.miR.591 7 -0.0034
15 MATNI1 1 hsa.miR.552 1 -0.0033
16 TMEMS53 1 hsa.miR.552 1 -0.0033
17 WHSC2 4 hsa.miR.571 4 -0.0033
18 UBTD1 10 hsa.miR.608 10 -0.0033
19 LMAN2 5 hsa.miR.585 5 -0.0033
20 PCGF3 4 hsa.miR.571 4 -0.0033
21 LDLR 19 hsa.miR.639 19 -0.0032
22 SLC22A7 6 hsa.miR.133b 6 -0.0032
23 TMEMI11 17 hsa.miR.451 17 -0.0031
24  MMP9 20 hsa.miR.645 20 -0.0031
25 PTDSS2 11 hsa.miR.675 11 -0.0031
26 GNAI3 1 hsa.miR.553 1 -0.0031
27 SLC15A2 3 hsa.miR.567 3 -0.0031
28 ZNF586 19 hsa.miR.520f 19 -0.0031
29 ADRBK2 22 hsa.miR.650 22 -0.0031
30 FRS3 6 hsa.miR.586 6 -0.003

Table A.6: miRNA-mRNA pairs with the top 30 largest negative partial corre-
lations, within 10,00kb on the chromosome (TCGA Dataset).
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mRNA mRNAChr miRNA miRNAChr corr

1 CCDC25 8 hsa-miR-648 22 -0.0072

2 HI1F0 22 hsa-miR-302a 4 -0.007

3 ADH5 4 hsa-miR-633 17 -0.0067

4 NPAS1 19 hsa-miR-648 22 -0.0067

5 RFPL1 22 hsa-miR-302a 4 -0.0065

6 ADH5 4 hsa-miR-611 11 -0.0061

7 MORC2 22 hsa-miR-607 10 -0.006

8 FGF2 4 hsa-miR-200c 12 -0.006

9 ARFGAP3 22 hsa-miR-553 1 -0.0057
10 IL24 1 hsa-miR-302a 4 -0.0056
11 KRT12 17 hsa-miR-335 7 -0.0055
12 SCTR 2 hsa-let-7d 9 -0.0054
13 PUMI1 1 hsa-miR-552 1 -0.0054
14 ITGBIBP3 19 hsa-miR-567 3 -0.0054
15 BCAS1 20 hsa-miR-200c 12 -0.0053
16 NPAS1 19 hsa-miR-657 17 -0.0053
17 ADH5 4 hsa-miR-602 9 -0.0052
18 XPA 9 hsa-miR-623 13 -0.0052
19 FGF2 4 hsa-miR-141 12 -0.0052
20 SQRDL 15 hsa-miR-555 1 -0.0052
21 BHLHB3 12 hsa-miR-448 X -0.0052
22 GRB14 2 hsa-miR-363 X -0.0051
23 SCTR 2 hsa-miR-98 X -0.0051
24 AZGP1 7 hsa-miR-200c 12 -0.0051
25 RFPL1 22 hsa-miR-302b 4 -0.005
26 MAGEAR X hsa-miR-570 3 -0.005
27 MFSD11 17 hsa-miR-629 15 -0.005
28 PTPN22 1 hsa-miR-640 19 -0.005
29 CLTA 9 hsa-miR-302a 4 -0.005
30 HR 8 hsa-miR-606 10 -0.0049

Table A.7: miRNA-mRNA target pairs with the top 30 largest negative partial
correlations (Bentink dataset).
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mRNA mRNAChr miRNA miRNAChr CoTT

1 PTBP1 19 hsa.miR.600 9 -0.009

2 PTBP1 19 hsa.miR.614 12 -0.0088

3 NPTN 15 hsa.miR.137 1 -0.0084

4 NPPB 1 hsa.miR.141 12 -0.0078

5 CUL2 10 hsa.miR.489 7 -0.0074

6 TM4SF4 3 hsa.miR.141 12 -0.0069

7 NPPB 1 hsa.miR.200c 12 -0.0068

8 PTBPI1 19 hsa.miR.549 15 -0.0066

9 ZNF343 20 hsa.miR.599 8 -0.0066
10 ZMYM4 1 hsa.miR.651 X -0.0065
11  VSNL1 2 hsa.miR.604 10 -0.0064
12 TAX1BP1 7 hsa.miR.661 8 -0.0063
13 TLE1 9 hsa.miR.629 15 -0.0062
14 AP3D1 19 hsa.miR.646 20 -0.0062
15 KPNA3 13 hsa.miR.591 7 -0.0062
16 GCKR 2 hsa.miR.553 1 -0.0062
17 COX5B 2 hsa.miR.573 4 -0.0061
18 FRGI1 4 hsa.miR.217 2 -0.0061
19 HOXD3 2 hsa.miR.10a 17 -0.006
20 GTPBP1 22 hsa.miR.589 7 -0.006
21 CMPK1 1 hsa.miR.10b 2 -0.006
22 PPCS 1 hsa.miR.217 2 -0.006
23 IKZF1 7 hsa.miR.606 10 -0.006
24 CTAGE1 18 hsa.miR.635 17 -0.006
25 ITGBb5 3 hsa.miR.562 2 -0.006
26 ZNF467 7 hsa.miR.621 13 -0.0059
27 KIAA0391 14 hsa.miR.646 20 -0.0059
28 MLI4 19 hsa.miR.571 4 -0.0059
29 RPLI10 X hsa.miR.585 5 -0.0058
30 ARNT 1 hsa.miR.302b 4 -0.0058

Table A.8: miRNA-mRNA target pairs with the top 30 largest negative partial
correlations, within 10,00kb on the chromosome (TCGA Dataset).
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miRNA d-value f-test RE test RE diff

1 hsa-miR-22 6.11090384286018 4.4e-01 0.37 Pos
2 hsa-miR-152 5.63634808136578 1.3e-01 0.58 Neg
3 hsa-miR-31 4.83792231438214 1.2¢-03 0.64 Neg
4 hsa-miR-23a 4.46874869977806 4.9e-02  0.26 Neg
5 hsa-miR-645 4.33474087080049  1e+4-00 0.25 Pos
6 hsa-miR-603 4.24626063585685 1.5e-01 0.49 Neg
7  hsa-miR-409-3p 3.75149035776316 4.4e-01 0.47 Neg
8 hsa-miR-155 3.52864903161192 4.4e-03 0.75 Neg
9 hsa-miR-494 3.519958208806 1.9e-03  0.75 Neg
10 hsa-miR-132 3.51791690457135  9.6e-01  0.69 Neg
11  hsa-miR-199a*  3.46541859282364 1.7e-03 NA NA
12 hsa-miR-199b 3.33171987323433  2.5e-02 NA NA
13 hsa-miR-452* 3.30394443060902  1e+00 NA NA

14 hsa-miR-181a 3.29119805530226 7.3e-02  0.68 Pos
15 hsa-miR-223 3.28530193441059 8.8e-01 0.19 Pos
16 hsa-miR-213 3.05566118907489 8.8e-01 NA NA
17 hsa-miR-618 3.03643902223845 8.9e-01  0.26 Neg

Table B.1: Top 30 upregulated miRNAs in Angiogenic subtype of Bentink
dataset. d-value: delta value calculated by SAM. miRNA f-test: The p-value
resulting from a test of differential variance between sample groups (F-test). RE
test: p-value of the t-test comparing Pita-based RE scores between the angio-
genic and non-angiogenic subtypes. RE diff: Indicates whether the miRNA had
a negative or positive RE change. Pos: RE scores were higher in the angiogenic
subtype. Neg: RE scores were lower in the angiogenic subtype.
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miRNA d-value f-test RE test RE diff

1 hsa.miR.22 14.5759914487857 1.6e-01 1.8e-02  Pos
2 hsa.miR.22. 13.5249969296589  1le+00 NA NA
3 hsa.miR.152 12.7668394139521 9.8e-01 9.5e-04  Neg
4 hsa.miR.21. 10.8201868895572  3.7¢-03 NA NA
5 hsa.miR.214 9.19825342854156 5.9¢-03 4.1e-01  Pos
6 hsa.miR.21 9.03382174336964 2.3e-09 5.3e-01 Neg
7 hsa.miR.409.3p  8.69248981290253 2.2e-01 6.1e-04 Neg
8 hsa.miR.18]1a. 8.40948825316703 6.2e-02 NA NA

9 hsa.miR.199b.5p 8.37852218525244 2.4e-01 5.8e-01 Neg
10 hsa.miR.199a.5p  8.24585556784546 8e-03 5.8e-01 Neg

11 hsa.miR.370 7.82873940709167  1le+00 2.7e-03  Pos
12 hsa.miR.214. 7.80740785241898 2.5e-01 NA NA
13 hsa.miR.132 7.53823330226452 2.7e-01 4.3e-10  Neg
14 hsa.miR.142.5p  7.40909134765141 6.8e-03 9.6e-06 Neg
15 hsa.miR.382 7.32184893555379 1.6e-01 4.3e-09  Neg

16 hsa.miR.199b.3p 7.02267392080627 1.4e-04 8.le-11 Neg
17 hsa.miR.142.3p  6.73438407792585 4.2e-02 5.8¢-06 Neg

18 hsa.miR.379 6.5480476626936 2.5e-02 4.3e-06  Neg
19 hsa.miR.127.3p  6.47116045447919 6.2e-03 9.0e-05 Pos
20 hsa.let.7b 6.43215142796517 1.5e-03 1.4e-01 Neg
21  hsa.miR.150 6.19356359472626 2.9¢-01 7.6e-01  Pos
22 hsa.miR.31 6.02696145707174 1.6e-04 7.5e-01  Pos
23 hsa.miR.24 5.72303397951046 1.3e-07 1.7e-03  Neg
24  hsa.miR.452 5.65036780466417  2e-03 4.le-11 Neg
25 hsa.miR.645 5.59764782710086  1le+00 3.5e-01  Pos
26 hsa.miR.193a.5p 5.59131307158961 6.3e-01 6.5e-03 Neg
27 hsa.miR.155 5.56947337893767 1.6e-04 2.6e-04 Neg
28 hsa.miR.342.3p  5.29191553243484 1.2e-03 9.8e-07 Neg
29 hsa.miR.630 5.25535688376085  1e+00 5.5e-01 Neg
30 hsa.miR.27b 0.23617770799762 3.6e-04 1.6e-10 Neg

Table B.2: Top 30 upregulated miRNAs in the angiogenic subtype of the TCGA
dataset. d-value: delta value calculated by SAM. miRNA f-test: The p-value
resulting from a test of differential variance between sample groups (F-test). RE
test: p-value of the t-test comparing Pita-based RE scores between the angiogenic
and non-angiogenic subtypes. RE diff: Indicates whether the miRNA had a
negative or positive RE change. Pos: RE scores were higher in the angiogenic
subtype. Neg: RE scores were lower in the angiogenic subtype.
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miRNA d-value f-test RE test RE diff
1 hsa-miR-514 -7.62262982978304  1.2e-14 0.0322 Pos
2  hsa-miR-202* -7.50335189045396 < le-16 NA NA
3 hsa-miR-509 -7.18034797347884 le-03 NA NA
4  hsa-miR-508 -6.55506990784591  3.5e-07 NA NA
5 hsa-miR-506 -6.21247481904752  4.4e-11 0.0432 Neg
6 hsa-miR-202 -6.16921382703114  9.5e-10 0.1732  Neg
7 hsa-miR-532 -5.50253856407225  4.6e-01 NA NA
8 hsa-miR-510 -4.9401297643018 < le-16 0.9856  Pos
9 hsa-miR-660 -4.92007418146522 1.1e-01  0.8459 Pos
10 hsa-miR-500 -4.80153574588705  2.2e-02 0.8901  Pos
11 hsa-miR-513 -4.61123034244555 6.6e-14 NA NA
12 hsa-miR-30e-5p -4.59988368047642 7.9e-01 NA NA
13 hsa-miR-507 -4.46360303507421  1.5e-02 0.0868  Neg
14 hsa-miR-188 -4.42316572507479  8.6e-01 NA NA
15 hsa-miR-10b -4.24206486311524  8.9e-01 0.2175 Pos
16 hsa-miR-497 -4.12085160381904  6.5e-01 0.5251  Pos
17  hsa-miR-362 -4.10555874283819  7.8¢-03 NA NA
18 hsa-miR-101 -3.96670729141043 2e-01 0.4266  Neg
19 hsa-miR-502 -3.83265409942297 le-02 NA NA
20  hsa-miR-29c¢ -3.49913127513713  3.3e-01 0.0053  Neg
21  hsa-miR-592 -3.33423688498934  8.9¢-03 0.0268  Pos
22  hsa-miR-328 -3.21308504281908  2.5e-02 0.9486  Pos
23  hsa-miR-195 -3.18724768232318  6.1e-01  0.5251  Pos
24 hsa-miR-186 -3.17934884511477  1e4+00 0.8286  Pos
25  hsa-miR-99a -3.16823596985077  9.3e-01 0.0235  Neg
26 hsa-miR-488 -3.15063455115632 2e-07 0.9942 Pos
27 hsa-miR-130a -3.1049627301132  9.8¢-01 0.4338  Neg
28 hsa-miR-345 -3.05379541192924  7.9e-01 0.2726  Neg
29 hsa-miR-30e-3p -3.04632424695345 9.8e-01 NA NA
30 hsa-miR-29b -3.01189584330326  9.3e-01 0.0053  Neg

Table B.3: Top 30 downregulated miRNAs in angiogenic subtype of Bentink
dataset. d-value: delta value calculated by SAM. miRNA f-test: The p-value
resulting from a test of differential variance between sample groups (F-test). RE
test: p-value of the t-test comparing Pita-based RE scores between the angiogenic
RE diff: Indicates whether the miRNA had a
negative or positive RE change. Pos: RE scores were higher in the angiogenic

and non-angiogenic subtypes.

subtype. Neg: RE scores were lower in the angiogenic subtype.
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miRNA d-value f-test RE test RE diff

1 hsa.miR.514 -11.0744803824979 < le-16 5.4e-01  Pos
2 hsa.miR.509.3p  -10.1827702348673 < le-16 9.4e-03 Pos
3 hsa.miR.508.3p  -9.91581126305263 < le-16 5.le-12 Neg
4 hsa.miR.507 -9.72807539865771 < le-16 1.9e-02  Neg
5 hsa.miR.509.3.5p -9.69325234983162 < le-16 6.2e-03 Neg
6 hsa.miR.509.5p  -9.64652324502946 < le-16 6.2¢-03 Neg
7 hsa.miR.506 -9.31159026633211 < le-16 5.0e-12  Neg
8 hsa.miR.510 -8.86317262804193 < le-16 5.5e-05 Neg
9 hsa.miR.219.5p  -7.36597760916123 7.4e-04 5.9e-03 Neg
10 hsa.miR.513c -7.16165521980113  2.2e-16 7.4e-01  Pos
11 hsa.miR.20a. -6.44558381098497  4.2e-02 NA NA
12 hsa.miR.20b -6.16587037961964  3.3e-01 2.9e-11  Neg
13 hsa.miR.362.3p  -6.14042674300895 1.3e-01 3.9e-01  Pos
14 hsa.miR.26b -6.09000202374861  1le+00 7.1e-09 Neg
15  hsa.miR.30e. -5.98461383236935  3.3e-01 NA NA
16 hsa.miR.513a.5p  -5.9286787501011 7.7e-10 2.4e-01  Pos
17 hsa.miR.513b -5.72384134997389  4.2¢-08 2.6e-06  Neg
18 hsa.miR.20a -5.68934314656094  9.4e-01 2.9e-11  Neg
19 hsa.miR.335 -5.63019838505151  4.7e-03  7.8e-02  Neg
20 hsa.miR.141. -5.59807365643323  3.3e-01 NA NA
21  hsa.miR.96 -5.54329186471013  3.5e-01 4.0e-11  Neg
22 hsa.miR.30c -5.50124336578829  1.5e-01 1.5e-07  Neg
23 hsa.miR.25 -5.43089551434303  9.1e-02 1.6e-12  Neg
24  hsa.miR.148b -5.29737312736283  3.1e-01 9.5e-04  Neg
25 hsa.miR.106b -5.17071517266145  3.5e-01  2.9e-11  Neg
26  hsa.miR.660 -5.02755940993347  3.4e-01 2.5e-03  Neg
27 hsa.miR.19b.1. -4.98238623573534  5.2¢-03 NA NA
28 hsa.miR.9. -4.94842910115994 < le-16 NA NA
29 hsa.miR.153 -4.93786612880719  3.1e-05 2.1e-01  Neg
30 hsa.miR.183 -4.87069679073173  1.3e-02 4.5e-03  Neg

Table B.4: Top 30 downregulated miRNAs in the angiogenic subtype of the
TCGA dataset. d-value: delta value calculated by SAM. miRNA f-test: The
p-value resulting from a test of differential variance between sample groups (F-
test). RE test: p-value of the t-test comparing Pita-based RE scores between
the angiogenic and non-angiogenic subtypes. RE diff: Indicates whether the
miRNA had a negative or positive RE change. Pos: RE scores were higher in
the angiogenic subtype. Neg: RE scores were lower in the angiogenic subtype.
NA indicates that no target prediction data were available for that miRNA, and
therefore no RE score could be calculated.
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Pita

Pictar Targetscan mirSVR

1 hsa-miR-639

Table B.5: Positive RE-changing miRNAs calculated for each of the four miRNA
target prediction tools, using the Bentink mRNA expression dataset, p<0.05.

Pita Pictar Targetscan mirSVR

1 hsa-miR-574-5p  hsa-miR-34b hsa-miR-18a*

2 hsa-miR-1207-5p hsa-miR-198 hsa-miR-25*

3 hsa-miR-939 hsa-miR-369-5p hsa-miR-93*

4  hsa-miR-663 hsa-miR-331 hsa-miR-129*

5 hsa-miR-671-5p  hsa-miR-133b hsa-miR-181a*

6 hsa-miR-608 hsa-miR-133a hsa-miR-122*

7 hsa-miR-1268 hsa-miR-34c hsa-miR-129-3p

8 hsa-miR-1254 hsa-miR-195 hsa-miR-29¢*

9 hsa-miR-885-3p  hsa-miR-152 hsa-miR-361-3p
10 hsa-miR-708 hsa-miR-215 hsa-miR-342-5p
11  hsa-miR-602 hsa-miR~107 hsa-miR-151-5p
12 hsa-miR-661 hsa-miR-103 hsa-miR-196b*
13 hsa-miR-1293 hsa-miR-16 hsa-miR-423-5p
14  hsa-miR-637 hsa-miR-15a hsa-miR-423-3p
15  hsa-miR-423-5p  hsa-miR-217 hsa-miR-~409-5p

Table B.6: Top 15 positive RE-changing miRNAs, TCGA dataset.
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Pita Pictar Targetscan mirSVR

1 hsa-miR-675 hsa-miR-29c¢ hsa-miR-425*
2 hsa-miR-644 hsa-miR-29b hsa-miR-602
3 hsa-miR-614 hsa-miR-29a hsa-miR-612
4 hsa-miR-521 hsa-let-7i hsa-miR-1538
5 hsa-miR-32 hsa-miR-4296
6 hsa-miR-92 hsa-miR-4319
7 hsa-miR-9 hsa-miR-4322
8 hsa-let-7b hsa-miR-4260
9 hsa-let-7f hsa-miR-4254

10 hsa-miR-129 hsa-miR-4265

11 hsa-miR-191

12 hsa-miR-151

13 hsa-miR-33

14 hsa-miR-125b

15 hsa-let-7g

Table B.7: To 15 negative RE-changing miRNAs calculated for each of the four
miRNA target prediction tools, using the Bentink mRNA expression dataset,

p<0.05.
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Pita Pictar Targetscan mirSVR

1 hsa-miR-765 hsa-miR-299-3p hsa-let-7a*

2 hsa-miR-339-5p hsa-miR-124a hsa-let-7a-2*

3 hsa-miR-638 hsa-miR-137 hsa-let-7b*

4  hsa-miR-1299 hsa-miR-324-3p hsa-let-7c¢*

5 hsa-miR-663b hsa-miR-22 hsa-let-7d*

6 hsa-miR-1825 hsa-miR-182-star hsa-let-7e*

7 hsa-miR-1253 hsa-miR-326 hsa-let-7{-1*

8 hsa-miR-499-5p hsa-miR-299-5p hsa-let-7f-2*

9 hsa-miR-1236 hsa-miR-~136 hsa-miR-16-1*
10 hsa-miR-767-5p hsa-miR-218 hsa-miR-17*
11  hsa-miR-1226 hsa-miR-328 hsa-miR-19a*
12 hsa-miR-493 hsa-miR-30e-5p hsa-miR-19b-1*
13 hsa-miR-616 hsa-miR-30d hsa-miR-19b-2*
14 hsa-miR-612 hsa-miR-30c hsa-miR-20a*
15 hsa-miR-103 hsa-miR-30b hsa-miR-21*

Table B.8: Top 15 negative RE-changing miRNAs calculated for each of the
four miRNA target prediction tools, using the TCGA mRNA expression dataset,

p<0.05.
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X1 X2 X3 X4 X5
1 NAT2 ALG3 IKZF1 GPNMB PDLIM5
2 ADA PSME3 RRAGB BATAP2 TRIM3
3 CDH2 MPHOSPH9 SIRPB1 CDX4 HEXIM1
4 MEDG6 ADAM10 EMCS8 TACC3 STAMBP
5 ZBTB33 CALCRL CDKN3 COGH TGOLN2
6 HDAC5  USPL1 TFG PFDNG CENPE
7 CHAF1A FLOT1 NPM3 SLC9A6 POLR3C
8 CDH6 SSX3 KLF2 EIF3M POSTN
9 MICA PRG4 CITED2 VTI1B GAS2L1
10 SMC4 CD96 SEMA3A CRTAP EXOC5
11 DNMI1L  PLIN3 TUBA1B SYNCRIP  IGF2BP3
12 DPP3 MFSD10 TUBB3 VAT1 IGF2BP2
13 ATP9A RASGRP2 SYCP2 SEMAG6C CAMKK?2
14 TSFM HNRNPR SCML2 CEBPB CELF1
15 TSPAN1 CDKS8 ANAPC10 FBLN5 LBX1
16 CTDSP2 ABCC4 DLC1 IPOS8 KLF1
17 KIF20A  FSTL3 NDRG1 NEBL GNA13
18  HIPK3 NET1 NDC80 BATF GNB5
19 ARL4A  UBE4B BASP1 ARL6IP5 EBP
20 CELA3A EIF1B IFITTM3 AGR2 CLDN16
21 TOB1 SF3A1 SPON2 AGPAT?2 GMEB1
22 G3BP1 TRAIP TESK2 SPTLC1 CCT6B
23 GPRo64 APC2 ARIH2 SLC19A2 TBR1
24 MBNL2 PAKA4 CDC42EP2 CXCL13 TCFL5
25 CEBPZ  MARCHG6 OLFM1 MRPL28 PLK4
26 FARP1 ADAR CDX1 CCT4 STAG2
27 LPCAT3 ZNF267 TIMM17A  SORBS1 PHTF1
28 CDKN2C N4BP2L2 ERN2 MAP3K2
29 DHRS9 DSCR3 MCRS1 AHSA1 CTSC
30 TNK2 CDKN2D LRRN2 CDC42EP3 NUP5H0

Table B.9: 150 of the 2508 genes with expression patterns significantly anticor-
related with the 506-514 cluster of miRNAs in the Bentink dataset.
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X1 X2 X3 X4 X5

1 CDH2 ACTR3  CDK2 CDKS8 TCIRG1

2 AKT3 ACTR2  DHRS9 MRPS31 TNIP1

3 GNPDA1 TSPAN3 CDK3 CALCOCO2 IKZF1

4 TANK NUBP2  RBM6 GPHN CRISP3

5 HDAC6 TSPAN1 LHFP RABEPK SMYD5

6 BCL2L11 CTDSP2 TNK2 SLC17A2 KLHL41

7 GNE SGK2 CDK4 HRSP12 RRAGB

8 TROAP  RADS50 RNF41 CDK9 SIRPB1

9 MEDI16 KIF20A MPHOSPH9 SRRM1 AKRI1A1
10 CHAF1A PREB CALCRL CNKSR1 EMCS
11 TOMI1L1 ACTRIA NUTF2 CDKN1A CDKN3
12 TOM1 ARLAC MPZL2 SF3B4 CNPY2
13 SH2D3A  ARL4A  USPL1 CDK2AP2 TLR6
14 DNAJB6 DNAL4  EIF1 IRX5 TFG
15 OCLN FRY FLOT1 ZMPSTE24  TRIM22
16 SMC4 TRAP1 DDX39A FSTL3 HMG20B
17 SAE1 BCAP31 PSMD14 NET1 KLEF?2
18 ABCB6 CELA3A SSX3 PRSS16 CACNG3
19 DNMIL RBM12 OLIG2 CDKN1C CACNG2
20 CDHS ARFRP1 PRG4 RGS19 CITED2
21 NRI1H3 TOB1 CTDSPL LILRB2 TUBA1B
22 COX17 C4orf6 CDKT7 EIF1B CDR1
23 DPP3 FAM13A GPA33 DNAJA2 TUBB4A
24 TSPAN32 G3BP1 CD96 APC2 TUBB4B
25 CDHI10 SUGP2 MFSD10 PAK4 BTN2A2
26 USHI1C ABI2 STX6 MARCH6 CORO2B
27 EDIL3 CEBPZ  RCAN2 KATNB1 ANAPCI10
28 UST FARP1 LRRC17 SNAPCbH DLC1
29 ARPC5H LPCAT3 SLC35B1 APBB3 NDRG1
30 ARPC3 WASF2  AP3S2 CCNO CDS1

Table B.10: 150 of the 4082 genes with expression patterns significantly anticor-
related with the 506-514 cluster of miRNAs in the TCGA dataset.
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G0:0035279
G0:0035195
GO:0035278
G0:0031054
G0:0060964
G0:0035281

negative regulation of gene silencing by miRNA

miRNA metabolic process

miRNA loading onto RISC involved in gene silencing by miRNA
miRNA catabolic process

production of miRNAs involved in gene silencing by miRNA
primary microRNA processing

mRNA cleavage involved in gene silencing by miRNA

gene silencing by miRNA

negative regulation of translation involved in gene silencing by miRNA
pre-microRNA processing

regulation of gene silencing by miRNA

pre-microRNA export from nucleus

Table B.11: GO terms used for selection of genes associated with miRNA pro-

cessing.
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Gene Symbol Fold-change

1 ZCCHC11 0.828797785484468
2 TARBP2 0.859199121208351
3 DGCRS 0.893944194553101
4 SRRT 0.903452443991202
5 LIMD1 0.885246870396264
6 SMAD3 0.929470804122887
7 SRRT 0.917074609017892

Table B.14: miRNA-processing genes downregulated in the angiogenic subtype
of the TCGA dataset. Significance Analysis of Microarrays (SAM) with an FDR
of 0.05.

Gene Symbol Fold-change

1 MZF1 0.847375700753309
2 MZF1 0.86856610168371
3 ELKI1 0.909555823477458
4 ELKI1 0.912496599918915
5 CTCF 0.93190084059775
6 MAFB 1.65743194757325
7 EGRI1 1.42766591591708
8 EGRI1 1.41325065192716
9 HIF1A 1.11561212885967
10 NFKBI1 1.11835865833132

Table B.15: Transcription factors differentially expressed in the angiogenic sub-
type of the TCGA dataset. Significance Analysis of Microarrays (SAM) with an
FDR of 0.05.
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Appendix C

Chapter 4 Additional Tables

p-value coefficient ci

hsa-miR-373* 1.89e-02  -6.54e-01 0.63
hsa-miR-609 4.51e-02  -5.63e-01 0.64
hsa-miR-216 3.73e-02  -4.07e-01 0.63
hsa-miR-184 4.44e-02 -1.80e-01 0.64
hsa-miR-190 3.39e-02  -1.40e-01 0.64
hsa-miR-548b 5.40e-03 -1.24e-01 0.64
hsa-miR-373 6.17e-03  -1.08e-01 0.63
hsa-miR-613 1.26e-02  -9.65e-02 0.64
hsa-miR-27a 4.78¢-02  -9.26e-02 0.63
hsa-miR-147 1.92e-02 -7.86e-02 0.63
hsa-miR-563 4.05e-02  -6.73e-02 0.63
hsa-miR-602 1.83e-03  -6.71e-02 0.63
hsa-miR-330 3.89e-02  -6.37e-02 0.62
hsa-miR-517c 1.57e-02 -6.31e-02 0.63
hsa-miR-565 3.10e-02  -6.05e-02 0.63
hsa-let-7g  4.76e-03  -5.60e-02 0.64
hsa-miR-144 3.90e-03  -5.33e-02 0.63
hsa-miR-516-3p 2.62e-03  -4.13e-02 0.64
hsa-miR-554 9.22e-03  -3.96e-02 0.63
hsa-miR-638 1.06e-02  -3.78e-02 0.64
hsa-miR-422b  2.62e-02  -3.57e-02 0.64
hsa-miR-675 3.76e-02  -3.12e-02 0.63
hsa-miR-213 1.49e-02  -2.94e-02 0.63
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hsa-miR-492
hsa-miR-605
hsa-miR-519d
hsa-miR-522
hsa-miR-576
hsa-miR-551a
hsa-miR-128a
hsa-miR-614
hsa-miR-202
hsa-miR-624
hsa-miR-501
hsa-miR-196b
hsa-miR-192
hsa-miR-219
hsa-miR-130b
hsa-miR-140
hsa-miR-378
hsa-miR-635
hsa-miR-93
hsa-miR-218
hsa-miR-560
hsa-miR-486
hsa-miR-189
hsa-miR-768-5p
hsa-miR-19b
hsa-miR-~512-5p
hsa-miR-223
hsa-miR-338
hsa-miR-29a
hsa-miR-517b
hsa-miR-204
hsa-miR-594
hsa-miR-625
hsa-miR-34b
hsa-miR-598
hsa-miR-595
hsa-miR-19a
hsa-miR-671
hsa-miR-182*
hsa-miR-661
hsa-miR-96

3.63e-04
1.01e-03
1.13e-02
3.05e-02
6.29¢-03
7.81e-03
5.08e-03
3.32¢e-03
1.82e-02
2.00e-03
3.66¢-03
6.19e-03
8.02¢e-04
1.22e-04
3.62¢-04
5.31e-05
3.46e-05
2.13e-06
1.00e-05
1.23e-03
9.81e-04
2.59e-03
1.38e-03
2.11e-03
1.66e-03
4.33e-03
7.61e-03
1.30e-02
3.14e-03
1.05e-02
1.87e-02
8.08e-03
1.35e-02
4.44e-02
1.24e-02
5.14e-04
3.24e-02
1.27e-02
4.74e-02
6.23e-03
1.31e-02
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-2.91e-02
-2.84e-02
-2.83e-02
-2.28e-02
-1.86¢-02
-1.85¢-02
-1.84e-02
-1.81e-02
-1.69e-02
-1.58e-02
-1.53e-02
-1.13e-02
-8.41e-03
-5.49¢-03
-4.34e-03
-1.89¢-03
-1.21e-03
-1.13e-03
1.63e-03
6.93¢e-03
7.51e-03
7.68e-03
8.03e-03
9.85e-03
1.18e-02
1.42e-02
2.00e-02
2.13e-02
2.21e-02
2.38e-02
2.53e-02
2.53e-02
2.65e-02
2.75e-02
2.78e-02
3.02¢e-02
3.09¢e-02
3.30e-02
3.74e-02
3.78e-02
3.90e-02

0.64
0.63
0.64
0.62
0.63
0.63
0.63
0.64
0.64
0.63
0.64
0.64
0.64
0.64
0.64
0.64
0.64
0.64
0.64
0.64
0.63
0.64
0.64
0.64
0.64
0.63
0.64
0.63
0.63
0.64
0.63
0.63
0.63
0.62
0.64
0.63
0.63
0.63
0.63
0.63
0.63



hsa-miR-106b  7.75e-03 4.03e-02 0.64
hsa-miR-132 2.86e-02 4.04e-02 0.63
hsa-let-7¢c  1.27e-02 4.22e-02 0.63
hsa-miR-652 2.56e-02 4.27¢-02 0.64
hsa-miR-99a  3.74e-02 4.32¢-02 0.64
hsa-miR-23b  3.98e-03 4.45e-02 0.63
hsa-miR-484 6.18e-03 4.63e-02 0.64
hsa-miR-22 2.55e-02 4.79e-02 0.64
hsa-miR-200a 1.88e-02 4.82¢-02 0.64
hsa-miR-345 4.38e-02 5.47¢-02  0.63
hsa-miR-494 2.44e-02 5.55e-02 0.64
hsa-miR-518b  2.10e-02 6.11e-02 0.63
hsa-miR-616 4.75e-03 6.15e-02 0.64
hsa-miR-18b  3.56e-02 6.31e-02 0.64
hsa-miR-520b 3.11e-03 6.36e-02 0.63
hsa-miR-610 3.71e-02 6.87¢-02 0.63
hsa-miR-25 2.11e-02 7.60e-02 0.63
hsa-miR-141 3.45e-02 7.88e-02 0.64
hsa-miR-525*% 3.17e-03 8.10e-02 0.64
hsa-miR-767-5p 4.15e-02 8.51e-02 0.63
hsa-miR-587 3.16e-03 8.91e-02 0.63
hsa-miR-~520g 5.31e-03 1.12e-01 0.63
hsa-miR-644 2.83e-02 1.17e-01 0.63
hsa-miR-662 4.39e-02 1.22e-01 0.64
hsa-miR-197 4.50e-02 1.33e-01 0.64
hsa-miR-518c  3.10e-02 1.53e-01 0.63
hsa-miR-589 9.12e-03 1.56e-01 0.63
hsa-miR-580 1.17e-02 2.60e-01  0.63
hsa-miR-520f 1.16e-02 2.77e-01 0.63
hsa-miR-557 3.10e-02 3.13e-01  0.64
hsa-miR-593  4.05e-02 3.36e-01  0.63
hsa-miR-562 1.63e-02 6.25e-01  0.63
hsa-miR-516-5p 4.02e-02 8.35e-01 0.63
hsa-miR-367 4.94e-02  1.25e+00 0.63

Table C.1: miRNAs with expression values most predic-
tive of survival using a univariate model. Models cal-
culated using expression data from the Bentink dataset,
and based on the p-value calculated with a likelihood ra-
tio test. Models for 98 miRNAs had a calculated p-value
of p < 0.052. ci: Concordance index of the model.
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p-value coefficient ci

RE-hsa-miR-525-5p 3.04e-02  -4.01e-04 0.64
RE-hsa-miR-520a-5p 3.04e-02  -4.01e-04 0.64
RE-hsa-miR-592 4.52e-02  -3.87e-04 0.63
RE-hsa-miR-654-5p 4.18e-02  -3.86e-04 0.64
RE-hsa-miR-708 4.91e-02  -3.83e-04 0.62
RE-hsa-miR-324-5p 4.88e-02  -3.73e-04 0.63
RE-hsa-miR-646 4.13e-02  -3.71e-04 0.64
RE-hsa-miR-28-5p 4.63e-02  -3.69¢-04 0.63
RE-hsa-miR-541 3.82e-02  -3.65e-04 0.63
RE-hsa-miR-34c¢-3p 4.12e-02  -3.27e-04 0.63
RE-hsa-miR-657 4.98e-02  -3.22e-04 0.64
RE-hsa-miR-365 2.07e-02  -2.86e-04 0.64
RE-hsa-miR-1299 3.29¢-02  -2.76e-04 0.64
RE-hsa-miR-453 2.77e-02  -2.74e-04 0.64
RE-hsa-miR-616 4.19e-02  -2.70e-04 0.64
RE-hsa-miR-554 4.53e-02 -2.64e-04 0.64
RE-hsa-miR-636 2.67e-02  -2.54e-04 0.64
RE-hsa-miR-329 1.31e-02  -2.49e-04 0.63
RE-hsa-miR-362-3p 1.31e-02  -2.49e-04 0.63
RE-hsa-miR-335 4.63e-02  -2.49e-04 0.63
RE-hsa-miR-127-5p 2.71e-02  -2.34e-04 0.64
RE-hsa-miR-28-3p 4.54e-02  -2.10e-04 0.63
RE-hsa-miR-1245 4.06e-02  -2.03e-04 0.64
RE-hsa-miR-1208 1.65e-02  -2.01e-04 0.64
RE-hsa-miR-595 3.23e-02  -2.00e-04 0.64
RE-hsa-miR-433 2.33e-02  -1.95e-04 0.64
RE-hsa-miR-532-5p 2.34e-02  -1.91e-04 0.64
RE-hsa-miR-328 1.05e-02  -1.89¢-04 0.63
RE-hsa-miR-556-3p 2.87e-02  -1.83e-04 0.64
RE-hsa-miR-188-5p 9.77e-03  -1.71e-04 0.64
RE-hsa-miR-149 1.22e-02  -1.70e-04 0.63
RE-hsa-miR-590-5p 1.94e-02  -1.65e-04 0.64
RE-hsa-miR-1185 1.67e-02  -1.50e-04 0.64
RE-hsa-miR-412 1.23e-02  -1.48e-04 0.64
RE-hsa-miR-610 1.84e-02  -1.48e-04 0.63
RE-hsa-miR-573 1.13e-02  -1.36e-04 0.64
RE-hsa-miR-639 2.64e-02  -1.36e-04 0.63
RE-hsa-miR-342-5p 1.38e-02  -1.28e-04 0.64
RE-hsa-miR-549 9.98e-03  -1.25e-04 0.64
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RE-hsa-miR-562
RE-hsa-miR-518e
RE-hsa-miR-640
RE-hsa-miR-1227
RE-hsa-miR-21
RE-hsa-miR-147b
RE-hsa-miR-548m
RE-hsa-miR-663b
RE-hsa-miR-664
RE-hsa-miR-142-3p
RE-hsa-miR-208a
RE-hsa-miR-208b
RE-hsa-miR-491-3p
RE-hsa-miR-379
RE-hsa-miR-518a-3p
RE-hsa-miR-518d-3p
RE-hsa-miR-518c¢
RE-hsa-miR-518f
RE-hsa-miR-518b
RE-hsa-miR-222
RE-hsa-miR-937
RE-hsa-miR-126
RE-hsa-miR-221
RE-hsa-miR-886-5p
RE-hsa-miR-720
RE-hsa-miR-1254
RE-hsa-miR-671-3p
RE-hsa-miR-1281
RE-hsa-miR-663
RE-hsa-miR-885-5p
RE-hsa-miR-1296
RE-hsa-miR-598
RE-hsa-miR-451
RE-hsa-miR-302f
RE-hsa-miR-206
RE-hsa-miR-1
RE-hsa-miR-582-3p
RE-hsa-miR-220c¢
RE-hsa-miR-1304
RE-hsa-miR-299-5p
RE-hsa-miR-496

1.25e-02
1.37e-02
7.54e-03
6.40e-03
6.97e-03
2.09e-02
5.25e-03
4.70e-03
3.62e-03
4.23e-03
7.11e-03
7.11e-03
3.93e-03
2.75e-03
1.84e-03
1.84e-03
1.84e-03
1.84e-03
1.84e-03
1.47e-03
1.42e-02
8.47e-03
5.60e-04
3.38e-03
2.50e-04
5.45e-05
3.39e-05
1.24e-05
5.24e-04
2.94e-04
3.30e-04
1.27e-03
2.30e-03
7.59e-04
9.48e-04
9.48e-04
2.43e-03
7.84e-04
3.48e-03
2.33e-03
5.51e-03
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-1.21e-04
-1.19e-04
-1.16e-04
-1.10e-04
-9.99¢-05
-9.96e-05
-8.82¢e-05
-8.79¢-05
-8.38e-05
-8.30e-05
-8.10e-05
-8.10e-05
-7.70e-05
-5.02¢e-05
-4.83e-05
-4.83e-05
-4.83e-05
-4.83e-05
-4.83e-05
-4.64¢-05
-3.65¢-05
-3.35e-05
-2.87¢e-05
-2.53e-05
-1.40e-05
-1.40e-05
-3.63¢-06
-3.14e-06
1.79e-05
2.00e-05
2.06e-05
4.36e-05
4.89e-05
5.20e-05
5.63e-05
5.63e-05
6.64e-05
6.71e-05
7.35e-05
7.64e-05
8.20e-05

0.64
0.64
0.64
0.64
0.63
0.63
0.64
0.64
0.64
0.63
0.64
0.64
0.64
0.64
0.64
0.64
0.64
0.64
0.64
0.64
0.63
0.63
0.64
0.64
0.64
0.64
0.64
0.64
0.64
0.64
0.63
0.63
0.64
0.63
0.63
0.63
0.63
0.63
0.64
0.63
0.63



RE-hsa-miR-642 3.43e-03 8.68e-05 0.63
RE-hsa-miR-615-3p 2.85e-02 9.53e-05 0.63
RE-hsa-miR-409-5p 5.46e-03 9.61e-05 0.63

RE-hsa-miR-645 4.75e-03 1.01e-04 0.64

RE-hsa-miR-614 3.08e-02 1.04e-04 0.63
RE-hsa-miR-875-5p 1.16e-02 1.05e-04 0.63
RE-hsa-miR-886-3p 2.19e-02 1.06e-04 0.63

RE-hsa-miR-1233 4.31e-03 1.20e-04 0.63

RE-hsa-miR-939 8.28e-03 1.20e-04 0.64
RE-hsa-miR-768-5p 8.33e-03 1.34e-04 0.63

RE-hsa-miR-921 1.33e-02 1.34e-04 0.64
RE-hsa-miR-524-3p 1.73e-02 1.39¢-04 0.63
RE-hsa-miR-525-3p 1.73e-02 1.39¢-04 0.63

RE-hsa-miR-613 9.77e-03 1.81e-04 0.63

RE-hsa-miR-522 1.38e-02 1.82e-04 0.63

RE-hsa-miR-100 3.86e-02 1.92e-04 0.63

RE-hsa-miR-99a 3.86e-02 1.92e-04 0.63

RE-hsa-miR-99b  3.86e-02 1.92e-04 0.63

RE-hsa-miR-1288 2.55e-02 2.24e-04  0.63
RE-hsa-miR-382 3.20e-02 2.59¢-04  0.63
RE-hsa-miR-1324 1.66e-02 2.67e-04 0.63
RE-hsa-miR-486-3p 4.44e-02 2.75e-04  0.63
RE-hsa-miR-584 4.41e-02 2.88¢e-04 0.63
RE-hsa-miR-1302 3.62e-02 3.30e-04  0.63
RE-hsa-miR-342-3p 2.82e-02 3.31e-04 0.63
RE-hsa-miR-205 4.63e-02 3.32e-04  0.63
Table C.2: miRNAs with RE scores most predictive of
survival in the Bentink dataset, based on the p-value
calculated with a likelihood ratio test. Models for 106
miRNAs had a calculated p-value of p< 0.051 . ci: Con-
cordance index of the model.

p-value coefficient ci

hsa.miR.552 3.98e-02  -4.63e-01 0.63
hsa.miR.325 2.19e-02  -3.91e-01 0.63
hsa.miR.589 2.02¢-02 -2.71e-01 0.63
hsa.miR.371.3p 4.81e-02 -2.07e-01 0.63
hsa.miR.580 8.05e-03  -2.01e-01 0.63
hsa.miR.658 1.16e-02  -1.94e-01 0.63
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hsa.miR.216b
hsa.miR.499.3p
hsa.miR.524.3p
hsa.miR.519¢.3p
hsa.miR.520h
hsa.miR.135b.
hsa.miR.629
hsa.miR.519b.3p
hsa.miR.556.5p
hsa.miR.485.5p
hsa.miR.518e
hsa.miR.501.3p
hsa.miR.10a.
hsa.miR.129.
hsa.miR.137
hsa.miR.369.5p
hsa.miR.371.5p
hsa.miR.154.
hsa.miR.635
hsa.miR.141.
hsa.miR.196a
hsa.miR.509.5p
hsa.miR.517b
hsa.miR.508.3p
hsa.miR.22.
hsa.miR.193b
hsa.miR.624.
hsa.miR.142.5p
hsa.miR.19b.1.
hsa.miR.185
hsa.miR.196b
hsa.miR.141
hsa.miR.106b
hsa.let.7e.
hsa.miR.29¢
hsa.miR.205
hsa.miR.380.
hsa.miR.598
hsa.miR.30e
hsa.miR.487b
hsa.miR.510

5.68e-03
1.01e-02
1.01e-02
3.13e-02
4.29¢-02
4.29e-03
2.02e-02
1.95e-02
1.49e-03
7.92e-03
1.78e-02
3.32¢e-02
4.56¢e-02
3.73e-02
4.09e-02
8.93e-03
2.12e-02
2.14e-02
2.84e-04
1.19e-02
4.63e-02
3.68e-02
1.03e-02
2.01e-02
4.22¢-03
1.30e-02
2.66e-04
2.94e-02
1.44e-03
3.97e-03
2.10e-02
4.90e-03
2.51e-03
1.75e-04
2.54e-03
1.97e-02
7.55e-06
1.08e-03
9.88e-04
9.66e-04
7.13e-04
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-1.50e-01
-1.49¢-01
-1.15e-01
-1.02e-01
-9.62e-02
-9.35e-02
-8.43e-02
-7.35e-02
-6.52¢-02
-5.78e-02
-5.03e-02
-4.02e-02
-3.90e-02
-3.85e-02
-3.79e-02
-3.22¢e-02
-2.66e-02
-2.35e-02
-2.06e-02
-1.96e-02
-1.85e-02
-1.70e-02
-1.59¢-02
-1.45e-02
-1.44e-02
-1.38e-02
-1.37e-02
-1.29¢-02
-1.06e-02
-1.01e-02
-9.79e-03
-8.90e-03
-7.62e-03
-5.79e-03
-5.61e-03
-5.51e-03
-5.19e-03
-4.41e-03
-4.40e-03
-4.10e-03
-3.40e-03

0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63



hsa.miR.338.3p
hsa.miR.500
hsa.miR.361.5p
hsa.miR.509.3p
hsa.miR.200a.
hsa.miR.181b
hsa.miR.551b
hsa.miR.24.1.
hsa.miR.515.3p
hsa.miR.31.
hsa.miR.544
hsa.miR.514
hsa.miR.100
hsa.miR.509.3.5p
hsa.miR.675
hsa.miR.432
hsa.miR.181c¢
hsa.miR.96
hsa.miR.203
hsa.miR.200b.
hsa.miR.27b
hsa.miR.302b.
hsa.miR.125b
hsa.miR.130b
hsa.miR.507
hsa.miR.195
hsa.miR.181d
hsa.miR.34a.
hsa.miR.892b
hsa.miR.182
hsa.miR.376b
hsa.miR.126
hsa.miR.330.5p
hsa.miR.30c.2.
hsa.miR.543
hsa.miR.661
hsa.miR.376a.
hsa.miR.875.5p
hsa.miR.518c
hsa.miR.191.
hsa.miR.30c.1.

1.29e-03
1.65e-04
1.15e-04
4.35e-04
5.86e-06
4.72e-05
4.31e-04
3.18e-04
8.78e-05
1.87e-03
3.18e-06
4.89e-03
6.13e-03
1.03e-02
5.60e-05
2.05e-03
9.56e-03
1.42¢-02
1.31e-02
2.64e-03
5.01e-03
1.61e-05
1.41e-02
1.37e¢-02
3.37e-02
4.08e-02
1.81e-02
6.57e-03
1.41e-02
2.60e-02
3.10e-02
3.14e-02
2.22e-04
2.81e-02
2.99¢-02
1.56e-03
3.45e-02
3.42e-03
1.63e-02
2.37e-02
1.37e-02
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-2.81e-03
-2.54e-03
-1.62¢-03
-1.52e-03
3.27e-04
6.81e-04
1.58e-03
2.50e-03
2.72e-03
3.21e-03
3.71e-03
4.12e-03
6.35e-03
7.13e-03
7.24e-03
7.42¢-03
7.61e-03
7.77e-03
8.11e-03
8.51e-03
8.79¢e-03
8.92e-03
1.13e-02
1.32¢-02
1.65e-02
1.68e-02
1.82e-02
2.17e-02
2.18e-02
2.28e-02
2.55e-02
2.59e-02
2.65e-02
3.88e-02
4.27e-02
4.85e-02
5.19e-02
7.38e-02
7.92¢-02
7.98e-02
8.51e-02

0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63



hsa.miR.511 1.49e-03 9.08¢-02 0.63
hsa.miR.20b. 4.20e-03 9.76e-02 0.63
hsa.miR.377. 2.03e-02 1.04e-01 0.63
hsa.miR.643 2.23e-03 1.14e-01 0.63
hsa.miR.525.3p 6.91e-03 1.29¢-01 0.63
hsa.miR.624 1.03e-02 1.37e-01 0.63
hsa.miR.26a.2. 6.23e-03 1.52e-01 0.63
hsa.miR.527 6.53e-03 1.68e-01 0.63
hsa.miR.363. 1.77e-02 1.69e-01 0.63
hsa.miR.888 4.89e-02 2.09e-01  0.63
hsa.miR.621 4.47¢-02 2.64e-01 0.63
hsa.miR.587 1.19e-02 2.78e-01 0.63
hsa.miR.612 1.71e-02 3.22e-01  0.63
hsa.miR.523 4.94e-02 3.49e-01 0.63
hsa.miR.644 3.15e-02 3.69e-01  0.63
hsa.miR.626 4.65e-02 4.63e-01 0.63
Table C.3: miRNAs with expression values most predic-
tive of survival in the TCGA dataset, based on the p-
value calculated with a likelihood ratio test. Models for
105 miRNAs had a calculated p-value of p < 0.051 . ci:
Concordance index of the model.

p-value coefficient ci

hsa-miR-1301 4.76e-02  -9.27e-05 0.63
hsa-miR-592 4.95e-02  -8.82e-05 0.63
hsa-miR-768-3p 4.72e-02  -8.62e-05 0.63
hsa-miR-885-3p 4.43e-02  -8.49e-05 0.63
hsa-miR-484 4.77e-02  -8.37e-05 0.63
hsa-miR-938 4.95e-02  -7.99e-05 0.63
hsa-miR-125b  1.81e-02  -7.89e-05 0.63
hsa-miR-125a-5p 1.81e-02  -7.89e-05 0.63
hsa-miR-197 3.59e-02  -7.73e-05 0.63
hsa-miR-627 4.30e-02  -7.66e-05 0.63
hsa-miR-188-3p 2.72e-02  -7.19¢-05 0.63
hsa-miR-769-5p 4.17¢-02  -6.98¢-05 0.63
hsa-miR-760 2.06e-02  -6.66e-05 0.63
hsa-miR-1260 2.97e-02  -6.58¢-05 0.63
hsa-miR-623 3.30e-02  -6.21e-05 0.63
hsa-miR-515-3p 2.60e-02  -6.07e-05 0.63
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hsa-miR-920
hsa-miR-875-5p
hsa-miR-770-5p
hsa-miR-596
hsa-miR-220a
hsa-miR-492
hsa-miR-339-3p
hsa-miR-519¢e
hsa-miR-628-5p
hsa-miR-9
hsa-miR~219-2-3p
hsa-miR-379
hsa-miR-362-5p
hsa-miR-940
hsa-miR-450a
hsa-miR-553
hsa-miR-652
hsa-miR-1243
hsa-miR-378
hsa-miR-422a
hsa-miR-524-3p
hsa-miR-525-3p
hsa-miR-668
hsa-miR-1265
hsa-miR-1184
hsa-miR-140-5p
hsa-miR-542-5p
hsa-miR-188-5p
hsa-miR-122
hsa-miR-1281
hsa-miR-1296
hsa-miR-1233
hsa-miR-1288
hsa-miR-1180
hsa-miR-127-3p
hsa-miR-1227
hsa-miR-100
hsa-miR-99a
hsa-miR-99b
hsa-miR-210
hsa-miR-1307

2.82¢e-02
2.97e-02
3.59e-02
1.60e-02
2.66e-02
1.62e-02
4.14e-02
1.71e-02
1.48e-02
8.56e-03
1.51e-02
2.83e-02
8.88e-03
5.03e-03
4.37e-02
1.67e-02
1.77e-02
7.66e-03
5.89e-03
5.89e-03
1.35e-02
1.35e-02
7.22e-03
3.55e-03
3.67e-03
5.25e-03
1.13e-02
2.83e-03
4.33e-03
1.70e-02
2.24e-03
1.24e-03
5.36e-04
1.28e-04
3.49e-05
5.17e-06
2.89e-06
2.89e-06
2.89e-06
5.90e-04
1.04e-03
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-5.90e-05
-5.75e-05
-5.71e-05
-5.53e-05
-5.18e-05
-5.06e-05
-5.04e-05
-4.89¢-05
-4.79¢-05
-4.51e-05
-4.47¢-05
-4.29e-05
-3.61e-05
-3.56e-05
-3.51e-05
-3.31e-05
-3.25e-05
-3.22e-05
-3.11e-05
-3.11e-05
-3.00e-05
-3.00e-05
-2.48e-05
-2.42¢-05
-2.38e-05
-2.31e-05
-2.26e-05
-2.01e-05
-1.93e-05
-1.91e-05
-1.55e-05
-1.26e-05
-6.13e-06
-2.51e-06
-9.11e-07
-8.22e-07

4.17e-07

4.17e-07

4.17e-07

4.80e-06

5.39¢-06

0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63



hsa-miR-630 2.89e-04  6.43e-06 0.63
hsa-miR-629 7.91e-04  9.07e-06 0.63
hsa-miR-663 8.18e-04  9.51e-06 0.63
hsa-miR-598 1.62e-03 9.70e-06  0.63
hsa-miR-573 1.17e-03 1.17e-05 0.63
hsa-miR-886-3p 4.88e-03 1.20e-05 0.63
hsa-miR-1273  4.19e-03 1.26e-05 0.63
hsa-miR-1280 8.86e-03 1.50e-05 0.63
hsa-miR-1181 4.49e-02 2.68e-05 0.63
hsa-miR-487b  2.04e-02 2.90e-05 0.63
hsa-miR-199a-5p 8.55e-03 3.39e-05 0.63
hsa-miR-199b-5p  8.55e-03 3.39¢-05 0.63
hsa-miR-329 8.19e-03 3.39¢-05 0.63
hsa-miR-362-3p 8.19e-03 3.39e-05 0.63
hsa-miR-~139-3p 3.73e-02 3.51e-05 0.63
hsa-miR-28-3p 6.26e-03 3.78e-05 0.63
hsa-miR-24 6.28e-03 3.82e-05 0.63
hsa-miR-487a 1.27e-02  4.05e-05 0.63
hsa-miR-193a-3p 1.82e-02 4.38e-05 0.63
hsa-miR-7 1.30e-02  4.68e-05 0.63
hsa-miR-342-3p 1.81e-02  4.81e-05 0.63
hsa-miR-129-3p 1.46e-02  4.93e-05 0.63
hsa-miR-296-5p 3.72e-02  4.96e-05 0.63
hsa-miR-193b  2.70e-02 5.35e-05 0.63
hsa-miR-483-3p 2.64e-02 5.73e-05 0.63
hsa-miR-1289 4.34e-02 6.27¢-05 0.63
hsa-miR-490-3p 3.87e-02 6.89¢-05 0.63
hsa-miR-874 3.83e-02 7.80e-05 0.63
hsa-miR-1236 3.42e-02 7.95e-05 0.63
hsa-miR-574-5p 4.47e-02 7.99¢-05 0.63
hsa-miR-220b  4.69e-02 9.16e-05 0.63
Table C.4: miRNAs with RE scores most predictive of
survival in the TCGA dataset, based on the p-value cal-
culated with a likelihood ratio test of a univariate model.
Models for 88 miRNAs had a calculated p-value of p <
0.052 . ci: Concordance index of the model.
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