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ABSTRACT

Cancer is extremely challenging to treat as every patient responds differently to
treatments, depending on the specific molecular aberrations and deregulated signaling
pathways driving their tumors. To address this heterogeneity and improve patient
outcomes, therapies targeting specific pathways have been developed. The use of
computational pathway analysis tools and genomic data can help guide the use of
targeted therapies by assessing which pathways are deregulated in patient
subpopulations and individual tumors. However, most pathway analysis tools do not
account for complex interactions inherent to signaling pathways, and are not capable of
integrating different types of genomic data (multiomic data). To address these
limitations, this dissertation focuses on developing user-friendly multiomic gene set
analysis tools, and utilizing bioinformatics tools to measure pathway activation for
multiple pathways simultaneously in cancer.

Chapter 2 first describes the need for genomics and pathway-based analyses in
cancer using the commonly aberrant RAS pathway as an example. Chapter 3 utilizes
pathway-based gene expression signatures and the pathway analysis toolkit ASSIGN to
interrogate pathways from the growth factor receptor network (GFRN) in breast cancer.
Two discrete phenotypes, which correlated with mechanisms of apoptosis and drug
response, were characterized from GFRN activity. These phenotypes have the potential
to pinpoint more effective breast cancer treatments. Chapter 4 describes the
development of Gene Set Omic Analysis (GSOA), a novel gene set analysis tool which

uses machine learning to identify pathway differences between two given biological



conditions from multiomic data. GSOA demonstrated its capacity to identify pathways
known to play a role in various cancers, and improves upon other methods because of
its ability to decipher complex multigene and multiomic patterns. Chapter 5 describes
GSOA-shiny, a novel web application for GSOA, which provides biologists with lack of
bioinformatics experience access to multiomic gene set analysis from an easy-to-use
interface. Overall, this dissertation presents novel breast cancer phenotypes with clinical
implications, provides the research community with gene expression signatures for
GFRN components, and presents an innovative method and web application for gene

set analysis—all contributing to furthering the field of personalized oncology.
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This dissertation is dedicated to all the precious lives and loved ones we have lost too

early to cancer.
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CHAPTER 1

INTRODUCTION

The ultimate goal of oncology is to develop and select the most effective
treatments for the right patient, at the right time, based on the molecular aberrations and
oncogenic signaling pathways driving their specific tumors [1]. The emergence of high-
throughput sequencing technologies has revolutionized oncology, more effectively
personalized medicine, and led to the accumulation of a large volume of genomic data
[2]. This technology has allowed for the determination of genome sequences and the
ability to capture the activity of thousands of molecular events simultaneously in order to
better understand the behavior of tumors [3]. As a result, computational tools for
pathway analysis have been developed to analyze genomic data from tumors, at the
pathway level, to provide insight into biological systems and cellular processes, and
make inferences about pathway activity [4]. This knowledge can be used to determine
clinically relevant tumor subtypes, predict drug targets, and generate testable
hypotheses [5].

Different pathway analysis approaches exist such as gene ontology methods,
gene set enrichment analysis, network modeling, and gene expression signatures [6];
however, this dissertation focuses on two distinct approaches. One approach is the use
of gene expression signatures (as surrogates of pathway activation) to probe tumors to
predict response to targeted therapies. The other is gene set analysis, which aims to

reduce genomic data from thousands of genes into smaller, more interpretable gene



sets or pathways by utilizing numerous distinct types of genomic data [6]. This
introductory chapter provides the background information required for understanding the
motivations for dissecting genomic cancer data at the pathway level, and for

understanding the data presented in Chapters 2-5.

Cancer: An Overview

Cancer is a group of over 200 life-threating genetic diseases that cause
tremendous physical, mental, and financial burdens on patients, their families, and
society as a whole [7]. In 2012 alone, an estimated 14 million new cases of cancer were
diagnosed, and approximately 8.2 million cancer-related deaths occurred worldwide.
Additionally, 39 percent of the world population will be diagnosed with cancer at some
point in their lifetime [8]. Therefore, there is a strong need to find better cancer
treatments in order to improve survival rates and support the large number of patients
suffering from cancer.

Cancer is caused by the accumulation of genetic aberrations that result in
uncontrolled cellular growth [9]. Normal functioning cells can regulate growth, division,
and death (apoptosis) in a tightly controlled manner [10]. In cancer, however, oncogenic
signaling pathways become deregulated due to mutations in oncogenes or tumor
suppressors [11]. Many genetic mutations have been discovered in cancer; however,
mutations tend to converge on a handful of key pathways that regulate vital cellular
processes such as cell growth, cell survival, and genome maintenance [12,13].
Deregulation of these pathways results in sustained proliferative signaling, resistance to
death signals, and the development of cellular masses called tumors [14]. Benign tumors
are considered nonmalignant and do not spread. Malignant tumors, conversely, have the
ability to invade surrounding tissues, metastasize through the blood or lymph system

(forming secondary tumors at distant sites), and interfere with normal bodily functions.



Metastatic cancer is difficult to treat and is the leading cause of death in cancer patients
[15]. Survival rates have improved for some cancer types, such as breast, skin, and
prostate; however, few improvements have been seen in harder to treat cancers, such
as brain, lung, liver, pancreas, and stomach, further highlighting the need to determine

the molecular underpinning and more effective treatments [16].

The Need for Personalized Oncology

Cancer is extremely challenging to treat because every patient responds to
therapies differently depending on the unique genomic aberrations and altered signaling
pathways that drive their tumors [17]. Every type of cancer and patient tumor, regardless
of classification, is unique at the genetic, pathological, prognostic, and therapeutic level
[18]. For example, breast cancer, a solid tumor, is clinically different from leukemia, a
blood cancer, and can also be categorized into distinct biological subtypes with different
molecular features and drug response profiles [19]. Cancer cells within the same patient
tumor can also be subtly or dramatically different [20]. Thus, intertumor and intratumor
heterogeneity makes selecting optimal treatments challenging and contributes to
therapeutic failures, drug resistance, and recurrence of disease [21, 22]. To combat
these issues, oncology has moved towards more personalized medicine approaches
[23].

Personalized medicine, precision medicine, or genomic medicine, are loosely
used terms that describe medical approaches that utilize genetic or genomic profiles
from individuals to guide medical decisions in regards to prevention, diagnosis, and
treatment selection [24]. Identifying specific treatments for individual patients usually
begins with researchers discovering particular genomic aberrations in patient subgroups,
and then testing drugs that target those aberrations in cell lines and animal models. If

successful, these treatments can be further tested in clinical trials of patients containing



those aberrations [2]. Although personalized medicine is becoming a realistic option for
treating cancer, much work is required before it is considered standard of care.
Currently, pathological tests such as lymph node (LN) status and histological
grade can be used to help determine diagnoses and prognoses, and guide drug
treatments [25—-27]. However, due to lack of specificity, patients are often treated using a
“trial and error process” until an effective treatment is found. Common anticancer
treatments include tumor removal surgery, chemotherapy (which targets all dividing
cells), radiation therapy, and more recently, targeted therapies [28]. Chemotherapy and
radiation are harsh treatments, and physicians devote an enormous amount of time and
energy treating their side effects [29]. Therefore, much attention has been focused on

the use of less toxic targeted therapies [23].

Targeted Therapies and Molecular Biomarkers

Targeted therapies are a class of cancer drugs designed to inhibit specific
molecular targets that contribute to tumor growth and progression [1]. Targeted
therapies have contributed to personalized medicine and are an advancement over
conventional cytotoxic chemotherapies, however they are still often used in combination
[30-32]. Targeted therapies have a wide range of targets, including proteins involved in
oncogenic pathways related to cellular growth, division, invasion, DNA damage,
apoptosis, angiogenesis, and tumor metabolism [9,11]. Many targeted therapies are
being used in the clinic, being testing in clinical trials, or are under development [33, 34].
However, successful use of targeted therapies is highly dependent on the discovery of
accurate molecular biomarkers to classify patients into treatment subgroups [24].
Biomarkers can be measurements of chemical or molecular substances [35].

Some of the earliest biomarkers for predicting response to targeted therapies

were generally pathological-based tests, and examined the expression of specific



proteins using immunohistochemistry (IHC) and fluorescence in situ hybridization (FISH)
[36]. For example, the expression of the receptors estrogen (ER) or progesterone (PR)
in breast cancer can be used to recommend hormone therapies, such as Tamoxifen (an
estrogen receptor inhibitor) [37, 38]. In addition, expression of the receptor HER2 is a
biomarker for response to the HER2 inhibitor, Herceptin [39, 40]. More recently, due to
the rise in genomic sequencing technologies, genetic mutations have been used as
biomarkers for targeted therapies [41].

A successful example, and a model for other targeted therapies, is the small
molecule kinase inhibitor Imatinib (Gleevec) in the treatment of chronic myeloid leukemia
(CML) [32]. CML is driven by the fusion of BCR and ABL, which results in constitutive
activation of the Abl kinase, and signaling to its downstream oncogenic pathways RAS
and phosphatidylinositol 3-kinase (PI3K). Imatinib blocks the BCR—ABL kinase, slows
down cell growth, and increases apoptosis [42]. Response to Imatinib directly correlates
with the presence of the BCR-ABL gene fusion. Other examples highlighting genetic
mutations as biomarkers include the use of the epidermal growth factor receptor (EGFR)
inhibitor, Erlotinib, in lung cancer patients with point mutations in the kinase domain of
EGFR, and the BRAF inhibitor, Vemurafenib, in melanoma patients harboring BRAF
mutations [43 ,44]. Therefore, predicting response to targeted therapies relies upon the
identification of specific genomic biomarkers and illustrates the importance of

understanding the molecular mechanisms of individual tumors.

Mutations Do Not Always Reflect Pathway Activation

The use of genetic biomarkers has advanced the use of targeted therapies in
cancer, but unfortunately, DNA mutations do not always correlate with drug response
and fail to include the complexity inherent to cancer signaling pathways [45]. Targeted

therapies are designed to target specific signaling pathways, and pathways can become



activated at various points. Therefore, it is often difficult to tell which, and if, a pathway
has become activated by looking at single gene mutations [5]. If upstream pathway
components are not affected by DNA mutations, it cannot be assumed that the pathway
has not become activated by downstream components.

For example, the RAS pathway, a commonly activated pathway in many different
types of cancer such as pancreatic, lung, and colon, can become activated in numerous
different ways [46]. These include mutations in the RAS gene itself, in upstream growth
factor receptors such as EGFR or IGF1R, and in downstream pathway components such
as BRAF or MEK [47, 48]. In addition to up- and downstream DNA mutations, pathways
can become activated by other neighboring pathways. For example, RAS can become
activated by the PI3K, PTEN, or MEKK1 pathways [49]. Therefore, looking only at
mutations in the RAS gene alone would not always identify tumors with RAS activation
(a detailed review article of the RAS pathway is described in Chapter 2). Therefore,
there is a need to develop methods capable of identifying which pathways are activated

in patient tumors in order to help guide the use of targeted therapies.

Gene Expression Signatures to Guide Targeted Therapy Use

A gene expression signature is a group of genes whose combined expression
patterns are uniquely characteristic of a biological phenotype [50]. Gene expression
signatures have been used in cancer for determining diagnoses, forecasting prognosis,
and predicting response to treatments [51]. Gene expression signatures can also be
used to identify pathway activation in tumors [52, 53]. Accounting for the expression of
multiple genes in a pathway as an indicator of pathway activation is more appropriate
than relying on single genes or proteins, as pathways can become activated by multiple
components [54]. They also provide a more qualitative assessment of the pathway’s

activation.



One method for creating pathway-based gene expression signatures is by
experimentally perturbing a pathway of interest in a controlled manner in cells, extracting
and sequencing the RNA, and generating signatures from the most significantly
differentially expressed genes. Signatures can then be compared onto other samples to
estimate pathway activity levels [45, 55-58]. For example, microarray gene expression
signatures for five key oncogenic pathways (MYC, RAS, E2F3, SRC, and B-catenin),
were generated by activating proteins in human mammary epithelial cells [57]. These
signatures were projected into human and mouse cells and were able to successfully
predict the mutational status of the tumors. The RAS and SRC signatures also predicted
sensitivity to inhibitors of these pathways in cell lines. A signature for RAS was also
used, in a different study, to identify EGFR and MEK co-inhibition as an effective
treatment for RAS-active cell lines in non-small cell lung cancer [45]. These results
demonstrate the benefits of using gene expression signatures to measure pathway
activation.

Although pathway-profiling approaches can help better understand pathway
dysregulation in tumors for guiding the use of targeted therapies, they often fail to
consider the interactions occurring between pathways, and assume heterogeneity
between in vitro (cell lines) samples and in vivo samples (patients). Recently, a novel
bioinformatics tool, Adaptive Signature Selection and InteGratioN (ASSIGN), was
developed to address these issues [59]. ASSIGN takes a Bayesian factor analysis
approach and is capable of measuring pathway activation for multiple pathways, and the
interactions occurring between them. ASSIGN also adapts pathway signatures
(generated in vitro) to match specific disease samples (in vivo). This tool was used in
Chapter 3 to probe growth factor receptor network signaling in breast cancer, and has

been innovative to the field of pathway analysis.



The “Multiomic” Genome

In addition to genetic and gene expression data, large comprehensive studies,
such as the Cancer Genome Atlas (TCGA), have generated massive volumes of high-
dimensional data exhibiting that cancer can become deregulated at many different
‘omic” levels [60]. Different omic data types can be used to generate biomarkers,
including genomic (DNA sequence data and copy number changes), transcriptomic
(mRNA expression), epigenome (methylation changes), metabolomics (metabolite
levels), and proteomic (protein). These technologies may collectively be defined as
‘omics”, and when multiple strategies are used in combination, can be referred to as
“‘multiomic” [61, 62]. Accounting for multiple types of molecular data concurrently can
provide more biologically-relevant information than observing one data type in isolation
[41,60,61,63].

Nevertheless, there is a major challenge in understanding how data from multiple
profiling technologies can be integrated together to make meaningful clinical decisions.
Combining different data types from different platforms is computationally and
quantitatively challenging, and requires techniques beyond the capability of most
biologists [64]. Therefore, there is a strong need to develop better tools for analyzing
multiomic data to a gain a comprehensive viewpoint of pathways deregulated in

particular cancer populations, and to explore the use of targeted therapies [62, 65].

Computational Gene Set Analysis Tools

Gene set analysis (GSA) is a widely used computational method for analyzing
large volumes of genomic data at the pathway level [4]. This method reduces the
complexity of sorting through long gene lists by grouping genes into smaller gene sets or
pathways with similar biochemical or cellular functions [6]. Statistical methods are then

used to identify gene sets that differ between two biological conditions (which are



assigned by the researcher) [66]. The output of these methods is a list of pathways, that
can then be used to guide further research to uncover mechanisms underlying biological
phenomena, or to predict drug response.

While over 50 different GSA methods exist, Gene Set Enrichment Analysis
(GSEA), an approach presented by Subramanian et al. in 2005, continues to be the
most popular and widely used method, likely due its easy-to-use web interface [66, 67].
Most tools differ in terms of the methods they use to compute gene set statistics and
types of omic data they can handle [68]. GSEA is designed exclusively for gene
expression data [69]; however, as tumors form multiomic landscapes, some methods
have been expanded to include DNA methylation [70], ChIP-sequencing [71], and SNP
data [72], but typically in isolation. Some methods have recently been developed that
combine distinctive types of molecular data, but most of these methods are limited to a
few data types, and are not capable of integrating data types into a single model.
Therefore, generation of multiomic gene set analysis tools is needed for probing
pathways to better understand pathway differences between patient subgroups in

cancer.

Gene Sets Analysis for Biologists

Although gene set analysis methods help understand large datasets at the
pathway level, their use is limited to a select population of biologists with bioinformatics
experience. Stand-alone and web-based applications do exist, but they can be
challenging to use without bioinformatics skills, creating hurdles for biologists [73].
Because biologists vastly outnumber bioinformaticians, there is a gap between the
developers of computational and statistical methods and laboratory scientists. However,
because no alternative exists for many of these resources, biologists are willing to spend

large amounts of time on these tools to fulfill research needs. Biologists should be able
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to apply the most advanced computational methods without having to learn the
command line versions. In general, biologists prefer user-friendly software tools with
graphical interfaces [74]. This is reflected in the citation impact of easy-to-use programs
as compared to computational-extensive programs, with GSEA being a prime example
[66]. Therefore, there is a strong need to lower the barriers and develop easy-to-use web
applications for wide adoption of multiomic gene set analysis methods into the broader

research community.

Dissertation Overview

To address the issues presented above, this dissertation focuses on utilizing and
developing computational tools for analyzing omic data from tumors, at the pathway-
level, in order to predict response to targeted therapies. Chapter 2, a review article
published in Seminars in Cell & Developmental Biology, describes the need for cancer
genomics and gene expression signature-based approaches when probing the RAS
pathway, one of cancer’s most frequently mutated networks. Chapter 3, a manuscript in
revision with Genome Medicine, describes a signature approach using the pathway
analysis toolkit (ASSIGN) to uncover two pathway-based growth factor receptor network
phenotypes with treatment implications in breast cancer tumor data. Chapter 4, a
manuscript published in Genome Medicine, takes a gene set analysis approach, and
describes our novel computational tool, Gene Set Omic Analysis (GSOA), which
performs gene set analysis using machine learning algorithms and multiple types of
genomic data. Chapter 5 takes the GSOA algorithm described in Chapter 4, and
introduces a novel easy-to-use web application, GSOA-Shiny, which allows biologists
with no bioinformatics experience to run multiomic gene set analyses, making this type
of analysis easily available to the broader research community. This dissertation is

concluded by Chapter 6, which provides a summary of the work presented, describes
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the implications and limitations of these findings, and suggests future directions. This
dissertation contributes to the field of personalized cancer medicine by improving
methods for analyzing genomic data at the pathway level and discovering novel

phenotypes with clinical implications in breast cancer.
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and that show how genomic measurements of RAS pathway activation can identify effective RAS inhibi-
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1. Introduction

High-throughput genomic analysis has benefitted the study of
signal transduction over the past decade [1]. Genomic sequencing
techniques are now routinely used in many research laborato-
ries, and are steadily becoming adopted in clinical settings [2].
The scientific community has used these technologies to better
understand the genetic basis of many human diseases, to help
diagnose disease and predict disease progression, and to pioneer
personalized healthcare initiatives [3,4]. Cancer is one of the dis-
eases that has been impacted greatly by the implementation of
genomics [4]. Large-scale cancer sequencing projects have allowed
us to view the cancer genome using multiple genomic profiling
strategies including whole-genome and transcriptome sequencing,
proteomics, genome-wide DNA methylome analysis, and DNA copy
number analysis, all collectively defined as “omics” [5-7]. These
strategies have reshaped how we view the cancer genome and have
shown that individual tumors harbor their own unique genetic
makeup containing mutations, copy number changes, epigenetic
modifications, and aberrant expression of hundreds to thousands
of genes; therefore highlighting that multidimensional genomic
data contributes to understanding cancer [ 5,8 |. Genomics has been
successfully applied to oncology in many different contexts [1,9]
including the identification of cancer subgroups such as the intrin-
sic subtypes in breast cancer [10-12], the development of breast
cancer prognostic tools such as Oncotype DX and MammaPrint
to predict the risk of cancer recurrence [13], and the identifica-
tion of KRAS mutations as predictors of poor drug response in lung
cancer [14]. Although approximately 140 driver mutations have
been discovered in human cancer, most of these mutations con-
verge on roughly 12 pathways that regulate three vital cellular
processes: cell growth, cell survival, and genome maintenance [8].
Thus, tumors tend to rely on a subset of signaling phenotypes to
maintain growth and survival.

The RAS pathway is one of the most frequently dysregulated
pathways in cancer, with approximately 30% of all patient tumors
expressing activating RAS gene mutations [15]. Of the three main
isoforms of oncogenic RAS, KRAS is the most frequently mutated,
affecting ~90% of pancreatic cancers, ~35% of colon cancers, and
~18%oflung cancers, while NRASis mutated in ~15% of melanomas,
and HRAS is rarely mutated in cancer [16]. Aberrations in RAS genes
themselves contribute to RAS pathway activation, but aberrations
of genes up- and downstream of RAS can also activate the pathway
(Fig. 1), highlighting the need for genomics to broadly measure RAS
pathway activation [ 17]. Cancers with RAS gene mutations are asso-
ciated with drug resistance, poor prognosis, shorter survival, and
enhanced metastasis [18-23]. Extensive efforts have been made
towards the development of RAS protein inhibitors but, to date,
no effective direct RAS inhibitors are available in the clinic. Thus,
targeting this pathway effectively has a high potential for patient
benefit.

In this review, we discuss the role that genomics plays in deci-
phering the RAS signaling network and its mediators and how the
use of genomics has led to a better understanding of RAS network
complexity. Also, as omic-level measurement captures RAS activity

in both RAS-mutant and RAS-wild type tumors, these approaches
may enable identification of novel RAS pathway inhibitors not spe-
cific to mutant RAS. Overall, we expect genomics will continue to
lead to discoveries that will aid in the treatment of RAS-driven
cancers in the near future.

2. Genomics provides insight into the RAS pathway
2.1. Why study RAS at the genomic level?

The RAS pathway is an intricate signaling cascade consisting
of numerous up- and downstream proteins and interconnected
pathways [24]. Due to the complexity of this pathway, a genomics
framework is necessary in order to study its activities concurrently
as a network. While extracellular growth signals normally activate
the RAS pathway, in cancer, activating mutations in RAS path-
way genes lead to sustained pathway signaling, resulting in the
aberrant activation of downstream oncogenic processes such as
cellular proliferation, cell survival, metabolic changes, and metas-
tasis [22,25-29]. The RAS pathway is not linear and can activate
multiple downstream pathways such as the RAF/MEK/ERK path-
way, the phosphoinositide 3-kinase (PI3K)/AKT/mTOR pathway,
and the RAL-GDS pathway, all leading to various oncogenic events.
Adding further complexity, RAS can activate additional proteins
including AF-6, CANOE, TIAM1, MEKK1, p120GAP, NF1, RIN1, PKC-
{, and NORET1, illustrating the far-reaching roles of RAS [30]. In
cancer, the RAS pathway can become activated by aberrations in
either upstream growth factor receptors such as EGFR and IGF1R,
or in downstream pathway proteins such as GAPs, GEFs, RAF, MEK,
and ERK, by loss of function of RAS negative regulators (SPRY,
SPRED, DUSPs, RASA1, NF1), and through activation of alterna-
tive pathways (PI3K, PTEN, RALGDS, MEKK1) [25,27,31-35] (Fig. 1).
Therefore, the RAS pathway is a complex network requiring a
genomic approach that matches that complexity.

2.2. Genomics shows dysregulation of RAS pathway components
across cancers

The availability of genomic sequencing has enabled the mass
profiling of various cancer types using multi-omic data [7]. One
such effort has been pioneered by The Cancer Genome Atlas
research network (TCGA), a large international research effort that
has produced omic data for over twenty different cancers, includ-
ing both DNA- and RNA-sequencing for over 11,000 tumors [36].
Here, we highlight the spectrum of RAS pathway aberrations from
the TCGA’s findings in several cancer types including lung adeno-
carcinoma, colorectal carcinoma, and head and neck squamous cell
carcinoma (HNSCC).

Upon profiling colorectal carcinoma, the TCGA found that 55%
of non-hypermutated colorectal carcinomas, a molecular subtype
accounting for 84% of the studied samples, demonstrated KRAS,
NRAS, or BRAF alterations; mutations in these genes were found
to be significantly mutually exclusive [ 37]. Interestingly, the TCGA
also found a co-occurrence of RAS pathway and PI3K pathway
mutations in one-third of colorectal tumors, indicating the need
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Fig. 1. RAS pathway aberrations in human cancers. The RAS pathway can be activated by mutation {green) or by overexpression (blue) of pathway proteins. In some cancers,
proteins are both mutated and overexpressed (red). Dysregulation can occur in downstream effector molecules including RAF, MEK, PI3K, and AKT. RAS is also activated by

the loss of function of RAS regulators such as GAPs (yellow).

to target both pathways to effectively inhibit tumor growth in
cancers of this type. Furthermore, genomic analysis of lung ade-
nocarcinoma revealed that 62% of these cancers bear a canonical
oncogenicdriver mutation in the RAS/RAF/MEK pathway[38].Upon
expanding this analysis to include focal amplifications of upstream
receptor tyrosine kinases (RTKs), as well as loss of function muta-
tions in tumor suppressor genes in the RAS pathway, such as NF1,
the number of lung adenocarcinomas with driver mutations in the
RAS pathway increased to 76%. Importantly, this study also used
reverse phase protein array (RPPA) data to demonstrate that both
KRAS-mutant lung adenocarcinoma samples and a subset of KRAS-
wild type samples exhibited high MAPK pathway activity. These
results highlight the importance of understanding pathway-level

activation beyond single gene mutational status when assessing a
tumor’s dependency on a pathway for survival. Subsequent inves-
tigation of HNSCC demonstrated that in this cancer type, 5% of
HPV-negative cancers contain an HRAS mutation [39]. It is impor-
tant to note, however, that the study also found mutation or
amplification in EGFR (15% of HPV-negative samples), FGFR1 (10%),
ERBB2 (5%), IGF1R (4%), and several other RTKs (3% or less), thus
contributing to a wider spectrum of RAS pathway aberrations than
HRAS mutation alone. Therefore, by implementing whole-genome
sequencing, the TCGA research network confirmed the high preva-
lence of somatic mutations and amplifications contributing to RAS
pathway activation in RAS-driven cancers.
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Publically available TCGA datasets have also enabled further dis-
coveries that have provided additional insight into RAS pathway
aberrations. For example, Raphael and Fabio developed a path-
way linear progression model to determine the temporal order of
somatic driver mutation in key pathways during oncogenesis [40].
Using the TCGA colorectal cancer dataset, they showed that muta-
tions in the RAS pathway occur late in tumorigenesis-mutations
in APC or FBXW7 and either TP53 or PIK3(A generally occur before
members of the RAS pathway are mutated in colorectal cancers.
Similarly, Want et al. integrated the TCGA breast cancer data
consisting of somatic mutations, copy number variations, transcrip-
tomics, and DNA methylomics, into “risk pathways” by mapping
alterations in genes at each tested omic level to pathways in
the Kyoto Encyclopedia of Genes and Genomes (KEGG) to deter-
mine pathways altered in breast cancer [31]. Additionally, these
risk pathways were constructed into pathway cross-talk networks
based on protein-protein interaction data from the Human Pro-
tein Reference Database (HPRD). Want et al. identified KRAS as a
major connector between multiple risk pathways, thus supporting
the importance of targeting RAS dependence as a significant ther-
apeutic opportunity [31]. Thus, not only has TCGA genomic data
provided unprecedented insight into the omic landscape of can-
cer, it has also enabled a broader understanding of both mutational
progression during oncogenesis and of pathways dysregulated in
cancers.

2.3, Gene expression signatures can quantify RAS network activity
independent of the mechanism by which the pathway is activated

Agene expression signature is defined as a group of genes whose
combined expression patterns are uniquely characteristic of a bio-
logical phenotype, or in the context of this review, a biological
pathway [9]. In the early 2000s, researchers began developing gene
expression signatures to predict the activity of various oncogenic
signaling pathways using microarray data [3,41,42]. Gene expres-
sion signatures have the capability to measure cellular signaling
events because whether or not the signaling event directly mod-
ulates transcription factors, cellular signaling eventually results in
gene-expression changes [43]. Understanding that the RAS path-
way could be activated by RAS gene mutations, or by multiple other
mechanisms, led researchers to generate RAS gene expression sig-
natures as a method to better determine RAS pathway activation
[42].

One of the first RAS-specific gene expression signatures was
generated by overexpressing the Hras gene in mouse embryonic
fibroblast cells using recombinant adenoviruses [44]. This signature
accurately reflected the activation state of Hras, acting as a proof of
principle that overexpressing oncogenes in cells could resultin spe-
cific gene expression changes, which could then represent specific
pathway activity [44]. An additional RAS gene expression signature
was derived by Sweet-Cordero et al. [45] from a sporadically-
activated Kras2 mouse model. This signature was generated by
comparing gene expression differences between activated Kras2
tumors and normal lung tissue, was validated, and was able to
predict KRAS activity in lung adenocarcinoma, a RAS-activated can-
cer. This approach suggested that signatures generated in mouse
tumors could accurately reflect human biology, and provided a
strategy for using genomic analysis of animal models to probe
human disease [45].

Bild et al. [46] built upon thework of Huang et al. [44] by generat-
ing a pathway-based gene expression signature by overexpressing
mutant HRAS in human primary epithelial cells. The group used
supervised clustering to generate gene expression changes indica-
tive of RAS pathway activation. This signature accurately predicted
RAS pathway activation in mice and human tumors with RAS muta-
tions, such as human non-small cell lung carcinoma. Interestingly,

the study found that higher RAS pathway activity correlated with
decreased survival in lung cancer.

Chang et al. also developed a novel approach for utilizing gene
expression signatures by deconstructing RAS gene expression sig-
natures into “modules,” which represent smaller components of
the pathway [47]. This study found that particular modules from
the RAS gene expression signature were able to distinguish high-
and low-risk survival groups in lung adenocarcinoma better than
using the entire gene expression signature. These results further
demonstrate the benefits of using gene expression signatures to
deconstruct and better understand the RAS network. Other impor-
tant uses of RAS gene expression signatures include, but are not
limited to, the prediction of RAS activity in gastric cancer by Ooi
et al. [48], and the generation of a “KRAS dependency” signature
in lung cancer by Singh et al. [49]. Overall, methods for using
gene expression signatures to measure RAS pathway activity tran-
scend the traditional use of single genes to measure RAS activation,
which, as shown here, does not always represent pathway activity

13].

2.4. KRAS, EGFR, and RAF gene expression signatures show RAS
pathway complexities across multiple cancers

Genomics has facilitated the understanding that many different
RAS pathway components contribute to RAS pathway activation,
and that RAS mutations do not always correlate with activation
of the pathway [46,50,51]. This illustrates the need for higher
level genomic measurements of the RAS pathway. To further
explore pathway activation in relation to mutational status, we
measured pathway activity and mutational status for key RAS
pathway components EGFR, KRAS, and RAF across 8 different can-
cers in TCGA [6] which express varying levels of KRAS, EGFR, or
BRAF mutations. Specifically, we used our previously generated
gene expression signatures that measure the activity of the EGFR,
KRAS, and RAF1 pathway components using our published pathway
modeling toolkit, Adaptive Signature Selection and InteGratioN
(ASSIGN)[46,52,53] (see Methods section). Unsupervised hierarchi-
cal clustering of the pathway activity estimates for all cancer types
and pathway signatures revealed distinct patterns of pathway acti-
vation across cancer types (Fig. 2). The pathway activity for EGFR,
KRAS, and RAF1 and mutational status for KRAS (pink), BRAF (blue),
and EGFR (green) for each TCGA cancer and patient are represented
in Fig. 2 for (A) head and neck squamous cell carcinoma, (B) rectum
adenocarcinoma, (C) uterine carcinoma, (D) lung adenocarcinoma,
(E) ovarian serous cystadenocarcinoma, (F) breast invasive carci-
noma, (G) bladder urothelial carcinoma, and (H) kidney renal clear
cell carcinoma.

To illustrate the ability of gene expression signatures to accu-
rately predict pathway activation in patient tumors, we highlight
situations in which gene mutations complement pathway acti-
vation. For example, 81% of all rectum adenocarcinoma patients
harboring KRAS mutations also have high KRAS activation scores
(Fig. 2B). We also found high EGFR activation scores (51% of
patients) in head and neck squamous cell carcinoma (Fig. 2A), a
cancer in which EGFR is known to be overexpressed [54], and lung
adenocarcinoma (44% of patients), a cancer with high EGFR muta-
tion rates (Fig. 2D). While gene mutations are generally reflective
of pathway activation, there were cases in which gene mutational
status did not alone correlate with activation of the pathway. For
example, in lung adenocarcinoma, a known RAS-driven cancer sub-
type, a high proportion of patients have RAS pathway activation
independent of mutation status (Fig. 2D). We observed additional
instances in which gene mutations were not found, but the path-
ways were activated. For example, in bladder urothelial carcinoma
(Fig. 2G), only 3 patients had EGFR mutations, and no mutations
were found in KRAS or RAF, but pathway activation was found in
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Fig. 2. Scaled pathway activation scores forthe EGFR, RAF, and RAS pathway from patient TCGA data. (A) head and neck squamous cell carcinoma, (B) rectum adenocarcinoma,
(C) uterine carcinoma, (D) lung adenocarcinoma, (E) ovarian serous cystadenocarcinoma, (F) breast invasive carcinoma, (G) bladder urothelial carcinoma, and (H) kidney
renal clear cell carcinoma. Red values indicate high pathway activity and blue represent low pathway activity. Color bars on the right side represent different gene mutations
in KRAS (pink), EGFR (light blue), and BRAF (green). Black bars in gene columns indicate presence of mutations.

42%, 22%, and 38% of cases for EGFR, KRAS, and RAF pathways,
respectively, thus highlighting that the absence of mutations does
not always mean the pathway is inactivated. Few mutations and
high pathway activation were also observed in breast invasive
carcinoma (Fig. 2F), kidney renal clear cell carcinoma (Fig. 2H),
and ovarian serous cystadenocarcinoma (Fig. 2E). These results
support the idea that pathway activation can occur due to other

mechanisms such as mutations or amplifications in other genes
or crosstalk/compensation within the RAS pathway [55]. Using
expression signatures to measure pathway activity, we also found
that each cancer had its own unique and heterogeneous pattern of
EGFR, KRAS, and RAF1 activation (Fig. 2B-H). Overall, these results
demonstrate how the use of multiple mechanismsto measure path-
way activity uncovers patterns that are not simply a reflection of
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mutation status. These results also show how the complexity of
signaling network interactions in tumors cannot be generalized to
all cancer types.

3. The impact of genomics on RAS pathway driven cancer
therapeutics

3.1. Genomics helps guide the use of targeted therapies towards
RAS pathway components

Since the initial characterization of RAS as an oncogene in 1982,
[56,57] various initiatives have been taken to target RAS genes,
proteins, and, more recently, downstream members of the RAS
pathway. For example, in the early 1990s, researchers attempted
to target RAS proteins directly with small molecule inhibitors and
with farnesyltransferaseinhibitors (FTIs) [ 58 ]. While FTIs efficiently
inhibited farnesylation in HRAS mutant cancers [59,60], they failed
to show efficacy in KRAS and NRAS mutant cancers as these iso-
forms can undergo alternative methods of membrane association
[61]. Similarly, attempting to directly target the guanine nucleotide
binding site of RAS using small molecule inhibitors failed due to the
protein’s lack of allosteric regulatory sites and its picomolar affinity
for GTP [62]. Therefore, few effective treatment options are cur-
rently available for patients with RAS-driven cancers, which has led
to the characterization that RAS is “undruggable” [63,64]. However,
recent studies have identified compounds capable of either bind-
ing to mutant RAS proteins directly or interfering with RAS’s ability
to bind to the guanine nucleotide exchange factor Son of Sevenless
(SOS)[65-68]. Nevertheless, these novel RAS-targeting compounds
require further development before they can be implemented into
clinical trials.

The discovery of RAS effector proteins and recurrent onco-
genic mutations in downstream RAS pathway components (BRAF,
MEK, ERK, and PI3K pathway members) [69-72], led to the devel-
opment of several inhibitors including sorafenib, vemurafenib,
and dabrafenib for RAF-mutated cancers, and trametinib and
cobimetinib for MEK-mutated cancers [26,73]. More recently, ERK
inhibitors and PI3K pathway inhibitors, such as the FDA-approved
PI3K inhibitor idelalisib, have also been developed [74-76]. Com-
bination treatments targeting the RAF/MEK/ERK pathway and PI3K
pathway are now under different phases of clinical evaluation in
various advanced solid tumors [77-79].

Measuring the mutational status of RAS pathway genes has pro-
vided clinical benefits such as guiding the use of targeted therapies,
and selecting appropriate patient populations for clinical trials in
particular cancers. For example, KRAS mutations are indicative of
resistance to anti-EGFR therapies [80,81], and BRAF V600E muta-
tions are indicative of response to RAF inhibitors [82]. However,
determining the mutational status of specific genes is not always
beneficial for predicting drug response, as mutations do not always
correlate with pathway activation [46,50]. For instance, only 53%
of patients with BRAF VE0OE mutations demonstrate partial or
complete response to the RAF inhibitor, vemurafenib [83]. Cancers
carrying mutations in the RAS pathway are not always dependent
on RAS signaling, and the absence of RAS gene mutations does not
always correlate with RAS inactivity as additional components of
the network may be activated [41,49]. For example, absence of
negative-feedback regulators, such as Sprouty (SPRY) and Sprouty-
related (SPRED), and RAS GAPs such as NF1, can also activate the
RAS pathway in various cancers [32,84]. These studies support the
notion that treatment decisions based solely on RAS mutational
analysis may overlook a large population of patients not carrying
RAS mutations, but have RAS pathway activation.

3.2, Gene expression signatures aid in predicting response to
targeted therapies in RAS-driven cancers

Previously, several groups have demonstrated that RAS gene
expression signatures are capable of measuring RAS pathway
activation [44-46]. In addition, gene expression signatures can
also be used to predict drug response to RAS inhibitors. For
example, breast cancer cell lines with high RAS pathway activ-
ity responded better to RAS farnesyltransferase inhibitors than
cell lines with low RAS pathway activity [46]. The ability to pre-
dict drug response in cell lines engendered the idea that gene
expression signatures may be capable of predicting response to
targeted therapies in patients [85]. Loboda et al. [51] also used
gene expression signatures to predict response to PI3K and RAS
pathway inhibitors using a different approach that leveraged RAS
gene expression signatures from multiple datasets [4546,86] to
create a comprehensive RAS gene expression signature. Not only
was this signature predictive of KRAS mutation status in lung
tumors and cell lines, but also it was superior to KRAS mutation
status for predicting RAS signaling dependence and drug response
[51].

Dry et al. [87] was the first to develop gene expression signa-
tures capable of predicting MEK addiction and drug response to a
MEK inhibitor, selumetinib, in a large panel of diverse cell lines.
These gene expression-based signatures were able to predict drug
response in multiple cancer types and xenograft mouse models
and provided a useful tool for studying MEK biology and applica-
tion of MEK inhibitors [83]. Similarly, Tentler et al. [88] also used
gene expression-based signatures to predict response to selume-
tinib in KRAS-mutant colorectal cancer (CRC) using both in vitro
and xenograft models. This study identified 3 gene pairs (PEG10
& CYBRD1, CALB1 & NELL2, and SKAP1 & MIA) which predicted
the response to selumetinib with 86% accuracy in an indepen-
dent set of 14 KRAS mutant CRC cell lines. This study further
validated these 3 gene pairs in human CRC explants with 71% accu-
racy.

With the knowledge that RAS pathway gene expression signa-
tures can predict RAS signaling dependence more effectively than
KRAS mutations alone, Tian et al. [89] analyzed gene expression
patterns from a large number of patients with colorectal cancer
and built a model for identifying activated EGFR signaling. This sig-
nature consisted of a combination of mutational signatures from
patients with KRAS, BRAF, and PIK3CA mutations and characterized
response to the EGFR inhibitor cetuximab. This study highlighted
the use of combining multiple gene expression signatures together
from various nodes in the same pathway to identify which patients
will benefit from pathway inhibition [89].

Recently, El-Chaar et al. [50] used the Bild et al. RAS signa-
ture [46] to develop a network-based genomic framework for
drug discovery. El-Chaar et al. projected the RAS signature into
non-small cell lung cancer (NSCLC) cell lines to determine RAS
pathway activation, then treated cell lines with targeted drug
regimens along with a panel of 366 novel compounds. Results
showed that combined inhibition of EGFR and MEK was effec-
tive at inhibiting RAS pathway-active cancer cells. Also, KRAS
pathway activation accounted for the responsiveness to the com-
bined EGFR/MEK inhibition, rather than KRAS mutation status
alone, further highlighting the problems with relying on single
genes to predict drug response. These results further illustrate
the benefits of using genomic signatures to characterize onco-
genic pathways in cancer, and to find drugs that target and inhibit
a specific network [50]. Of note, the above-mentioned results
require further research to explore whether the gene expression-
based drug response signatures hold true in patient-derived
samples.
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4. Conclusion and future prospects

The RAS network is large and complex and consists of many
interconnecting pathways that play a major role in cellular growth,
evasion of apoptosis, and metastasis [33]. Cancers reliant on RAS
signaling for survival are often aggressive and treatment options
are limited [90]. RAS-driven tumors are challenging to treat due to
the difficulties of measuring RAS-related signaling events in tumors
[46], the current inability to directly target RAS proteins [91], and
the inevitable development of drug resistance to targeted thera-
pies [92]. Here, we have reviewed genomic studies showing that
the RAS pathway can become activated by dysregulation of multi-
ple nodes of the network and that gene expression and mutation
signatures can be used to measure activation of the RAS network
more broadly. We also highlighted how these genomic tools can
predict drug response better than single genes, how genomics can
identify drug strategies that target RAS, and how genomic data can
be used to determine the probability of patient response to ther-
apy. Thus, these genomics-guided findings have the potential to
change how we measure RAS activity and find effective treatments
for RAS-driven cancers.

Although genomics methods do hold great promise in cancer,
it is also important to note some of the drawbacks and contin-
ued challenges inherent to these methods. In relation to gene
expression signatures to guide drug response, clinical relevance
requires clinical trials and analytical testing to validate their ben-
efit [9]. Therefore, gene expression signatures will need to be
made into clinically-relevant biomarkers, similar to OncotypeDX
and MammaPrint in breast cancer [93]. Another important point
is that pathways function differently depending on the cell type,
specific genomic alteration, and organism [94]. For example, BRAF
inhibitorswork well inmelanomas harboring mutationsin the BRAF
gene, but have no therapeutic effect in colorectal cancer patients
harboring the identical BRAF mutations, due to PI3K/AKT activation
common in colorectal cancers [95,96]. This highlights the dangers
of generalization and the need to measure activation of the various
RAS pathway nodes concurrently in individual patients.

Lastly, we would like to note that the use of genomics to cap-
ture changes in RAS network activity broadly over time will enable
us to combat development of drug resistance. Current methods to
assess a patient’s response to therapy, including imaging or blood
tests, fail to personalize treatment regimens after drug resistance
has been identified. We propose that measuring RAS pathway acti-
vation using genomics prior to time points when standard clinical
tests such as computerized tomography (CT) scans are action-
able will enable “real time” assessment of resistance mechanisms.
Importantly, identification of the mechanisms of acquired resis-
tance to drug inhibitors of this network, which will be feasible
using genomics, will help us adapt therapy strategies to match the
dynamic nature of cancer.

Overall, genomics has contributed greatly to the understand-
ing of cancer, including RAS-driven cancers [ 5]. We anticipate that
genomic discoveries will continue to improve our understanding of
the RAS signaling network and inform new strategies for managing
treatments, and that in the near future, RAS-driven tumors may no
longer be considered “undruggable.”

5. Methods

5.1. EGFR, KRAS (G12V), and RAF1 gene-expression profiling data
EGFR, KRAS (G12V), and RAF1 were overexpressed in primary

human mammary epithelial cells (HMECs) using recombinant ade-

noviruses as detailed by Bild et al. and Rahman et al. [46,53,97].
Cells were incubated with virus for 18 h except for KRAS (G12V),

which was incubated for 36 h. KRAS virus was obtained from Vec-
tor Biolabs, RAF1 from Cell Biolabs, and EGFR was a gift from
Duke University. To validate that infections worked and pro-
teins were overexpressed we extracted protein from EGFR, KRAS
(G12V), and RAF1 overexpressing cells and compared to GFP con-
trols using western blotting methods described by Bild et al. and
Rahman et al. [46,53]. HMECs were probed with the following
primary antibodies: EGFR (#4267), pEGFR (#2234), KRAS (sc-30),
PMEK (#9154), p-cRAF (#9427), GAPDH (#5174), and B-tubulin
(#2146). All antibodies were obtained from Cell Signaling Technol-
ogy, besides KRAS, which was from Santa Cruz. RNA was extracted
using methods by Rahman et al. [97]. cDNAlibraries were prepared
from extracted RNA using the Illumina Stranded TruSeq proto-
col (Illumina). cDNA libraries were sequenced at Oregon Health
and Sciences University using the lllumina HiSeq 2000 sequencing
platform with six samples per lane. Single-end reads of 101 base
pairs were generated. Log2TPM gene expression data for the EGFR,
KRAS (G12V), and RAF1 pathways were all processed using meth-
ods described by Rahman et al. [53,97]. This data is available on
Gene Expression Omnibus (GEO), accession numbers: GSE83083
can be accessed at http:/fwww.ncbi.nlm.nih.gov/geo/query/acc.
cgi?acc=GSE83083 for RAF1 and KRAS (G12V), and GSE59765 for
EGER.

5.2. The cancer genome atlas (TCGA) data

All TCGA gene expression data was obtained from GEO acces-
sion number GSE62944 [97]. TCGA gene mutation data for EGFR,
BRAF, and KRAS was downloaded from CbioPortal [98]. Any muta-
tions found in KRAS, EGFR, or BRAF were included on heatmaps. We
only included TCGA samples which had both gene expression and
mutation data. The following TCGA data sets were used: head and
neck squamous cell carcinoma, rectum adenocarcinoma, uterine
carcinoma, lung adenocarcinoma, ovarian serous cystadenocarci-
noma, breast invasive carcinoma, bladder urothelial carcinoma, and
kidney renal clear cell carcinoma.

5.3. Generation of gene expression signatures

We used Adaptive Signature Selection and InteGratioN (ASSIGN;
Version 1.7.2), to generate gene expression signatures. A formal
definition of the ASSIGN model and software implementation was
previously described [52]. RNA-Seq data from HMECs overexpress-
ing GFP control were compared to HMECs overexpressing KRAS
(G12V), RAF1, and EGFR. ASSIGN uses a Bayesian variable approach
[99] to select genes with the highest weights and signal strengths,
indicating differential expression. These genes represent oncogenic
signatures, and are also found in Rahman et al. [53].

5.4. Batch adjustment of gene expression signatures and TCGA
data

We adjusted the batch effects within and between the signa-
tures and TCGA gene expression data using the “ComBat” function
from the R package sva (version 3.16.1) [100,101]. ComBat was run
using the reference-batch option, which adjusts the data to match
an indicated batch. We selected the sequencing batch containing
RAF1 as the reference batch. Additionally, we adjusted for back-
ground baseline gene expression differences between oncogenic
signatures and test samples (TCGA patient data) using ASSIGN’s
adaptive background parameter.
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5.5. Optimization of single-pathway estimates in TCGA BRCA
patient data

To determine the optimum number of genes for each onco-
genic signature, we generated signatures with gene lists lengths
from 25 to 500 genes, in 25 gene increments in breast cancer,
using ASSIGN's single pathway settings. For all of the signatures that
passed internal leave-one-out-cross-validation, pathway estimates
were included for further validation in mutation, gene expression,
and proteomics data all described by Rahman et al. [ 53].

5.6. ASSIGN for all other cancers

We applied optimized gene expression signatures to head
and neck squamous cell carcinoma (12=504), rectumn adenocarci-
noma (n=167), uterine carcinoma (n=>57), lung adenocarcinoma
(n=541),ovarianserouscystadenocarcinoma (n=429), breastinva-
sive carcinoma (n=1119), bladder urothelial carcinoma (11=414),
and kidney renal clear cell carcinoma (n=542) to generate path-
way predictions using ASSIGN. Pathway predictions generated by
ASSIGN are represented as values from zero to one. Values of zero
represent no pathway activity, and values of one represent high
pathway activity. We adjusted for the variation in magnitude and
direction of signature-relevant gene expression between oncogenic
signatures training samples and test samples using ASSIGN’s adap-
tive signature parameter. The code for running this analysis can be
found at https:{/github.com/smacneil1/PANCAN24_Analysis.
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Abstract

The growth factor receptor network (GFRN) plays a significant role in driving key
oncogenic processes. However, assessment of global GFRN activity is challenging due
to complex crosstalk among GFRN components, or pathways, and the inability to study
complex signaling networks in patient tumors. Here, pathway-specific genomic
signatures were used to interrogate GFRN activity in breast tumors and the consequent
phenotypic impact of GRFN activity patterns. Novel pathway signatures were generated
by overexpressing key genes from GFRN pathways (HER2, IGF1R, AKT1, EGFR,
KRAS (G12V), RAF1, BAD) in human primary mammary epithelial cells. The pathway
analysis toolkit, Adaptive Signature Selection and InteGratioN (ASSIGN), was used to
estimate pathway activity for GFRN components in 1119 breast tumors from the Cancer
Genome Atlas (TCGA), and across 55 breast cancer cell lines from the Integrative
Cancer Biology Program (ICBP43). These signatures were investigated for their
relationship to pro- and anti-apoptotic protein expression and drug response in breast
cancer cell lines. Application of these signatures to breast tumor gene expression data
identified two novel discrete phenotypes characterized by concordant, aberrant
activation of either the HER2, IGF1R, and AKT pathways (“the survival phenotype”) or
the EGFR, KRAS (G12V), RAF1, and BAD pathways (“the growth phenotype”). These
phenotypes described a significant amount of the variability in the total expression data
across breast cancer tumors and characterized distinctive patterns in apoptosis evasion
and drug response. The growth phenotype expressed lower levels of BIM and higher
levels of MCL-1 proteins. Further, the growth phenotype was more sensitive to common
chemotherapies and targeted therapies directed at EGFR and MEK. Alternatively, the
survival phenotype was more sensitive to drugs inhibiting HER2, PI3K, AKT, and mTOR,

but more resistant to chemotherapies. Gene expression profiling revealed a bifurcation
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pattern in GFRN activity represented by two discrete phenotypes. These phenotypes
correlate to unique mechanisms of apoptosis and drug response, and have the potential

of pinpointing targetable aberration(s) for more effective breast cancer treatments.

Background

Breast cancer remains one of the leading causes of cancer-related death in
women [1]. It is well established that growth factor receptors and their downstream
signaling pathways contribute to breast cancer proliferation, survival, and metastasis [2,
3]. Molecular aberrations can occur in various growth factor receptor network (GFRN)
members, and have been described in breast cancer [4—6]. These findings have paved
the way for GFRN targeted treatments which are currently approved for use, being
evaluated in various stages of clinical development, and in clinical trials [7, 8]. Although
these treatments do hold promise, relatively little data is available on the cooperativity
and diversity of complicated GFRN signaling in actual breast tumors. Additionally,
assessing GFRN activity in patient tumors is extremely challenging due to the lack of
methods capable of measuring signaling events in tumors. Drug selection is often guided
by expression of protein biomarkers, and drug resistance often develops due to
compensation by interacting pathways within the GFRN [9, 10]. Therefore, there is a
strong need to develop better methods for measuring and understanding GFRN
signaling events in breast tumors in order to deliver the most effective treatment
regimens and combat drug resistance [2, 9, 11].

Growth factor receptors, such as epidermal growth factor receptor 1 (EGFR),
human epidermal growth factor receptor 2 (HER2), and insulin-like growth factor 1
receptor (IGF1R), are key regulatory nodes of the GFRN and are often aberrantly
activated across breast cancer subtypes [6,12,13]. Approximately 15-30% of breast

cancer patients are diagnosed with HER2-positive breast cancer, which is characterized
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by amplification of HER2 [12]. EGFR ampilifications occur in 25% of all triple-negative
breast cancer (TNBC) patients and are often associated with poor outcomes [6, 8, 14].
High IGF1R activity occurs in up to 50% of breast tumors, and is seen across all breast
cancer subtypes [13]. These receptors can activate downstream oncogenic growth
cascades such as the phosphoinositide 3-kinase (PI3K) and mitogen-activated protein
kinase (MAPK) pathways, forming a complex, interconnected, and dynamic signaling
network [2, 8]. Activation of PI3K by growth factor receptors triggers the
PI3K/AKT/mammalian target of rapamycin (mTOR) pathway leading to cell proliferation,
metabolic changes, and cell survival [15-17]. In the MAPK pathway, following growth
factor receptor activation, RAS becomes activated followed by activation of RAF1, MEK,
and ERK, leading to transcriptional changes that impact cellular proliferation, motility,
and evasion of apoptosis [6, 8, 18, 19]. Both the PI3K and MAPK pathways contribute to
tumor progression by disrupting the balance of pro- and anti-apoptotic proteins of the
BCL-2 protein family in the mitochondrial (also known as intrinsic) pathway of apoptosis
[20, 21]. Particular GFRN members can upregulate anti-apoptotic proteins such as BCL-
2, BCL-XL, and MCL-1, and downregulate pro-apoptotic proteins such as BAD, BAX,
and BIM, all of which contribute to apoptosis evasion and resistance to cancer
treatments in patients [22-29]. ERBB receptor tyrosine kinases, such as EGFR and
HER2, have a large amount of overlap in the downstream pathways they activate,
however, individual ERBB receptors have the capability to preferentially bind particular
downstream signaling molecules [30, 31]. Furthermore, preclinical studies have shown
that EGFR- and HER2-driven cancers show differential response to targeted therapies.
EGFR mutant cancers are less responsive to single-agent PI3K/AKT inhibitors in
comparison to HER2-amplified cancers, and require the inhibition of both the PI3K and

MEK pathways [32]. This suggest that ERBB proteins can couple to distinct signaling
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pathways and invoke nonredundant physiological effects which warrants for specificity
for the different GFRN components. Therefore, an accurate assessment of global GFRN
activity is pivotal for selecting targeted treatment strategies that consider the diversity of
growth and cell survival mechanisms in breast cancer patients.

Despite the advances in the cellular and molecular characterization of breast
cancer, effective personalized breast cancer treatment remains elusive.
Immunohistochemical and gene expression profiling-defined breast cancer molecular
classification has advanced our understanding of breast cancer prognosis, treatment,
and improved survival. Currently, breast cancers are stratified into different clinical
subtypes in order to determine specific treatments, and several breast cancer subtyping
approaches are currently available. For example, Fluorescence in situ hybridization
(FISH) or immunohistochemistry (IHC) techniques are often used to determine clinical
subtypes based on common receptor protein alterations such as estrogen (ER),
progesterone (PR), and HER2 receptor amplification [7, 33]. Additionally, Ki-67
(proliferation marker), CK 5/6 (cytokeratin marker), EGFR, androgen receptor (AR), and
p53 (apoptosis marker) are used as biomarkers to further classify breast cancer using
IHC methods. Although helpful, IHC methods are often subjected to bias due to tissue
handling, fixation, antibody sources, and need for physical evaluation by pathologists
[34, 35]. More recently, Perou and Sorlie et al. proposed five “intrinsic subtypes” that
have shown utility in guiding therapy by leveraging gene expression data, differences in
clinical outcomes, and responses to neoadjuvant chemotherapy [7, 14, 36—38]. Further,
evaluation of gene expression has led to the proposition of several additional subtypes
including claudin-low, molecular apocrine, and a novel luminal-like subtype [39-44].
While molecular subtypes continue to emerge, routine use of such subtypes in clinical

settings is not sensitive and specific due to some critical limitations. For example, tumors
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of the same clinical or intrinsic subtype can show differences in growth, survival, and
response to therapies [45], and clinical and intrinsic subtypes are sometimes discrepant
[46]. Approximately one third of HER2+ tumors are not classified as the HER2-enriched
intrinsic subtype and up to 25% of clinically characterized ER+ tumors are not classified
as the luminal intrinsic subtype [36]. While IHC methods are single protein based,
intrinsic subtypes are fundamentally empirical and do not focus on distinct biological
properties. Thus, both IHC and intrinsic subtypes fail to recapitulate the biological
heterogeneity within each subtype [47]. Recent studies highlight the discordance
between the IHC and intrinsic subtypes, which calls for additional work [47, 48]. To
address these challenges, pathway-level subtyping may provide complementary
information for determining therapeutic targets. For example, identification of specific
aberrant pathways within the triple negative and basal-like subtypes may help to explain
additional heterogeneity and better target these subtypes pharmacologically [49]. Here,
breast cancer intertumor heterogeneity was explored in terms of GFRN activity for its
well-known role in growth, evasion of apoptosis, and drug response.

While biochemical measurement of pathway activity is challenging in human
tumors due to limited tissue availability and instability of specific proteins, patterns of
activity across multiple genes—or gene expression signatures—can be used as
surrogates for pathway activation in tumors and to model biological phenotypes [50-54].
Pathway activation has been used to predict drug response to targeted therapies in cell
lines [52, 54, 55], but to the best of our knowledge, this is the first study which measures
activity of seven GFRN members concurrently at the pathway level in patient samples. In
this study, 1119 breast tumors were profiled for GFRN activity across Cancer Genome
Atlas (TCGA), and across 55 breast cancer cell lines from the Integrative Cancer Biology

Program (ICBP43) [56, 57] (Figure 3.1). Pathway activity was estimated in samples
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using novel GFRN gene expression signatures for the HER2, IGF1R, AKT, EGFR,
KRAS (G12V mutation), RAF1, and BAD pathways. These GFRN signatures were
generated by performing sequencing on RNA collected from primary human mammary
epithelial cells (HMECs) overexpressing HER2, IGF1R, AKT1, EGFR, KRAS (G12V),
RAF1, or BAD for 18-36 hours. These signatures capture early transcriptional events
which occur shortly after oncogene activation, and represent the transcriptional profile of
pathway activation, and not of a transformed cell.

Using the pathway analysis toolkit, Adaptive Signature Selection, and
InteGratioN (ASSIGN), the signatures were projected onto each breast cancer data set
and uncovered two discrete patterns of GFRN activity [58]. One pattern was
characterized by concurrent activation of the HER2, IGF1R, and AKT pathways, and
another was characterized by concurrent activation of the EGFR, KRAS, RAF1, and
BAD pathways. Typically, when one set of pathways was active, the other set was
inactive, indicating that each sample tends to have a dominant GFRN phenotype.
Pathways activation of HER2, IGF1R, and AKT was nicknamed the “survival phenotype”
and activation of EGFR, KRAS, RAF1, and BAD as the “growth phenotype”. These
names were chosen for simplicity and based on the known role of AKT signaling in
cancer cell survival, and the known role of EGFR/RAS signaling in cellular growth [59,
60]. Importantly, genomic pathway activity corresponded to apoptotic phenotypes. The
growth phenotype showed upregulation of anti-apoptotic protein, MCL-1 and
downregulation of pro-apoptotic protein, BIM, as a mechanism of escaping apoptosis.
Additional subgroups were also identified within each phenotype, including HER2 high
and HER2 low activity groups within the survival phenotype, and BAD high and BAD low
activity groups within the growth phenotype. These discrete subgroups displayed

differences in response to targeted therapies and chemotherapies. Therefore, these
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phenotypes can serve as surrogates for GFRN activity that capture significant variability
in the gene expression data, differentiate survival mechanisms, and correlate to drug
response significantly. A major component of the heterogeneity found across tumor
expression data was contributed by GFRN signaling and was independent of ER, PR,
and HER2 status compared to intrinsic subtypes. Additionally, a unique aspect is that
GFRN activity explained the data in a biologically meaningful way. For example, while
intrinsic subtyping approaches are based on empirical patterns of gene expression and
do not necessarily represent a biological process, the subgrouping approach represents
aberrant activity in specific GFRN pathway signaling. Therefore, pathway-based
phenotypes and subgroups have the potential to complement existing methods and
identify biologically and clinically relevant patterns in tumors. Taken together, pathway
signatures not only aid in assessing general pathway activity patterns in a biologically
relevant way, but also show promise to select better treatment targets for breast cancer

patients.

Results
Two dominant phenotypes in breast cancer patients and cell lines

Gene expression signatures were developed and validated for the following
GFRN pathways: AKT, BAD, EGFR, HER2, IGF1R, KRAS (G12V mutation), and RAF1.
Signatures were generated by expressing these genes using recombinant adenoviruses
in normal human mammary epithelial cells (HMECs). The control samples received
green fluorescent protein (GFP) adenovirus. The overall goal of this approach was to
capture the downstream transcriptional events specific for each expressed GFRN gene,
or the gene expression signatures, and to use these signatures to estimate pathway
activity in cell lines and patient samples. To determine if adenovirus infection led to

pathway activation for each overexpressed gene, protein levels of gene products, and
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their downstream targets were measured the using Western blots (Supplemental Figure
3.1). Next, RNA-sequencing (RNA-seq) was performed on multiple replicates of HMECs
overexpressing GFRN genes and GFP controls. This data was used to generate
pathway-based gene expression signatures for each overexpressed gene using the
previously published ASSIGN pathway profiling approach (Supplemental Figures 3.2A-
G) [58]. Briefly, ASSIGN prioritized genes that best discriminated GFP control samples
from samples overexpressing GFRN genes to generate gene expression signatures.
Next, ASSIGN was used to estimate the activation of each GFRN member (AKT, BAD,
EGFR, HER2, IGF1R, KRAS (G12V), and RAF1) in 1119 breast cancer patient samples
from TCGA and 55 samples from the ICBP panel of breast cancer cell lines. ASSIGN
was used to measure highly correlated GFRN pathway activity more accurately in
patient samples with signatures generated in HMECs since ASSIGN estimates
correlated pathway activities robustly by adapting pathway signatures into specific
disease context. Robustness of each pathway signature was validated with (1) leave one
out cross validation (LOOCYV), (2) relevant reverse phase protein array (RPPA) scores,
(3) gene expression data for the overexpressed oncogenes, and (4) mutation data (See
Methods, Supplemental Figure 3.3, and Supplemental Table 3.1). After validating the
GFRN signatures, gene set enrichment analysis was performed to identify enriched
signaling patterns within each signature (refer to “Gene set enrichment analysis on RNA-
Sequencing signatures” in Supplementary Results, Supplemental Tables 3.2-8).

Finally, unsupervised hierarchical clustering of the pathway activity estimates for
all GFRN signatures in both ICBP cell lines and TCGA patient data resulted in a
dichotomous pattern (Figure 3.2A & 3.2B). The HER2, IGF1R and AKT pathways formed
a cluster, as did the remaining BAD, EGFR, KRAS, and RAF1 pathways (Figures 3.2A &

2B). There was some overlap between the two clusters, likely due to the known crosstalk
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and compensation that occurs between the PI3K and MAPK pathways [61]. However, in
general, when one set of pathways was high, the other set was low, which shows that
samples expressed a dominant phenotype of GFRN activity. These results strongly
suggest a pathway-level dichotomization of the GFRN, which is represented by two
primary growth phenotypes: (1) activation of the HER2/IGF1R/AKT pathways or “survival
phenotype” (2) activation of the BAD/EGFR/KRAS/RAF1 pathways or “growth
phenotype.”

After identifying the two main dichotomous growth phenotypes, these phenotypes
were investigated for how they related to classic IHC-based subtypes, intrinsic subtypes,
and additional heterogeneity present within each phenotype (Figure 3.2). To investigate
if these phenotypes were independent of ER status, pathway activity estimates were
clustered for ER+ and ER- samples separately for both ICBP and TCGA samples. The
pathway activity bifurcation pattern, as represented by GFRN phenotypes, was
consistent within ER+ and ER- samples, indicating GFRN phenotypes are partially
independent of ER status (Supplemental Figure 3.4). The variability between histological
and intrinsic subtypes can also been seen in the heatmap sidebars for TCGA and ICBP
data (Figures 3.2A-D), and in boxplots of pathway activity estimates across clinical and
intrinsic subtypes in TCGA (Supplemental Figures 3.5 & 3.6). Samples classified as the
survival phenotype included samples from all histological and intrinsic subtypes
(Supplemental Tables 3.9-10; Supplemental Figure 3.7). Of the 596 TCGA tumors from
the survival phenotype, 84.74% were ER+, 72.99% were PR+, 18.12% were HER2+,
and 26.51%, 17.79%, 6.88%, and 0.34% were of Luminal A, Luminal B, HER2-enriched,
and Basal subtypes respectively. For the growth phenotype (n=523), even more
heterogeneity in ER, PR, and HER2 status was observed (ER + 53.54%, ER - 37.67%;

PR+ 46.85%, PR- 43.98%, HER2+ 10.33% , HER2 - 56.41%, Basal 17.78%, Her2
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enriched 3.06%, Luminal A 13.96% and Luminal B 4.02% ). Hence, clinical and intrinsic
subtypes varied in each phenotype cluster, and the GFRN phenotypes provide additional
information which complements existing breast cancer clinical and intrinsic subtypes in
both patient and cell line data [14, 37, 62 ,63].

HER2 activity differences were also observed within the survival phenotype, and
differences in BAD activity within the growth phenotype. To further classify samples
specifically on these differences, k-means clustering was performed on the AKT, BAD,
EGFR, and HER2 pathway activity predictions in ICBP and TCGA. The four resulting
clusters separated the survival phenotype into two subsets of samples that had either
high or low HER2 activity, and the growth phenotype into two subsets of samples that
had either high or low BAD activity. These patterns were observed in both the TCGA and
ICBP datasets (Figures 3.2C & 3.2D). Again, subtype plot against these four subgroups
as presented in the sidebars reveal there is additional heterogeneity within ER and PR
status that is captured using GFRN subgroups. Of note, a survival analysis of the four
subgroups in TCGA did not show significant differences in survival (A2=5.5, p-
value=0.141, Supplemental Figure 3.8). This indicates that these subgroups may not
relate to survival directly. Instead, these subgroups discriminate aberrant pathway
activity that may help select patient subgroups likely to respond to specific drugs
targeting those pathways. GFRN phenotypes complement ER status and current
subtyping methods, but are more biologically focused than current intrinsic subtypes and

are useful in addition to current IHC-based subtypes.

GFRN phenotypes and subgroups contribute to variances found in
TCGA breast cancer gene expression data
In order to determine if the GFRN phenotypes and subgroups contributed to

heterogeneity in the breast cancer data using an unbiased approach, an unsupervised
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principal component analysis was performed on 1119 breast cancer RNA-sequencing
samples from TCGA. Principal component analysis (PCA) is a dimension reduction
method capable of identifying uncorrelated sources of variation within a dataset as
principal components (PCs) [64, 65]. The first five PCs identified in this dataset
represented the most significant amount of variability, explaining 34.3% of the total
variance. The remaining components, each accounting for less than 4% of the total
variation, were not investigated due to their minor contribution to total variance. Of note,
PC 1 was significantly associated with average gene expression of the samples
(Spearman’s correlations: -0.786, p-value <0.0001), potentially reflecting technical and
nondisease-related sample variation (Supplemental Figure 3.9). However, PC 1 was
included in analyses to demonstrate its performance. To explain variability as presented
by PC values, currently used histological (ER, PR, and HER2) and intrinsic subtypes
were compared to GFRN-based approaches. First, each classification approach was
investigated for if it explained variability in each PC. When comparing PC values,
significant differences were found between ER+ and ER- samples and PR+ and PR-
samples for PCs 1 through 5, between HER2+ and HER2- samples for PCs 3, 4, and 5,
across intrinsic subtypes for PCs 1 through 5 (ANOVA, p-value<0.0001), between
growth and survival phenotypes for PCs 2 through 5, and across four GFRN subgroups
for PCs 1 through 5 (ANOVA p-value<0.0001). These results indicated that significant
variation underlying the TCGA breast cancer data may be contributed from multiple
sources, including GFRN phenotypes, subgroups, histological and intrinsic subtypes.
Second, a linear modeling approach was used to model the first five PCs with
GFRN subgroups, intrinsic subtypes (PAM50), and histological (ER, PR, and HER2)
subtypes. Variance explained by each model was compared in terms of R? values. 355

TCGA tumor samples, for which all of these variables were available, were included. ER
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(R? = 0.56) and PR (R? = 0.407) status explained a significant proportion of PC2, but
explained less than 10% of the total variability in the other PCs. HER2 status alone
explained less than 4% of the variability for any of the PCs. Both GFRN subgroups and
intrinsic subtypes explained additional variability in PCs 1-5. For all five PCs, adding the
GFRN subgroups or intrinsic subtypes to clinical subtypes increased the R? values of the
model (p-value < 0.01 for all models tested, Supplemental Figure 3.10 ; Supplemental
Table 3.11). Specifically, adding GFRN subtypes to a model of PCs explained an
additional 10-35% (p-value<0.00001) of the variation when compared to a model of ER
status alone, while PAM50 explained only 4-20% of the variation (Supplemental Table
3.11).

On a more granular level, GFRN subgroups explained an additional 13.5% (p-
value<0.00001) of the variability for PC2 which was not explained by ER status alone.
For PC3, GFRN subtypes explained an additional 35% of the variation when compared
to a model of ER status alone (ER R? 0.052, ER + GFRN subtype R% 0.398, p-value <
0.00001), and intrinsic subtypes only explained an additional 20% of the variation
compared to the same model of ER status alone (ER + intrinsic subtype R% 0.254, p-
value < 0.00001). Overall, the models that contained GFRN subgroups explained a
larger percentage of the variance of PC 1, PC 3, and PC 4, and models that contained
intrinsic subgroups explained a larger percentage of the variance of PC 2 and PC 5 (
Supplemental Figure 3.10). These significant R? and p-values confirm the
nonredundancy of GFRN subgroups in relation to commonly used clinical features in
breast cancer. Additionally, GFRN subgroups explain additional variance in models of
PC 1, PC 3, and PC 4 than models containing intrinsic subgroups.

Next, the variability contributed by GFRN subgroups was investigated in relation

to biological signals, or pathway activity in this case. PC values for PCs 1 through 5 were
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correlated with the GFRN pathway activation estimates from TCGA (Figure 3.3,
Supplemental Table 3.12). Again, a striking bifurcated pattern was found in the
correlations between pathway activity and PCs in this independent variability analysis.
PC 2 was positively correlated with the EGFR, KRAS, RAF1, and BAD activation, and
negatively correlated with HER2, IGF1R, and AKT activation. Therefore, PC 2 is
demonstrating characters of the growth phenotype. PC 3 and PC 4 were positively
correlated with the HER2, IGF1R, and AKT activation and negatively correlated with the
EGFR, KRAS, RAF1, and BAD activation, thus representing growth phenotype
characteristics (Figure 3.3). Both PC 1 and PC5 were negatively correlated with EGFR
and RAF1 activation, but positively correlated with BAD activation. Since intrinsic
subtypes are derived empirically without pointing to any specific biological phenomenon,
a correlation to intrinsic subtypes could not be performed.

In summary, these novel GFRN subgroups explained a significant amount of
variability in TCGA RNA-sequencing data. The GFRN subgroups described variation
beyond ER, PR, and HER2 status in all cases, and beyond intrinsic subtypes for 3 out of
5 cases. These results suggest that variability in breast cancer data can be further
explained in terms of the GFRN pathway activity. Therefore, GFRN subgroups can
augment current breast cancer subtyping methods by encompassing additional
heterogeneity not captured by traditional approaches. This pathway-based approach
may further explain specific variation in terms of pathway activity which may point to

identifying therapeutic targets.

Breast cancer growth phenotypes bifurcate in expression of
mitochondrial apoptotic proteins
Next, differences between the survival and growth phenotypes were examined at

the biological level, specifically in terms of mitochondrial mediated intrinsic apoptosis
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mechanisms. Although cytotoxic anticancer agents induce cell death through various
mechanisms, including intrinsic or extrinsic apoptosis, necrosis, autophagy, mitotic
catastrophe, or senescence [66, 67], we focused on mitochondrial mediated intrinsic
apoptosis mediated by BCL-2 family proteins for the following reasons. First, BCL-2
family members, which regulate the commitment to mitochondrial apoptosis by balancing
pro-apoptotic proteins such as BAD and BIM, and anti-apoptotic proteins such as BCL-2
or MCL-1 [20], have been shown to contribute to the formation, progression and
therapeutic response in breast and other cancers [21, 68]. Second, particular GFRN
signaling pathways, such as those found in the survival and growth phenotypes, have
the potential to induce apoptosis resistance by dysregulating BCL-2 family proteins,
suggesting that targeting GFRN members may lead to increased apoptosis [23—29, 69—
71]. Third, several therapeutic strategies targeting anti-apoptotic BCL-2 family members
are currently under investigation, therefore, understanding which BCL-2 proteins each
phenotype is expressing may provide insight into additional treatment strategies for
breast cancer [22, 72-74].

Here, Western blotting was used to investigate whether protein expression of
particular BCL-2 family members differed in breast cancer cell lines classified as the
survival or growth phenotypes (Figure 3.4). The pro-apoptotic protein BIM and anti-
apoptotic protein MCL-1 were probed across 10 breast cancer cell lines of the survival
phenotype (8 ER+, 2 ER-), and 10 cell lines of the growth phenotype (10 ER-). Higher
levels of MCL-1 were found in cell lines of the growth phenotype, and higher levels of
BIM were found in in the survival phenotype (Figure 3.4B). To determine if differences in
MCL-1 and BIM protein expression between the survival and growth phenotypes were
due to other properties, such as ER status, a Western blot assay was performed using

cell lines with additional heterogeneity in ER status. Although limited by the number of



42

ER+ cell lines of the growth phenotype, 12 cell lines belonging to the survival phenotype
(5 novel ER+ cell lines, 3 ER+ repeats from previous assay, and 4 novel ER-) and 7 cell
lines from the growth phenotype (1 novel ER+ cell line, 2 novel ER-, and 4 ER- repeats)
were included. The protein expression of MCL-1 and BIM were not strictly dependent on
the ER status (Supplemental Figure 3.11).

To understand if similar results could be found in patient tumors, the expression
of BCL-2 family member genes were examined, and MCL-1 gene expression was found
to be higher in the growth phenotype of TCGA patient tumors (n=523) versus the
survival phenotype (n=596, p < 0.0001) (Figure 3.4C). These results were consistent
with previous studies showing that EGFR signaling can upregulate gene expression of
MCL-1 [25, 69-71]. In addition to MCL-1 dysregulation, breast cancer cell lines of the
growth phenotype expressed lower levels of the pro-apoptotic protein BIM (Figure 3.4D).
In support of this assessment, lower levels of BIM (BCL2L11) gene expression were
found in ICBP breast cancer cell lines (p = 0.0004) and TCGA tumors (p = 0.0002), and
RPPA protein expression in TCGA tumors (p < 0.0001) (Figure 3.4D). These results
concur with literature showing that EGFR signaling through ERK activation can lead to
repression of BIM [27-29]. Also, the co-occurrence of high MCL-1 levels and low BIM
levels in the growth phenotype are likely due to MCL-1’s known ability to bind and
neutralize BIM, which leads to prevention of apoptosis death effector activation [21, 75].
In summary, these results show an interesting mitochondrial apoptotic pathway induction
that is dependent on GFRN activity. Specifically, breast tumors classified as the growth
phenotype may overexpress MCL-1 and inhibit BIM expression to achieve cell survival.
These findings illustrate that breast cancer phenotypes, defined by activation of specific
growth factor receptor pathways, express different apoptotic proteins and may resist

apoptosis differently.
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Growth factor receptor networks predict drug response in
breast cancer

Since there was a clear dichotomy in the GFRN signaling mechanisms between
the survival and growth phenotypes, these phenotypes were investigated for their
relation to drug response in breast cancer cell lines. Pathway activation estimates were
correlated with drug response data for 90 drugs from the ICBP breast cancer cell line
panel. Importantly, a consistent bifurcation pattern was observed for drug response in
the cell line data that matched the observed pathway-level bifurcation. Specifically,
cancer cells classified as expressing the survival phenotype were sensitive to therapies
that target AKT, PI3K, HER2, and mTOR (Figure 3.5A). Additionally, these cell lines
were more resistant to chemotherapies and targeted therapies that block EGFR and
MEK. In contrast, cancer cells expressing the growth phenotype were sensitive to
chemotherapeutics such as docetaxel, paclitaxel, and cisplatin. These cell lines were
also sensitive to EGFR and MEK targeted therapies, but more resistant to AKT, PI3K,
HER2, and mTOR inhibitors (Figure 3.5A).

This dichotomy in drug response of the survival and growth phenotypes was
further tested in an independent drug response assay. Eight drugs on a panel of 23
breast cancer cell lines were tested and cell viability was tested upon drug treatment by
measuring ATP levels. Drugs included were: obatoclax (BCL-2, BCL-XL, BCL-W, BAK
inhibitor), UMI-77 (selective MCL-1 inhibitor), erlotinib (EGFR inhibitor), doxorubicin
(topoisomerase |l inhibitor), trametinib (MEK inhibitor), neratinib (pan-HER tyrosine
kinase inhibitor), Sigma-Aldrich AKT1/2 inhibitor (dual AKT1/2 inhibitor), and bafilomycin
(apoptosis inducer that inhibits PI3K/AKT signaling and autophagy inhibitor) at different
doses. Again, a discrete pattern was observed between the survival and growth

phenotypes that translated to a bifurcated drug response pattern (Figure 3.5B).
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Responses to the chemotherapy (doxorubicin) and the EGFR pathway inhibitor
(erlotinib) were high for the growth phenotype. In contrast, cancer cell lines classified as
the survival phenotype responded well to drugs targeting components of the PI3K
pathway, such as Sigma AKT1/2 inhibitor, neratinib, and bafilomycin.

In addition to the bifurcation of GFRN and drug response, breast tumor cells of
the growth phenotype showed a higher response to the specific MCL-1 inhibitor, UMI-77
(Figure 3.5B). This is consistent with the findings that samples within the growth
phenotype have higher MCL-1 expression than the survival phenotype. Response to
obatoclax could not be clearly distinguished based on these phenotypes, likely due to its
nonspecific binding to prosurvival proteins including BCL-2, BCL-XL and MCL-1 [76].
Overall, the GFRN phenotype-based drug response predictions were validated in this
independent drug response assay. Additionally, drug sensitivity of emerging therapies
such as UMI-77, neratinib, and bafilomycin showed differences between the two
phenotypes, further highlighting the close relationship between GFRN signaling activity
and response to therapies directed at pathways in this network.

When GFRN phenotype subgroups were considered, several drugs in the ICBP
drug response assay showed significantly different drug response profiles in the
subgroups found in each GFRN phenotypic arm. For example, PI3K and mTOR inhibitor
GSK1059615 and HER2/EGFR-targeting drug Lapatinib were more effective in cell lines
within the survival phenotype showing higher HER2 activity (p = 0.009 and p <
0.000001, respectively) (Figures 3.6A & 3.6B). Additionally, ICBP cell lines expressing
the growth phenotype responded better to EGFR targeting drugs AG1478 and gefitinib in
the EGFR/BAD low cluster when compared to the EGFR/BAD high cluster (p = 0.001
and p = 0.001, respectively) (Figures 3.6C & 3.6D).

To determine if this bifurcation pattern was independent of clinical and intrinsic
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subtyping approaches, the correlations between pathway activation and drug response
for ER+ and ER- and HER+ and HER- ICBP cell lines were clustered separately. Again,
cell lines with high AKT/IGF1R/HER activity, i.e., survival phenotype, were more
sensitive to HER2/AKT/PI3K targeted drugs even within ER- and HER- cell lines
(Supplemental Figure 3.12). In ER+ and HER+ cell lines, many PI3K/AKT/HER2-
targeting drugs are more effective in the survival phenotype, as expected. However,
there was additional drug response heterogeneity within ER+ samples, which is
associated with variations in BAD and HER2 pathway activity. These subgroups are thus
helpful to further classify samples for better drug response prediction. To assess drug
response across ER, PR, and HER2 status, and intrinsic subtypes, it was found that out
of 90 drugs studied in ICBP only 13 (14.4%), 12 (13.3%), and 19 (21.1%) showed
significant differences in drug response based on ER, PR, and HER2 status
respectively, but growth/survival phenotypes were significant for 27 (49%)
(Supplemental Table 3.13). As further evidence, while HER2 positive status is a
biomarker for effective HER2 targeted therapy, drug sensitivity does not solely depend
on HER?2 status. For example, while HER2 status performs much better in differentiating
Lapatinib’s response than ER and PR status (p-value<0.0001 ), some HER2 negative
cell lines such as HCC70 and 184A1 may respond to Lapatinib (Supplemental Figure
3.13A-C). The subgroup analysis showed the survival/HER2 high subgroup to be more
sensitive to Lapatinib than any other subgroup (Figure 3.6B). In contrast, intrinsic
subgroup analysis showed, in general, that the Luminal subtype was more sensitive, but
significant variability in Lapatinib sensitivity exists within the Luminal subtype
(Supplemental Figure 3.13D). Other detailed examples describing comparisons between
the GFRN phenotypes and other methods are included in Figure 3.6. In conclusion, the

GFRN phenotypes provide additional information to current approaches; GFRN
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phenotypes and subgroups could be used to further stratify samples and may help select

more appropriate candidates for effective drug response.

Discussion

Targeted therapies directed against the key members of the growth factor
receptor network (GFRN), such as EGFR, PI3K, AKT, and mTOR inhibitors, are
currently in preclinical development, clinical trials, or approved for use in breast cancer
[16]. However, predicting patients’ responses to therapies is challenging due to
difficulties in measuring complex signaling events in tumors. Here, this issue was
addressed by investigating global GFRN activity in breast cancer using these novel
signatures. Two discrete patterns of GFRN pathway activity, or phenotypes, were found
(Figure 3.7). The “survival phenotype” was characterized by the activation of the HER2,
AKT, and IGF1R pathways, and the “growth phenotype” as the activation of the EGFR,
KRAS, RAF1, and BAD pathways. Additional subgroups were also found within the
survival and growth phenotypes including HER2 high and low activity groups within the
survival phenotype, and BAD high and low activity groups within the growth phenotype.
Although these discrete phenotypes were named the “survival” and “growth” phenotypes
for simplicity, GFRN pathways comprising both groups can contribute to growth and
survival. To the best of our knowledge, this is the first study to characterize GFRN
activity using signature-based representations of activity across multiple pathways.

These discrete subgroups displayed differences in response to targeted- and
chemotherapies in breast cancer cell lines. For example, conventional chemotherapies
such as docetaxel, paclitaxel, and doxorubicin were more effective for the growth
phenotype than the survival phenotype. Sensitivity to PI3K, HER2, AKT, and mTOR
inhibitors and resistance to conventional chemotherapies was also found in the survival

phenotype. Among the subgroups, the survival phenotype/high HER2 subgroup was
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hypersensitive to lapatinib, a HER2 and EGFR dual inhibitor. Similarly, the survival
phenotype/high HER2 subgroup was more sensitive to GSK1059615, a PI3BK/mTOR
inhibitor than the survival phenotype/low HER2 subgroup. Cell lines of the growth
phenotype responded better to EGFR and MEK inhibitors, and to conventional
chemotherapies. The growth phenotype/low BAD subtype was more sensitive to both
AG1478 and gefitinib (EGFR inhibitors) than the growth phenotype/high BAD subtype.
Overall, the GFRN pathway-based phenotyping contributed to information related to
drug response.

Analysis of these novel phenotypes in breast cancer cell lines and tumors also
revealed differences in intrinsic apoptosis. For example, breast cancer cell lines and
tumors of the growth phenotype had higher levels of the anti-apoptotic protein MCL-1,
and lower levels of the critical pro-apoptotic protein BIM. These results are consistent
with the notion that the MAPK pathway can activate MCL-1 expression and that
activation of ERK1/2 and the MAPK pathway can repress BIM [25, 27-29]. An
independent drug assay also showed that the growth phenotypic cell lines responded
better to an MCL-1 inhibitor (UMI-77). These results suggest that the patients with
growth phenotypic expression may benefit from treatments that increase BIM, i.e., MCL-
1 inhibitors, in combination with chemotherapies, EGFR inhibitors, or other inhibitors of
the MAPK pathway [77, 78]. Therefore, targeting GFRN members may be an effective
therapeutic strategy for inhibiting GFRN pathways and increasing apoptosis [22]. These
results highlight that mapping phenotypes, such as growth networks in breast tumors,
can be exploited to guide the use of targeted therapies. This study was limited to how
GFRN activity related to drug response and cellular intrinsic apoptosis, but it is
understood that this is not the sole mechanism by which cancer cells die, and other cell

death mechanisms, such as necrosis, autophagy, mitotic catastrophe, and senescence
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should also be considered. In addition, as the use of cell lines is limited, a larger-scale
analysis of apoptotic pathways dysregulation in patient tumor cells of all subtypes will be
informative in further detailing how these pathways signal in cancer. These phenotypes
many correlate with other subtyping properties, and may also be confounded by
properties of intrinsic subtyping.

Importantly, these newly discovered breast cancer survival and growth
phenotypes are biologically relevant and offer a direct method for probing and targeting
the GFRN in breast tumors. In addition, these phenotypes complement widely used
clinical and intrinsic subtypes, and stratification of cancers by these phenotypes leads to
better enhanced drug response predictions than classifying cancers by clinical subtyping
approaches. This is most likely because oncogenic pathway activation was measured
more comprehensively than relying on single protein measurements. In addition, this
approach considers crosstalk between members of the GFRN, and correlates with
biological processes such as cell survival. This pathway-based approach for identifying
phenotypes allows for exploration of additional heterogeneity occurring within the
identified phenotypes, which can further improve the ability to stratify breast cancers by
pathway activity, which then can be used to predict drug response. Although this method
has added to current approaches for predicting drug response in breast cancer, most
experiments were performed in breast cancer cell lines with particular classes of drugs;
additional drug testing should be performed in breast cancer patient cells in order to
confirm these phenotypes.

In summary, a novel genomic pathway-based approach of characterizing the
interactive GFRN activation in breast cancer was used to discover two discrete GFRN
phenotypes with significant differences in cell survival mechanisms and drug response in

breast cancer. These phenotypes captured the distinct bifurcation pattern seen in gene
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expression, the GFRN pathway activity, mitochondrial apoptotic network protein
expression, and drug response (Figure 3.7). While ER, PR, HER2 status, and more
recently, intrinsic subtype are used to guide breast cancer treatment, these subtyping or
classifying approaches may not describe signaling pathway dysregulation in tumor cells.
Pathway activity data provides additional information about tumor cells that can be
leveraged to predict drug response. Characterizing individual tumors into these
phenotypes can help determine which patients will benefit from a treatment and select
the appropriate subpopulations for clinical trials. Importantly, these seven pathways did
not capture all the heterogeneity of the samples and inclusion of other pathways may
have additional benefits. Although feasible, additional investigation is needed before
these phenotypes can be used in clinical trials for patient selection, including the testing

of these phenotypes in patient primary tumor cells.

Conclusion
A discriminating bifurcation pattern of key GFRN pathways was identified in
breast tumors that expands beyond histological and clinical subtypes. These phenotypes
correlated with unique apoptotic and drug response mechanisms. The ability to measure
signaling events more accurately in patient tumors advances understandings of the
biological basis of cancer. These results may lead to more effective and individualized

treatment selection in patients with breast cancer.

Methods
Overexpression of genes of interest in human mammary epithelial cells
In order to create gene expression signatures representative of pathway
activation, GFRN oncogenes were overexpressed in primary human mammary epithelial

cells (HMECs). HMECs from a noncancerous breast reduction surgery performed at the
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University of Utah were isolated and cultured according to previously published protocols
[79]. Cells were grown in serum-free mammary epithelial basal medium (MEBM) plus the
addition of a “bullet kit” (Lonza) and supplemented with 5 mg/ml transferrin and 10-5 M
isoproterenol at 5% CO2. Cells were brought to quiescence by growth in low serum
conditions (0.25% MEBM + “bullet kit”, no EGF) for 36 hours. Cells were infected with
recombinant adenovirus (at 500 MOI) expressing either human oncogenes AKT1,
IGF1R, BAD, HER2, KRAS (G12V), RAF1, or GFP control. Cells were incubated with
virus for 18 hours except for KRAS (G12V), which was incubated for 36 hours. The
adenoviral expression systems invokes transient gene expression changes which allow
us to capture the early transcriptional events of each oncogene, as opposed to the
transcriptional profile of a transformed cell. Recombinant adenoviruses were amplified
and concentrations were determined using previously published protocols [80]. All
viruses were obtained from Vector Biolabs, except RAF1 (Cell Biolabs) and EGFR (gift

from Duke University).

Western blot analysis for expression of growth factor proteins
in HMECs and apoptotic proteins in breast cancer cell lines

Protein from HMECs was extracted from the following breast cancer cell lines:
HCC3153, HCC1395, ZR75B, HCC1569, HCC2218, SKBR3, LY2, SUM52PE, ZR7530,
MDAMB361, AU565, BT474, BT483, CAMA1, HCC1419, HCC1428, MCF7,
MDAMB175, T47D, ZR751, HCC1954, JIMT1, BT549, HCC1143, HCC1806, HCC1937,
HCC38, HCC70, HS578T, and MDAMB213. To collect protein, cells were washed with
PBS, scraped on ice into PBS, pelleted by centrifugation, lysed in lysis buffer for 15
minutes (50 mM Tris (pH 8.0), 140 mM NaCl, 5 mM EDTA, 1% TritionX-100, 0.1% SDS,
protease cocktail (Sigma), phosphatase inhibitors cocktails 2 and 3 (Sigma), and

centrifuged at 13,000 x g for 15 minutes. Protein quantitation of lysates was determined
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using a BCA assay (Pierce). Electrophoresis was performed on a 8-12% Tris-HCI
polyacrylamide gel (BioRad) for HMEC western blots, and 18% Criterion TGX
Tris/Glycine gels (BioRad) for apoptotic proteins. Proteins were then transferred to a
PVDF membrane using the iBlot® 2 Dry Blotting System (Thermo Fisher Scientific).
Membranes were blocked for 1 hour with SuperBlock™ (Thermo Fisher Scientific) and
probed with the following primary antibodies: AKT (#9272), pAKT (#13038), BAD
(#9292), EGFR (#4267), pEGFR (#2234), HER2 (#2165), pHER2 (#2244), IGF1R
(#3027), pIGF1R (#3021), KRAS (sc-30), pMEK (#9154), p-cRAF (#9427), GAPDH
(#5174), and B-tubulin (#2146). Of note, pAKT ran higher than expected due to AKT
myristoylation. Breast cancer cell line lysates were probed with the following: MCL-1
(#5453), BIM (#2933), and B-actin (#3700). All antibodies were obtained from Cell

Signaling Technology, besides KRAS, which was obtained from Santa Cruz.

Dose response assay

Cell lines were plated at 2000 cells per well in 384 well plates for 24 hours at
37°C. All cell lines were obtained from American Type Culture Collection (ATCC). Drugs
were diluted to six doses in media containing 5% FBS (Gibcol/Life technologies) and 1%
anti—anti (Gibco/Life technologies). Erlotinib, trametinib, UMI-77, obatoclax, doxorubicin,
and neratinib were purchased from Selleckchem and Bafilomycin and AKT1/2 inhibitor
were from Sigma-Aldrich. Drugs were dissolved in 100% DMSO and stored at -80°C.
Cell viability and growth were measured using CellTiter-Glo (Promega) 72 hours after
treatment. All treatment doses were performed in four replicates. The Drug Discovery
Core Facility, a part of the Health Sciences Cores at the University of Utah, performed
the dose response assay. EC50s (concentration of each drug that provides half of the
maximum response) were determined, and converted the EC50s to drug sensitivity

values defined as the negative log of the EC50s (-logEC50). EC50 values were
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calculated from dose response data by plotting in GraphPad Prism 4 and using the
equation Y = 1/(1 + 10°((logeC50 - X) *HillSlope)) with a variable slope (Ymin = 0 and

Ymax = 1).

RNA preparation and RNA sequencing

After transfection with adenovirus and Western blot validation, cells were
pelleted, washed in PBS, and stored in RNAlater (Ambion). Cells were then DNase
treated, and RNA was extracted using the RNeasy kit (Qiagen). RNA replicates were
generated for each overexpressed gene: 6 each for AKT, BAD, IGF1R, and RAF1; 5 for
HER2; and 12 for GFP control (Gene Expression Omnibus (GEOQO) accession
GSE83083). Additionally, 9 replicates of each of KRAS and GFP control were generated
(GEO accession GSE83083). The EGFR signature and its corresponding GFP control
were previously generated with 6 replicates of each (GEO accession GSE59765). RNA
concentration was determined with a Nanodrop (ND-1000). cDNA libraries were
prepared from extracted RNA using the lllumina Stranded TruSeq protocol (lllumina).
cDNA libraries were sequenced at Oregon Health and Sciences University using the
lllumina HiSeq 2000 sequencing platform with six samples per lane. Single-end reads of

101 base pairs were generated.

Gene expression data processing, normalization, and datasets
The Rsubread R package (Version 1.14.2) was used to align and summarize
RNA-seq reads to the UCSC hg19 reference genome and annotations [81, 82]. All RNA-
seq data in this study, including HMEC overexpression data (GSE83083, GSE59765),
TCGA breast cancer data (GSE62944), and ICBP breast cancer RNA-Seq dataset
(GSE48213), were processed and normalized using a pipeline that can be found at

(https://github.com/srp33/TCGA_RNASeq_Clinical) [60, 83].
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Generation of gene expression signatures

Adaptive Signature Selection and InteGratioN (ASSIGN; Version 1.9.1), a semi-
supervised pathway profiling toolkit, was used to generate gene expression signatures.
A formal definition of the ASSIGN model and software implementation was previously
described [58]. RNA-Seq data from HMECs overexpressing GFP control were compared
to HMECs overexpressing AKT1, IGF1R, BAD, HER2, KRAS (G12V), RAF1, and EGFR.
ASSIGN uses a Bayesian variable approach to select genes with the highest weights
and signal strengths, indicating differential expression. These genes represent

oncogenic signatures.

Gene set enrichment analysis on RNA-Sequencing signatures

The R package, Gene Set Variation Analysis for microarray and RNA-seq data
(GSVA; Version 1.22.0), a nonparametric, unsupervised method for estimating variation
of gene set enrichments in gene expression data, was used to perform this gene set
enrichment analysis [84]. GSVA was downloaded from Bioconductor (3.4). RNA-
Sequencing data from HMECs overexpressing GFP (control), AKT1, IGF1R, BAD,
HER2, KRAS(G12V), RAF1, and EGFR was used as input for the GSVA algorithm. The
following gene sets were used and downloaded from the Molecular Signatures Database
(http://software.broadinstitute.org/gsea/downloads.jsp) [85]; 1320 gene sets from the C2:
canonical pathways collection (c2.cp.v5.2.symbols.gmt) and 50 gene sets from the
hallmarks collection (h.all.v5.2.symbols.gmt). The following GSVA parameters were
used: minimum gene set size = 10, maximum gene set size = 500, verbose = TRUE,
rnaseq=TRUE, and method = “ssgsea”. GSVA returns a matrix containing enrichment
scores for each sample and gene. The R package limma (version 3.30.2) [86], was used
to perform a differential expression analysis between each overexpressed gene samples

and its respective GFP control samples.
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Batch adjustment and estimation of pathway activity in ICBP and
TCGA BRCA patient samples

HMEC oncogenic signatures (training data) were applied to 55 ICBP breast
cancer cells and 1119 TCGA breast cancer patient gene expression datasets (test data)
to estimate pathway activation status. To avoid confounding batch effects within and
between the training and test data, the data was adjusted for batch effects. First, in order
to visualize batch effects in the data a principal component analysis (PCA) was
performed on the training (HMEC overexpression RNA-seq) data. The training data was
sequenced separately in three batches, and significant batch effects were observed.
Batch effects were adjusted using the “ComBat” function from the R package sva
(version 3.21.1) [83, 87]. ComBat was run using the reference-batch option, which
adjusts the data to match an indicated batch. The sequencing batch containing AKT1,
IGF1R, BAD, HER2, and RAF1 was selected as the reference batch. A model-matrix
indicating which pathway was associated with each training replicate was also included.
After the first batch adjustment, PCA was performed on the adjusted training data and
the test data (ICBP breast cancer cell lines or TCGA breast tumors). Significant batch
effects were identified between the training and test data and performed a second round
of ComBat adjustment, using the training data as the reference batch. After the second
batch adjustment, PCA was performed to confirm the resolution of the batch effect.
Additionally, background baseline gene expression differences were adjusted between
oncogenic signatures and test samples (ICBP cell lines and TCGA patient data) using
ASSIGN’s adaptive background parameter. The variation in magnitude and direction of
signature-relevant gene expression between oncogenic signatures training samples and
test samples was adjusted using ASSIGN’s adaptive signature parameter. The model

specification options for all analyses are listed in Supplemental Table 3.14. Default
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ASSIGN settings were used for all other parameters.

Optimization of single-pathway estimates in ICBP cell line and TCGA
BRCA patient data

To determine the optimum number of genes for each oncogenic signature,
signatures with gene list lengths from 25 to 500 genes, in 25 gene increments, were
generated using ASSIGN’s single pathway settings. By default, ASSIGN chooses gene
lists that contain an equal number of genes that have increased or decreased
expression with pathway activation. ASSIGN also allows a specific gene to be anchored
in the signature, making sure that gene is always included in the signature, even if it is
not chosen during gene selection or if it is removed from the signature after Monte Carlo
simulation. Anchor genes were chosen based on the oncogene overexpressed in each
signature. Pathway predictions generated by ASSIGN are represented as values from
zero to one. Values of zero represent no pathway activity, and values of one represent
high pathway activity. For all the signatures that passed internal leave-one-out-cross-
validation, pathway estimates were included for further validation in proteomics,
mutation, and gene expression. To determine optimal signature gene list lengths and
evaluate the robustness of the generated signatures, pathway activation estimates from
ICBP and TCGA were correlated with proteins that reflect downstream pathway
activation from corresponding ICBP and TCGA RPPA data as a measurement of protein
quantity [88, 89]. Significant correlations were found between pathway activation
estimates for all GFRN signatures and appropriate downstream pathway proteins [13,
90-92] (Supplemental Table 3.1). Mutation-based analysis was performed using t-tests
between patient groups based on mutation status in oncogenic proteins. For example,
TCGA mutation data was analyzed and higher HER2 pathway activation estimates were

found in HER2-positive tumors (Supplemental Figure 3.3C), and higher AKT activation
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and lower BAD activation estimates in patients with PI3KCA mutations (Supplemental
Figures 3.3A & 3.3B). In gene expression data, higher pathway activity for AKT, EGFR,
IGF1R, and RAF1 in TCGA samples classified as “high” expressing using percentiles
from the TCGA RNA-seq dataset for their respective genes AKT1, EGFR, IGF1R, and
RAF1 were found (Supplemental Figures 3.3D-G). Samples with 90th percentile or
higher expression were considered “high” 10th percentile or lower were considered
"low”, and 10th to 90th percentile were considered “intermediate” expressing samples for
AKT1, EGFR and RAF1. For IGF1R validation, samples with 80th percentile or higher
IGF1R expression were considered “high”, 20 percentile or lower was considered “low”,
and 20 to 80 percentile expression were considered “intermediate” expressing samples.
Finally, a pairwise Spearman correlation values and calculated p-values between
pathway predictions and corresponding TCGA reverse phase protein array (RPPA) data,
were used to determine which gene numbers gave the best correlations. The HER2 and
AKT signatures performed better with fewer genes. Therefore, 5-, 10-, 15-, and 20-gene
signatures for HER2 and AKT were generated. Significant correlations were seen
between pathway estimates and RPPA protein scores. For example, AKT pathway
activation estimates were significantly correlated with AKT, PDK1, and phosphorylated-
PDK1 protein levels in both ICBP and TCGA (p-values <0.0001) samples. Due to the
lack of proteins available to validate the BAD signature, negative correlations between
BAD pathway estimates and AKT protein based on the knowledge that activation of AKT
leads to BAD inhibition were used [23]. The optimized gene list was the list that gave the
best average correlation in the expected direction for the RPPA data correlated with
each pathway in the TCGA data and was significant both in ICBP and TCGA data, with

an ICBP correlation of at least 0.3 and a maximum gene list length of 300 genes.
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Software implementation of pathway activity prediction with
generated signatures
The signatures presented here have been included in the latest version of the
ASSIGN package (v1.11.3) so that pathway activity prediction can be easily performed
on other datasets. Because the gene list length can affect the results of ASSIGN
analysis, the signatures can be used in their original form, or the gene list lengths can be
optimized based on maximizing correlations between ASSIGN activity predictions and a

set of variables, such as RPPA data.

Determination of growth factor phenotypes in ICBP and TCGA
Cell lines from ICBP, patient tumors from TCGA, and breast cancer cell lines for
in vitro experiments were classified as either the survival or growth phenotype by
calculating the mean of scaled pathway activation values for HER, IGF1R, and AKT for
the survival phenotype, and the mean of scaled pathway activation values for BAD,
EGFR, KRAS, and RAF1 for the growth phenotype. Each sample was classified as

either survival or growth phenotype based on which phenotype had the highest mean.

Identification of additional drug response heterogeneity within
growth factor phenotypes
In order to classify samples into subgroups that corresponded with high and low
HER2 activity within the survival phenotype and high and low BAD activity within the
growth phenotype, k-means clustering (“kmeans” R function) was performed on the
scaled pathway activity data for AKT, HER2, BAD, and EGFR pathways (with four
means and 100 random starts). After classifying samples, t-tests were performed using
the R function “t.test” on known HER2/AKT/PI3k/mTOR-targeting drugs and

EGFR/MEK-targeting drugs from the drug response assay described above between the
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cell lines identified as AKT/HER2 high and AKT/HER2 low, and between the cell lines
identified as EGFR/BAD high and EGFR/BAD low. P-values were corrected using an
FDR correction and identified drugs that showed a significantly different drug response
between the growth factor subgroups. When determining how growth phenotypes ER,
PR and HER2 status performed in assessing drug responses, mean drug response
across all available cell lines as the cut-off were used. Cell line drug sensitivity value

above this cutoff was considered as “sensitive” and otherwise “resistant”.

Statistical analyses

The “prcomp” function from the stats R package was used to compute the
principal components in TCGA breast cancer patient RNA-seq data. The Spearman
rank-based pairwise correlation method was used for all principal-component-based
correlations, pathway predictions, and protein correlations. The “cor.test” function from
the stats R package was used to calculate p-values for each correlation [93-95].
Student’s t-tests were used to find differences in principal component values based on
IHC-based subtypes, mutation status within GFRN subtypes and intrinsic subtypes,
pathway activity, drug sensitivity differences, and gene expression. The “heatmap.2”
function from the ggplots R package and the “Heatmap” function from the
ComplexHeatmap R package were used for generating pathway activity and pathway
activity-drug response correlation heatmaps [96, 97]. The “Im” function from the stats R
package was used to model PC values in TCGA using clinical subtypes, intrinsic
subtypes, and GFRN subgroups to determine R2 values. Models were compared using
the “anova” function from the stats package to determine the significance of adding
additional features to the models. All analyses were conducted in R and the code is

available at https://github.com/mumtahena/GFRN_signatures [98].
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Availability of data and materials
The datasets supporting the conclusions of this article and instructions for how to
download it are available in the Github repository titled “GRFN_signatures” found at
https://github.com/mumtahena/GFRN_signatures. Gene expression signatures can be

found at GSE83083 and GSE59765.
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Figure 3.1: High-level overview for probing growth factor receptor networks in breast
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AKT, BAD, EGFR, HER2, IGF1R, RAF1, and KRAS (G12V). (B) Generation of RNA-
sequencing data from HMECs overexpressing GFRN genes and signature generation
using ASSIGN. (C) Determination of GFRN pathways activation across TCGA breast
tumors and ICBP breast cancer cell lines and identification of novel phenotypes based
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Figure 3.2: Analysis of pathway activity and intrinsic subtypes in (A) 1119 TCGA breast
cancer samples and (B) 55 ICBP breast cancer cell lines. HER2, IGF1R, AKT and BAD,
EGFR, KRAS (G12V), and RAF1 pathway activities reveal two distinct clusters that were
negatively associated. GFRN characterization reveals a dichotomy in TCGA breast
cancer patients, high BAD/EGFR/KRAS/RAF1 (growth phenotype) (column color label
shown in aquamarine) and high HER2/IGF1R/AKT (survival phenotype) (column color
label shown in coral). Subtypes determined by immunohistochemistry and intrinsic
subtyping are shown on the right side row color labels. K-means clustering of TCGA
samples (C) identifies subsets of samples within the survival phenotype that have high
HER2 activation and low HER2 activation, and subsets of samples within the growth
phenotype that have high BAD activation and low BAD activation (shown in the left side
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and ASSIGN GFRN pathway estimates from TCGA breast cancer RNA-seq data. Red
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colors represent a positive correlation and blue colors represent a negative correlation.
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determine significance.
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Figure 3.6: Differential drug response identified in GFRN phenotype heterogeneity.
Boxplots of —log (EC50) drug response data from four drugs in the drug assay that show
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and mTOR inhibitor, caused an increase in response in samples within the survival
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Figure 3.7: Summary of the survival and growth phenotypes in breast cancer. The
survival phenotype is characterized by high HER2, IGF1R, and AKT pathway activation,
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Supplemental Results, Figures, and Tables

Supplemental results: Gene set enrichment analysis on
RNA-Sequencing signatures
We performed gene set enrichment analysis, using the Gene Set Variation
Analysis for microarray and RNA-seq data (GSVA) method, to better understand the
biological significance and discover enriched gene sets between our RNA-sequencing
signatures: AKT, BAD, EGFR, HER2, IGF1R, KRAS, and RAF1 and GFP controls. We

analyzed 1370 gene sets from the C2: canonical pathways collection from the Molecular
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Signatures Database (See Methods section in manuscript). Gene sets representing cell
cycle pathways were found to be enriched across all signatures, however, each
signature also showed enrichment for expected and unique gene sets. For example, the
HER2 signature was primarily enriched for immune system and cellular adhesion
pathways (Supplemental Table 3.6). The IGF1R signature was dominated by metabolic
pathways (Supplemental Table 3.7). The AKT signature was enriched for immune,
apoptotic, and metabolic pathways (Supplemental Table 3.8). The BAD signature was
enriched for immune system and cell cycle pathways (Supplemental Table 3.9). EGFR
was dominated by DNA replication and cell cycle pathways (Supplemental Table 3.10).
KRAS and RAF were highly enriched for MAPK pathways (Supplemental Tables 3.11-
12), but RAF also showed enrichment for TGFB and immune system pathways
(Supplemental Tables 3.11-12). These results highlight the variety of biological pathway
differences which can be found by overexpressing GFRN components, further illustrating

the need for GFRN pathway activation signatures.
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Supplemental Figure 3.1: Validation of protein overexpression for each GFRN signature.
Protein lysates from human primary mammary epithelial cells (HMECs) overexpressing
GFRN genes were compared to GFP control protein lysates using Western blotting. (A)
HMECs overexpressing AKT1 compared to GFP (GAPDH loading control) (B) HMECs
overexpressing BAD, compared to GFP (B-tubulin loading control) (C) HMECs
overexpressing EGFR and pEGFR compared to GFP (GAPDH loading control) (D)
HMECs overexpressing HER2 and pHER2 compared to GFP (GAPDH and B-tubulin
loading controls) (E) HMECs overexpressing IGF1R and pIGF1R (GAPDH and B-tubulin
loading controls) (F) HMECs overexpressing pMEK compared to GFP (B-tubulin and
GAPDH loading controls) (G) HMECs overexpressing RAF1 compared to GFP controls
(B-tubulin loading controls).

{




(B) BAD (C) EGFR

R

"

"\Iplj'“'?

1)

UL LR

I GFP overexpressed control samples
s Gene of interest overexpressed samples

76

(D) HER2

Supplemental Figure 3.2: Gene expression signatures for key GFRN pathways
generated by ASSIGN. (A) AKT 20 gene signature, (B) BAD 250 gene signature, (C)
EGFR 50 gene signature, (D) HER2 10 gene signature, (E) IGF1R 100 gene signature,
(F) KRAS (G12V) 200 gene signature, and (G) RAF1 350 gene signature. The horizontal
black bar indicates green fluorescent protein (GFP) overexpressing control samples, and
the red bar indicates the overexpressed genes of interest (i.e., AKT1, BAD, EGFR,
ERBB2 (HER2), IGF1R, KRAS (G12V), and RAF1, respectively) signature samples.
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Supplemental Figure 3.3: Additional GFRN gene expression signature validations in
TCGA breast cancer data. Pathway activity estimate boxplots between the (A) AKT
pathway and (B) BAD pathway between PISKCA mutated and PISKCA wild-type TCGA
breast cancer samples (n=787). Any mutation in PISKCA was considered pathogenic in
this mutation analysis. (C) HER2 pathway activation estimates between HER+ and HER-
patient TCGA samples (n=708). Pathway activation estimates for (D) IGF1R, (E) AKT,
(F) EGFR, and (G) RAF1 between “high*,“intermediate®, and “low" expressing samples
in 1119 BRCA TCGA samples. Samples with 90 percentile or higher expression were
considered “high”, 10 percentile or lower were considered “low”, and 10 to 90 percentile
were considered “intermediate“ expressing samples for AKT1, EGFR and RAF1. For
IGF1R validation, samples with 80 percentile or higher IGF1R expression were
considered “high“, 20 percentile or lower was considered “low*, and 20 to 80 percentile
expression were considered “intermediate” expressing samples.
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Supplemental Figure 3.4: Pathway activity estimates between ER+ and ER- samples in
breast cancer cell lines and patient data. (A) 19 ER- breast cancer cell lines from ICBP,
(B) 32 ER+ breast cancer cell lines from ICBP. (C) 230 ER- breast cancer patient
samples from TCGA, and (D) 785 ER+ breast cancer patient samples from TCGA. The
growth phenotype is represented in aquamarine above the heat map, and the survival
phenotype in coral. Subtypes determined by immunohistochemistry (ER, PR, and
HERZ2), intrinsic subtyping, and PAMS50, are label in the right side of the heatmap.
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Supplemental Figure 3.5: Pathway activation estimates across clinical subtypes (IHC-
RAF1 pathway (G) the KRAS pathway.
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Supplemental Figure 3.6: Pathway activation estimates across intrinsic subtypes
(PAM50 based, N=510) in TCGA breast cancer data for (A) the AKT pathway (B) the
BAD pathway (C) the EGFR pathway (D) the HER2 pathway (E) the IGF1R pathway (F)

the KRAS pathway (G) the RAF1 pathway estimates.
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Supplemental Figure 3.7: Graphical representation of the IHC and intrinsic subtype
status distribution for ICBP cell line and TCGA breast tumors. Each sample is
represented along the X-axis and corresponding phenotype, ER, PR, HER2 and intrinsic
subtype status is represented along the Y-axis. Supplemental Table 3.9 and 3.10
provides breakdown of each category, for ICBP and TCGA.
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Supplemental Figure 3.8: Survival analysis of the four subgroups in TCGA BRCA
samples (N=1119). Kaplan-Meier survival analysis for the four identified subgroups using
the Peto and Peto modification of Gehan-Wilcoxon test did not show significant
differences across the subgroups (A%=5.5, p=0.141).
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Supplemental Figure 3.9: Correlation between mean gene expression values for all
samples and the principal component values for each sample for principal component 1
based from breast cancer (BRCA) TCGA RNA-sequencing samples (Spearman’s
correlations: -0.786, p-value <0.0001).
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Supplemental Figure 3.10: Comparison of R? values (proportion of variance) explained
by each model for principle components (PCs) 1 through 5 from TCGA RNA-sequencing
breast cancer data. For each PC, model variables include GFRN subtypes, intrinsic
subtypes (PAM50), clinical subtypes (ER, ER, and HER2 status) and their combinations.
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Supplemental Figure 3.11: Independent western blot assay for MCL-1 and BIM proteins
between breast cancer cell lines from the survival and growth phenotypes. Lysates from
12 cell lines from the survival phenotype (8 ER+ and 4 ER-) and 7 cell lines from the
growth phenotype (1 ER+ and 6 ER-) were probed for anti- and pro-apoptotic proteins,
MCL-1 and BIM, and compared to B-actin (loading control).
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Supplemental Figure 3.12: Correlations between pathway activation estimates and drug
response values between ER+ and ER- and between HER+ and HER2- samples in
breast cancer cell lines. Colors correspond to scaled Spearman correlations between
specific pathway activation estimates generated with ASSIGN and drug sensitivity (-
logGI50) across (A) 18 ER+ breast cancer cell lines, (B) 32 ER- breast cancer cell lines
from the ICBP panel, (C) 18 HER2+ breast cancer cell lines, and (D) 32 HER2- breast
cancer cell lines from the ICBP panel. Red represents positive correlation and blue
represents negative correlation. Pathways cluster across the x-axis as (coral color)
survival phenotype and (green) growth phenotype. Drug classes are represented along
the y-axis as pink (HER2/AKT/PISBK/mTOR  targeted-therapies), yellow
(chemotherapies/BCL-2 targeting therapies), and blue (EGFR/MEK targeted-therapies).
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Supplemental Figure 3.13: Comparison of Lapatinib sensitivity based on (A) ER status,
(B) PR status, (C) HER2 status, (D) Intrinsic Subtypes in ICBP breast cancer cell lines.
Drug sensitivity is measured in -logEC50.
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Supplemental Tables

Supplemental Table 3.1: Spearman correlations between pathway activation estimates
and proteomics data for optimum signature selection in ICBP cell line and TCGA
proteomics data.

Pathway | Optimized Protein ICBP TCGA
Number Correlation | p-value | Correlation | p-value
of Genes

Akt 0.576 2.03E-04 | 0.192 1.54E-07
AKT 20 PDK1 0.574 2.14E-04 | 0.239 5.93E-11
PDK1_pS241 0.535 6.50E-04 | 0.337 5.84E-21
Akt -0.456 4.33E-03 | -0.150 4.43E-05
BAD 250 PDK1 -0.605 8.14E-05 | -0.313 4.37E-18
PDK1_pS241 -0.518 1.02E-03 | -0.232 2.23E-10
EGFR 0.470 0.050 0.357 2.09E-23
EGFR 50 EGFR_pY1068 0.397 0.028 0.129 4.50E-04
M 902 R 2.44E-05
HER2 10 HER2 0.923 0.00E+00 | 0.376 1.61E-05
HER2_pY1248 0.953 0.00E+00 | 0.356 1.37E-04
IRS1 0.324 2.37E-19

IGF1R 0.086 0.608
IGFIR 100 PDK1 0.569 2.45E-04 | 0.371 2.68E-25
PDK1_pS241 0.509 1.26E-03 | 0.403 5.33E-30
EGFR 0.423 8.57E-03 | 0.493 4.05E-46
KRAS EGFR_pY1068 0.296 7.17E-02 | 0.089 1.60E-02
(G12V) 200 EGFR_pY1173 0.090 1.47E-02
MEKA1 0.116 1.69E-03
MEKA1 0.285 0.084 0.245 1.72E-11
RAF 350 PKC.alpha 0.467 3.46E-03 | 0.396 6.36E-29
PKC.alpha_pS657 | 0.462 3.83E-03 | 0.415 0.00E+00
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Supplemental Table 3.2: Top 50 gene sets predicted by GSVA between GFP (control)
and HER2 overexpressing RNA-sequencing data in HMECs. Distinguishing pathways

are color coded.

Hallmark + canonical (C2) gene sets (Molecular Signatures Database) P.Value | adj.P.vVal
KEGG ANTIGEN PROCESSING AND PRESENTATION <0.0001 <0.0001
REACTOME IL 7 SIGNALING <0.0001 <0.0001
REACTOME CHEMOKINE RECEPTORS BIND CHEMOKINES <0.0001 <0.0001
BIOCARTA CBL PATHWAY <0.0001 <0.0001
BIOCARTA COMP_PATHWAY <0.0001 <0.0001
PID VEGFR1 PATHWAY <0.0001 <0.0001
ST G ALPHA S PATHWAY <0.0001 <0.0001
BIOCARTA EPONFKB PATHWAY <0.0001 <0.0001
REACTOME CELL EXTRACELLULAR MATRIX INTERACTIONS <0.0001 <0.0001
BIOCARTA RB PATHWAY <0.0001 0.0001
BIOCARTA IL22BP PATHWAY <0.0001 0.0001
BIOCARTA IL10 PATHWAY <0.0001 0.0001
BIOCARTA P53HYPOXIA PATHWAY <0.0001 0.0001
KEGG PATHOGENIC ESCHERICHIA COLI_INFECTION <0.0001 0.0001
REACTOME REGULATION OF IFNA SIGNALING <0.0001 0.0002
KEGG OOCYTE_MEIOSIS <0.0001 0.0003
REACTOME RECYCLING PATHWAY OF L1 <0.0001 0.0003
BIOCARTA SPRY_ PATHWAY <0.0001 0.0003
KEGG _FOCAL_ADHESION <0.0001 0.0003
BIOCARTA IL7 PATHWAY <0.0001 0.0003
PID REELINPATHWAY <0.0001 0.0003
KEGG _GAP JUNCTION <0.0001 0.0004
PID ILK PATHWAY <0.0001 0.0005
REACTOME_SEMAPHORIN_INTERACTIONS <0.0001 0.0005
PID_NECTIN PATHWAY <0.0001 0.0006
REACTOME_SIGNALING BY RHO GTPASES <0.0001 0.0006
REACTOME_PEPTIDE LIGAND BINDING RECEPTORS <0.0001 0.0006
PID INTEGRIN A9B1 PATHWAY <0.0001 0.0007
REACTOME_KINESINS <0.0001 0.0007
KEGG SELENOAMINO ACID METABOLISM <0.0001 0.0007
PID INTEGRIN A4B1 PATHWAY <0.0001 0.0008
REACTOME PLATELET HOMEOSTASIS <0.0001 0.0008
REACTOME_GRB2_EVENTS_IN_ERBB2_SIGNALING <0.0001 0.0008
KEGG GLYCOSPHINGOLIPID BIOSYNTHESIS LACTO _AND... <0.0001 0.0008
REACTOME GO0 AND EARLY G1 <0.0001 0.0008
BIOCARTA CELLCYCLE PATHWAY <0.0001 0.0008
PID AURORA A PATHWAY <0.0001 0.0008
PID_S1P_S1P1_PATHWAY <0.0001 0.0009
HALLMARK GLYCOLYSIS <0.0001 0.0009
HALLMARK INTERFERON GAMMA RESPONSE <0.0001 0.0009
REACTOME P75NTR_RECRUITS SIGNALLING COMPLEXES <0.0001 0.0009
PID_ ERBB_NETWORK_PATHWAY <0.0001 0.0009
KEGG CALCIUM SIGNALING PATHWAY <0.0001 0.0009
REACTOME_SIGNALING BY FGFR1 FUSION MUTANTS <0.0001 0.0009
BIOCARTA NO1 PATHWAY <0.0001 0.0009
REACTOME METABOLISM OF POLYAMINES <0.0001 0.0010
KEGG_AMINO SUGAR AND NUCLEOTIDE SUGAR METABOLISM <0.0001 0.0010
REACTOME BOTULINUM NEUROTOXICITY <0.0001 0.0010
REACTOME REGULATION OF COMPLEMENT CASCADE <0.0001 0.0010
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Supplemental Table 3.3: Top 50 gene sets predicted by GSVA between GFP (control)

and IGF1R overexpressing RNA-sequencing data in HMECs. Distinguishing pathways

are color coded.

Hallmark + canonical (C2) gene sets (Molecular Signatures Database) P.Value | adj.P.vVal
REACTOME_AMINO_ACID_SYNTHESIS_AND_INTERCONVERSION... <0.0001 <0.0001
KEGG_AMINO _SUGAR_AND_NUCLEOTIDE_SUGAR_METABOLISM <0.0001 <0.0001
REACTOME_DIABETES_PATHWAYS <0.0001 <0.0001
PID_ATF2_PATHWAY <0.0001 <0.0001
REACTOME_UNFOLDED_PROTEIN_RESPONSE <0.0001 <0.0001
REACTOME_IL_6_SIGNALING <0.0001 <0.0001
REACTOME_ACTIVATION_OF CHAPERONE_GENES BY_XBP1S <0.0001 <0.0001
HALLMARK_UNFOLDED PROTEIN_RESPONSE <0.0001 <0.0001
REACTOME_ACTIVATION_OF GENES _BY_ATF4 <0.0001 <0.0001
PID_IL23PATHWAY <0.0001 <0.0001
REACTOME_PERK_REGULATED_GENE_EXPRESSION <0.0001 <0.0001
REACTOME_SYNTHESIS_OF_SUBSTRATES_IN_N_GLYCAN... <0.0001 <0.0001
KEGG_GLYCINE_SERINE_AND_THREONINE_METABOLISM <0.0001 <0.0001
REACTOME_ACTIVATION_OF _CHAPERONES BY_ATF6_ALPHA <0.0001 <0.0001
HALLMARK_CHOLESTEROL_HOMEOSTASIS <0.0001 <0.0001
KEGG_ANTIGEN_PROCESSING_AND_PRESENTATION <0.0001 <0.0001
HALLMARK_MTORC1_SIGNALING <0.0001 <0.0001
KEGG_NITROGEN_METABOLISM <0.0001 <0.0001
BIOCARTA_CYTOKINE_PATHWAY <0.0001 <0.0001
BIOCARTA_GRANULOCYTES_PATHWAY <0.0001 <0.0001
REACTOME_SYNTHESIS_SECRETION_AND_INACTIVATION_OF... <0.0001 <0.0001
ST_STAT3_PATHWAY <0.0001 <0.0001
KEGG_PROTEIN_EXPORT <0.0001 <0.0001
KEGG_ALANINE_ASPARTATE_AND_GLUTAMATE_METABOLISM <0.0001 <0.0001
KEGG_FRUCTOSE_AND_MANNOSE_METABOLISM <0.0001 <0.0001
REACTOME_GLUCONEOGENESIS <0.0001 <0.0001
REACTOME_BASIGIN_INTERACTIONS <0.0001 <0.0001
PID_REG_GR_PATHWAY <0.0001 <0.0001
BIOCARTA_ERYTH_PATHWAY <0.0001 <0.0001
BIOCARTA_IL10_PATHWAY <0.0001 <0.0001
REACTOME_BIOSYNTHESIS_OF THE_N_GLYCAN_PRECURSOR.. <0.0001 <0.0001
PID_AP1_PATHWAY <0.0001 <0.0001
KEGG_NOD_LIKE_RECEPTOR_SIGNALING_PATHWAY <0.0001 <0.0001
PID_NECTIN_PATHWAY <0.0001 <0.0001
PID_P38ALPHABETADOWNSTREAMPATHWAY <0.0001 <0.0001
BIOCARTA_TEL_PATHWAY <0.0001 <0.0001
BIOCARTA_LAIR_PATHWAY <0.0001 <0.0001
BIOCARTA_IGF1IMTOR_PATHWAY <0.0001 <0.0001
REACTOME_CIRCADIAN_CLOCK <0.0001 <0.0001
REACTOME_BMAL1_CLOCK_NPAS2_ACTIVATES_CIRCADIAN... <0.0001 <0.0001
BIOCARTA_IL6 PATHWAY <0.0001 <0.0001
REACTOME_INCRETIN_SYNTHESIS_SECRETION_AND_INACT... <0.0001 <0.0001
REACTOME_PLATELET_ADHESION_TO_EXPOSED_COLLAGEN <0.0001 <0.0001
BIOCARTA_LYM_PATHWAY <0.0001 <0.0001
HALLMARK_GLYCOLYSIS <0.0001 <0.0001
PID_CDC42_REG_PATHWAY <0.0001 <0.0001
BIOCARTA_TALL1_PATHWAY <0.0001 <0.0001
REACTOME_ASSOCIATION_OF_LICENSING _FACTORS ... <0.0001 <0.0001
REACTOME_CYTOSOLIC_TRNA_AMINOACYLATION <0.0001 <0.0001
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Supplemental Table 3.4: Top 50 gene sets predicted by GSVA between GFP (control)
and AKT1 overexpressing RNA-sequencing data in HMECs. Expected pathways are in
red.

Hallmark + canonical (C2) gene sets (Molecular Signatures Database) P.Value | adj.P.Val
REACTOME_CHEMOKINE_RECEPTORS_BIND_CHEMOKINES <0.0001 | <0.0001
REACTOME_REVERSIBLE_HYDRATION_OF_CARBON_DIOXIDE <0.0001 | <0.0001
BIOCARTA_RB_PATHWAY <0.0001 | <0.0001
KEGG_FRUCTOSE_AND_MANNOSE_METABOLISM <0.0001 | <0.0001
REACTOME_GLYCOLYSIS <0.0001 | <0.0001
REACTOME_SIGNALING_BY_BMP <0.0001 | <0.0001
REACTOME_DOWNREGULATION_OF_SMAD2_3 SMAD4 TRANSCRIP... | <0.0001 | <0.0001
REACTOME_TRANSCRIPTIONAL_ACTIVITY_OF _SMAD2_SMAD3_SM... <0.0001 | <0.0001
PID_SYNDECAN_2 PATHWAY <0.0001 | <0.0001
PID_NECTIN_PATHWAY <0.0001 | <0.0001
REACTOME_YAP1_AND WWTR1_TAZ STIMULATED GENE_EXPRES... | <0.0001 | <0.0001
REACTOME_SIGNAL_ATTENUATION <0.0001 | <0.0001
REACTOME_GLUCOSE_METABOLISM <0.0001 | <0.0001
PID_RHOA_PATHWAY <0.0001 | <0.0001
BIOCARTA_P53_PATHWAY <0.0001 | <0.0001
PID_P53DOWNSTREAMPATHWAY <0.0001 | <0.0001
REACTOME_FORMATION_OF TUBULIN_FOLDING_INTERMEDIATES ... | <0.0001 0.0001
REACTOME_RNA_POL_| RNA_POL_Ill_AND_MITOCHONDRIAL ... <0.0001 0.0001
REACTOME_PECAM1_INTERACTIONS <0.0001 0.0001
HALLMARK_WNT_BETA_CATENIN_SIGNALING <0.0001 0.0001
KEGG_PENTOSE_PHOSPHATE_PATHWAY <0.0001 0.0001
BIOCARTA_CBL_PATHWAY <0.0001 0.0002
BIOCARTA_AMI_PATHWAY <0.0001 0.0002
HALLMARK_TNFA_SIGNALING_VIA_NFKB <0.0001 0.0002
REACTOME_REGULATION_OF GENE_EXPRESSION_IN_BETA CELLS <0.0001 0.0003
REACTOME_CELL_EXTRACELLULAR_MATRIX_INTERACTIONS <0.0001 0.0003
REACTOME_BILE_SALT _AND_ORGANIC_ANION_SLC_TRANSPORT... <0.0001 0.0003
REACTOME_ZINC_TRANSPORTERS <0.0001 0.0003
BIOCARTA_NTHI_PATHWAY <0.0001 0.0004
PID_REG_GR_PATHWAY <0.0001 0.0004
KEGG_HOMOLOGOUS_RECOMBINATION <0.0001 0.0004
PID_HIF1_TFPATHWAY <0.0001 0.0004
REACTOME_GLUCONEOGENESIS <0.0001 0.0004
BIOCARTA_DNAFRAGMENT_PATHWAY <0.0001 0.0004
BIOCARTA_DC_PATHWAY <0.0001 0.0004
BIOCARTA_ECM_PATHWAY <0.0001 0.0004
REACTOME_RNA_POL_llII_TRANSCRIPTION <0.0001 0.0004
REACTOME_DOWNREGULATION_OF_ERBB2_ERBB3_SIGNALING <0.0001 0.0004
REACTOME_P75NTR_RECRUITS_SIGNALLING_COMPLEXES <0.0001 0.0004
BIOCARTA_GRANULOCYTES_PATHWAY <0.0001 0.0005
BIOCARTA_ARAP_PATHWAY <0.0001 0.0005
REACTOME_FACTORS_INVOLVED_IN_MEGAKARYOCYTE_DEVELOP... | <0.0001 0.0005
REACTOME_REGULATION_OF _RHEB_GTPASE_ACTIVITY_BY_AMPK <0.0001 0.0005
HALLMARK_IL6_JAK_STAT3_SIGNALING <0.0001 0.0005
PID_TOLL_ENDOGENOUS_PATHWAY <0.0001 0.0006
REACTOME_HS_GAG_BIOSYNTHESIS <0.0001 0.0006
REACTOME_RECYCLING_PATHWAY_OF_L1 <0.0001 0.0006
PID_FAK_PATHWAY <0.0001 0.0006
BIOCARTA_ARENRF2_PATHWAY <0.0001 0.0007
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Supplemental Table 3.5: Top 50 gene sets predicted by GSVA between GFP (control)

and BAD overexpressing RNA-sequencing data in HMECs Expected pathways are in

red.

Hallmark + canonical (C2) gene sets (Molecular Signatures Database) | P.Value | adj.P.Val
REACTOME_CHEMOKINE_RECEPTORS_BIND_CHEMOKINES <0.0001 | <0.0001
KEGG_ANTIGEN_PROCESSING_AND_PRESENTATION <0.0001 | <0.0001
BIOCARTA_INFLAM_PATHWAY <0.0001 | <0.0001
BIOCARTA_NTHI_PATHWAY <0.0001 | <0.0001
PID_FRA_PATHWAY <0.0001 | <0.0001
PID_SYNDECAN_2 PATHWAY <0.0001 | <0.0001
PID_ATF2_PATHWAY <0.0001 | <0.0001
BIOCARTA_P53HYPOXIA_PATHWAY <0.0001 | <0.0001
BIOCARTA_TID_PATHWAY <0.0001 | <0.0001
PID_SYNDECAN_3 PATHWAY <0.0001 | <0.0001
BIOCARTA_PPARA_PATHWAY <0.0001 | <0.0001
HALLMARK_TNFA_SIGNALING_VIA_NFKB <0.0001 | <0.0001
PID_REG_GR_PATHWAY <0.0001 | <0.0001
BIOCARTA_IL7 _PATHWAY <0.0001 | <0.0001
BIOCARTA_FREE_PATHWAY <0.0001 | <0.0001
BIOCARTA_IL10_PATHWAY <0.0001 | <0.0001
PID_AP1_PATHWAY <0.0001 | <0.0001
REACTOME_PEPTIDE_LIGAND_BINDING_RECEPTORS <0.0001 | <0.0001
BIOCARTA_STEM_PATHWAY <0.0001 | <0.0001
BIOCARTA_IL17_PATHWAY <0.0001 | <0.0001
KEGG_CYTOKINE_CYTOKINE_RECEPTOR_INTERACTION <0.0001 | <0.0001
PID_RHOA_PATHWAY <0.0001 | <0.0001
PID_IL8CXCR1_PATHWAY <0.0001 | <0.0001
BIOCARTA_ARENRF2_PATHWAY <0.0001 | <0.0001
BIOCARTA_GRANULOCYTES_PATHWAY <0.0001 | <0.0001
PID_NFAT_TFPATHWAY <0.0001 | <0.0001
BIOCARTA_CYTOKINE_PATHWAY <0.0001 | <0.0001
BIOCARTA_ERYTH_PATHWAY <0.0001 | <0.0001
BILD_HRAS_ONCOGENIC_SIGNATURE <0.0001 | <0.0001
PID_IL23PATHWAY <0.0001 | <0.0001
REACTOME_RNA_POL_IlII_CHAIN_ELONGATION <0.0001 | <0.0001
KEGG_RNA POLYMERASE <0.0001 | <0.0001
KEGG_EPITHELIAL_CELL_SIGNALING_IN_HELICOBACTER... <0.0001 | <0.0001
REACTOME_RNA_POL_IlII_TRANSCRIPTION_INITIATION_FROM_TYP

E 3 <0.0001 | <0.0001
BIOCARTA_IL22BP_PATHWAY <0.0001 | <0.0001
BIOCARTA_ETS_PATHWAY <0.0001 | <0.0001
BIOCARTA_CHEMICAL_PATHWAY <0.0001 | <0.0001
REACTOME_RNA_POL_llIl_TRANSCRIPTION_TERMINATION <0.0001 | <0.0001
KEGG_NOD_LIKE_RECEPTOR_SIGNALING_PATHWAY <0.0001 | <0.0001
KEGG_PRION_DISEASES <0.0001 | <0.0001
REACTOME_G_ALPHA | SIGNALLING_EVENTS <0.0001 | <0.0001
KEGG_TOLL_LIKE_RECEPTOR_SIGNALING_PATHWAY <0.0001 | <0.0001
PID_TAP63PATHWAY <0.0001 | <0.0001
PID_P53DOWNSTREAMPATHWAY <0.0001 | <0.0001
REACTOME_IL_6_SIGNALING <0.0001 | <0.0001
HALLMARK_IL6_JAK_STAT3_SIGNALING <0.0001 | <0.0001
KEGG_ENDOCYTOSIS <0.0001 | <0.0001
PID_FGF_PATHWAY <0.0001 | <0.0001
KEGG_PYRIMIDINE_METABOLISM <0.0001 | <0.0001
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Supplemental Table 3.6. Top 50 gene sets predicted by GSVA between GFP (control)
and EGFR overexpressing RNA-sequencing data in HMECs. Expected pathways are in
red.

adj.P.v
Hallmark + canonical (C2) gene sets (Molecular Signatures Database) P.Value JaI
REACTOME_UNWINDING_OF DNA <0.0001 | <0.0001
REACTOME_DNA_STRAND_ELONGATION <0.0001 | <0.0001
REACTOME_ACTIVATION_OF _THE_PRE_REPLICATIVE_COMPLEX <0.0001 | <0.0001
REACTOME_CYCLIN_A_B1_ASSOCIATED_EVENTS_DURING_G2_M_TRA
NS... <0.0001 | <0.0001
KEGG_DNA_REPLICATION <0.0001 | <0.0001
PID_FANCONI_PATHWAY <0.0001 | <0.0001
REACTOME_G1_S_SPECIFIC_TRANSCRIPTION <0.0001 | <0.0001
REACTOME_ACTIVATION_OF_ATR_IN_RESPONSE_TO_REPLICATION.. <0.0001 | <0.0001
REACTOME_G2_M_CHECKPOINTS <0.0001 | <0.0001
HALLMARK_E2F _TARGETS <0.0001 | <0.0001
PID_FOXM1PATHWAY <0.0001 | <0.0001
REACTOME_E2F MEDIATED_REGULATION_OF_DNA_REPLICATION <0.0001 | <0.0001
PID_ATR_PATHWAY <0.0001 | <0.0001
BIOCARTA_MCM_PATHWAY <0.0001 | <0.0001
REACTOME_MITOTIC_PROMETAPHASE <0.0001 | <0.0001
REACTOME_DNA_REPLICATION <0.0001 | <0.0001
KEGG_CELL_CYCLE <0.0001 | <0.0001
HALLMARK_G2M_CHECKPOINT <0.0001 | <0.0001
REACTOME_GO_AND_EARLY_G1 <0.0001 | <0.0001
REACTOME_POL_SWITCHING <0.0001 | <0.0001
REACTOME_MITOTIC_M_M_G1_PHASES <0.0001 | <0.0001
REACTOME_REPAIR_SYNTHESIS_FOR_GAP_FILLING_BY _DNA_POL ... | <0.0001 | <0.0001
REACTOME_LAGGING_STRAND_SYNTHESIS <0.0001 | <0.0001
REACTOME_CELL_CYCLE_MITOTIC <0.0001 | <0.0001
REACTOME_EXTENSION_OF TELOMERES <0.0001 | <0.0001
KEGG_MISMATCH_REPAIR <0.0001 | <0.0001
REACTOME_SYNTHESIS_OF _DNA <0.0001 | <0.0001
REACTOME_INHIBITION_OF_REPLICATION_INITIATION_OF_DAMAGED_
DNA.. <0.0001 | <0.0001
BIOCARTA_MCM_PATHWAY <0.0001 | <0.0001
REACTOME_CDC6_ASSOCIATION_WITH_THE_ORC_ORIGIN_COMPLEX | <0.0001 | <0.0001
PID_AURORA_B_PATHWAY <0.0001 | <0.0001
BIOCARTA_CELLCYCLE_PATHWAY <0.0001 | <0.0001
PID_PLK1_PATHWAY <0.0001 | <0.0001
REACTOME_S_PHASE <0.0001 | <0.0001
REACTOME_CELL_CYCLE <0.0001 | <0.0001
REACTOME_HOMOLOGOUS_RECOMBINATION_REPAIR_OF _REPLICA... | <0.0001 | <0.0001
PID_E2F _PATHWAY <0.0001 | <0.0001
REACTOME_MITOTIC_G1_G1_S PHASES <0.0001 | <0.0001
REACTOME_M_G1_TRANSITION <0.0001 | <0.0001
REACTOME_KINESINS <0.0001 | <0.0001
REACTOME_G1_S_TRANSITION <0.0001 | <0.0001
REACTOME_CHROMOSOME_MAINTENANCE <0.0001 | <0.0001
REACTOME_E2F ENABLED_INHIBITION_OF _PRE_REPLICATION_CO... <0.0001 | <0.0001
KEGG_HOMOLOGOUS_RECOMBINATION <0.0001 | <0.0001
SA REG_CASCADE_OF_CYCLIN_EXPR <0.0001 | <0.0001
PID_BARD1PATHWAY <0.0001 | <0.0001
REACTOME_ASSOCIATION_OF_LICENSING_FACTORS_WITH_THE P... <0.0001 | <0.0001
PID_ERBB_NETWORK_PATHWAY <0.0001 | <0.0001
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Supplemental Table 3.7. Top 50 gene sets predicted by GSVA between GFP (control)
and KRAS(G12V) overexpressing RNA-sequencing data in HMECs. Expected pathways

are in bold.

Hallmark + canonical (C2) gene sets (Molecular Signatures Database) | P.Value adj.P.val
REACTOME_RAF_MAP_KINASE_CASCADE <0.0001 <0.0001
PID_TCRRASPATHWAY <0.0001 <0.0001
REACTOME_SHC1_EVENTS_IN_EGFR_SIGNALING <0.0001 <0.0001
REACTOME_SHC_MEDIATED_SIGNALLING <0.0001 <0.0001
REACTOME_GRB2_EVENTS_IN_ERBB2_SIGNALING <0.0001 <0.0001
REACTOME_SHC1_EVENTS_IN_ERBB4_SIGNALING <0.0001 <0.0001
REACTOME_SHC_RELATED_EVENTS <0.0001 <0.0001
BIOCARTA_P53HYPOXIA_PATHWAY <0.0001 <0.0001
REACTOME_P38MAPK_EVENTS <0.0001 <0.0001
REACTOME_SOS_MEDIATED_SIGNALLING <0.0001 <0.0001
PID_RAS_PATHWAY <0.0001 <0.0001
BILD_HRAS_ONCOGENIC_SIGNATURE <0.0001 <0.0001
KEGG_ANTIGEN_PROCESSING_AND_PRESENTATION <0.0001 <0.0001
REACTOME_IL_7_SIGNALING <0.0001 <0.0001
PID_ERBB_NETWORK_PATHWAY <0.0001 <0.0001
REACTOME_SIGNALLING_TO_P38_VIA_RIT_AND_RIN <0.0001 <0.0001
BIOCARTA_IL7_PATHWAY <0.0001 <0.0001
KEGG_ALDOSTERONE_REGULATED_SODIUM_REABSORPTION <0.0001 <0.0001
BIOCARTA_TID_PATHWAY <0.0001 <0.0001
PID_MAPKTRKPATHWAY <0.0001 <0.0001
PID_CD8TCRDOWNSTREAMPATHWAY <0.0001 <0.0001
HALLMARK_ANGIOGENESIS <0.0001 <0.0001
REACTOME_ARMS_MEDIATED_ACTIVATION <0.0001 <0.0001
BIOCARTA_SPRY_PATHWAY <0.0001 <0.0001
REACTOME_TIE2_SIGNALING <0.0001 <0.0001
BIOCARTA_PPARA PATHWAY <0.0001 <0.0001
HALLMARK_KRAS_SIGNALING_UP <0.0001 <0.0001
REACTOME_NUCLEOTIDE_LIKE_PURINERGIC_RECEPTORS <0.0001 <0.0001
HALLMARK_APICAL_SURFACE <0.0001 <0.0001
KEGG_ENDOCYTOSIS <0.0001 <0.0001
KEGG_SPLICEOSOME <0.0001 <0.0001
REACTOME_SIGNALING_BY_CONSTITUTIVELY_ACTIVE_EGFR <0.0001 <0.0001
REACTOME_HYALURONAN_METABOLISM <0.0001 <0.0001
PID_ER_NONGENOMIC_PATHWAY <0.0001 <0.0001
BIOCARTA_MAL_PATHWAY <0.0001 <0.0001
REACTOME_SIGNALLING_TO_RAS <0.0001 <0.0001
HALLMARK_IL2_STAT5_SIGNALING <0.0001 <0.0001
BIOCARTA_TEL_PATHWAY <0.0001 <0.0001
REACTOME_TRIGLYCERIDE_BIOSYNTHESIS <0.0001 <0.0001
PID_P38ALPHABETAPATHWAY <0.0001 <0.0001
REACTOME_SHC_MEDIATED_CASCADE <0.0001 <0.0001
BIOCARTA_EPONFKB_PATHWAY <0.0001 <0.0001
BIOCARTA_FIBRINOLYSIS_PATHWAY <0.0001 <0.0001
ST_JNK_MAPK_PATHWAY <0.0001 <0.0001
REACTOME_PROLONGED_ERK_ACTIVATION_EVENTS <0.0001 <0.0001
REACTOME_GASTRIN_CREB_SIGNALLING_PATHWAY_VIA_PKC_A

ND_MAPK <0.0001 <0.0001
PID_ERBB2ERBB3PATHWAY <0.0001 <0.0001
BIOCARTA_LONGEVITY_PATHWAY <0.0001 <0.0001
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Supplemental Table 3.8. Top 50 gene sets predicted by GSVA between GFP (control)
and RAF1 overexpressing RNA-sequencing data in HMECs. Expected pathways are in

red.

Hallmark + canonical (C2) gene sets (Molecular Signatures Database) P.Value | adj.P.Val
BIOCARTA_SPRY_PATHWAY <0.0001 | <0.0001
KEGG_ANTIGEN_PROCESSING_AND_PRESENTATION <0.0001 | <0.0001
HALLMARK_KRAS_SIGNALING_UP <0.0001 | <0.0001
PID_REELINPATHWAY <0.0001 | <0.0001
BIOCARTA_CBL_PATHWAY <0.0001 | <0.0001
REACTOME_REVERSIBLE_HYDRATION_OF_CARBON_DIO... <0.0001 | <0.0001
BIOCARTA_FIBRINOLYSIS_PATHWAY <0.0001 | <0.0001
PID_VEGFR1_PATHWAY <0.0001 | <0.0001
PID_INTEGRIN_A9B1_PATHWAY <0.0001 | <0.0001
BIOCARTA_SPPA_PATHWAY <0.0001 | <0.0001
BIOCARTA_IL10_PATHWAY <0.0001 | <0.0001
PID_BMPPATHWAY <0.0001 | <0.0001
SIG_IL4ARECEPTOR_IN_B_LYPHOCYTES <0.0001 | <0.0001
BIOCARTA_P53HYPOXIA_PATHWAY <0.0001 | <0.0001
PID_ERBB1_INTERNALIZATION_PATHWAY <0.0001 | <0.0001
HALLMARK_TGF_BETA_SIGNALING <0.0001 | <0.0001
PID_IGF1_PATHWAY <0.0001 | <0.0001
SIG_PIP3_SIGNALING_IN_B LYMPHOCYTES <0.0001 | <0.0001
BIOCARTA_AKAP13_PATHWAY <0.0001 | <0.0001
PID_TGFBRPATHWAY <0.0001 | <0.0001
PID_FGF_PATHWAY <0.0001 | <0.0001
REACTOME_DOWNREGULATION_OF_SMAD2_3 SMAD4_TR. <0.0001 | <0.0001
HALLMARK_IL2_STAT5_SIGNALING <0.0001 | <0.0001
BIOCARTA_IL22BP_PATHWAY <0.0001 | <0.0001
KEGG_SPLICEOSOME <0.0001 | <0.0001
SIG_BCR_SIGNALING_PATHWAY <0.0001 | <0.0001
REACTOME_SIGNAL_TRANSDUCTION_BY_L1 <0.0001 | <0.0001
KEGG_ASCORBATE_AND_ALDARATE_METABOLISM <0.0001 | <0.0001
REACTOME_RECYCLING_PATHWAY_OF_L1 <0.0001 | <0.0001
REACTOME_SIGNALING _BY TGF_BETA_RECEPTOR_COM... <0.0001 | <0.0001
REACTOME_DOWNREGULATION_OF TGF_BETA RECEPTOR <0.0001 | <0.0001
KEGG_NATURAL_KILLER_CELL_MEDIATED_CYTOTOXICITY <0.0001 | <0.0001
KEGG_JAK_STAT_SIGNALING_PATHWAY <0.0001 | <0.0001
REACTOME_SIGNALING_BY_BMP <0.0001 | <0.0001
REACTOME_TRANSCRIPTIONAL_ACTIVITY_OF_SMAD2_SM.. <0.0001 | <0.0001
REACTOME_RORA_ACTIVATES_CIRCADIAN_EXPRESSION <0.0001 | <0.0001
PID_EPHRINBREVPATHWAY <0.0001 | <0.0001
REACTOME_IL_7_SIGNALING <0.0001 | <0.0001
KEGG_VASCULAR_SMOOTH_MUSCLE_CONTRACTION <0.0001 | <0.0001
REACTOME_G_ALPHA1213 SIGNALLING_EVENTS <0.0001 | <0.0001
PID_P38_MK2PATHWAY <0.0001 | <0.0001
REACTOME_GAP_JUNCTION_TRAFFICKING <0.0001 | <0.0001
KEGG_FATTY_ACID_METABOLISM <0.0001 | <0.0001
KEGG_PRION_DISEASES <0.0001 | <0.0001
REACTOME_TGF_BETA_RECEPTOR_SIGNALING_ACTIVAT... <0.0001 | <0.0001
PID_ARF6_PATHWAY <0.0001 | <0.0001
BIOCARTA_ECM_PATHWAY <0.0001 | <0.0001
BILD_HRAS_ONCOGENIC_SIGNATURE <0.0001 | <0.0001
PID_CDC42_REG_PATHWAY <0.0001 | <0.0001




Supplemental Table 3.9: Clinical and intrinsic subtype variation within the growth and
survival phenotypes in ICBP breast cancer cell lines.

Num. in zfe:gg:tage Num. in Percentage of

Subtyoes survival survival growth total growth
yp phenotype phenotype | phenotype
phenotype

(N=29) samples (N=26) samples
ER Positive 17 58.62% 1 3.84%
ER Negative 10 34.48% 22 84.62%
PR Positive 7 24 .14% 0 0%
PR Negative 20 68.96% 21 80.76%
HER2 Positive 15 51.72% 2 7.69%
HER2 Negative 14 48.28% 19 73.07%
Basal 1 3.45% 9 34.62%
Claudin-low 0 0% 5 19.23%
HER2-Basal 1 3.45% 6 23.08%
HER2-Luminal 14 48.28% 0 0%
Luminal 11 37.93% 0 0%
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Supplemental Table 3.10: Clinical and intrinsic subtype variation within the growth and
survival phenotypes in TCGA tumor data.

Subtypes Num. in Percentage of Num. in Percentage of
survival total survival growth total growth
phenotype phenotype phenotype phenotype
(N=596) samples (N=523) samples

ER Positive | 505 84.73% 280 53.54%

ER Negative | 33 5.54% 197 37.67%

PR Positive | 435 72.99% 245 46.85%

PR Negative | 102 17.11% 230 43.98%

HER2 108 18.12% 54 10.33%

Positive

HER2 251 42.11% 295 56.41%

Negative

Basal 2 0.34% 93 17.78%

HER2 41 6.88% 16 3.06%

LumA 158 26.51% 73 13.96%

LumB 106 17.79% 21 4.02%

Normal 2 0.34% 5 0.96%
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Supplemental Table 3.11: Comparing GFRN subtypes, intrinsic subtypes (PAM50), and
clinical subtypes (ER, ER, and HER2 status) in terms of contribution to principle

components 1 through 5 from TCGA RNA-sequencing breast cancer data. Contributed

variability from linear models are represented as R® values (0-1).

ER + GFRN

PC| ER(R) subgroups (R) | ER + PAM50 (R?)

1 0.087 0.188 0.131

2 0.561 0.696 0.747

3 0.052 0.398 0.254

4 0.029 0.279 0.078

5 0.038 0.175 0.216

PR + GFRN

PC PR subgroups PR + PAMS50

1 0.060 0.156 0.124

2 0.407 0.647 0.736

3 0.059 0.393 0.253

4 0.004 0.282 0.083

5 0.027 0.173 0.216

HER2 + GFRN

PC HER2 subgroups HER2 + PAM50

1 0.011 0.129 0.125

2 0.000 0.509 0.725

3 0.033 0.393 0.257

4 0.021 0.279 0.082

5 0.023 0.207 0.224

ER/PR/HER2 + ER/PR/HER2 +

PC | ER/PR/HER2 | GFRN subgroups PAM50

1 0.098 0.191 0.133

2 0.598 0.726 0.751

3 0.091 0.404 0.263

4 0.054 0.282 0.089

5 0.068 0.213 0.224

GFRN GFRN subgroups|ER/PR/HER2 + PAM50 +GFRN

PC| subgroups PAMS50 + PAMS0 subgroups
1 0.124427 0.1229359 0.2100966 0.220723
2 | 0.4922497 0.7243437 0.7920581 0.8151674
3 | 0.3845233 0.2489111 0.4695138 0.4784226
4 | 0.2788131 0.0777884 0.2880172 0.2936144
5| 0.1725182 0.2159571 0.2904661 0.3047475
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Supplemental Table 3.12: Spearman correlations between principal component values

for principal components 1-5 from TCGA BRCA gene expression data and pathway

activation estimates for each oncogenic signature in TCGA BRCA gene expression data

(* p-value<0.0001).

PC1 PC 2 PC3 PC 4 PC5
AKT 0.047 -0.572* 1 0.402* | 0.474* |0.084
HER2 -0.076 |-0.334* | 0.366* | 0.347* |-0.094
IGF1R -0.284* |-0.824* | 0.249* | 0.358* |0.044
EGFR -0.255* | 0.439* |-0.538* |-0.596* |-0.266*
RAF1 -0.357* | 0.639* |-0.434* |-0.636* |-0.347*
KRAS 0.108 0.762* |-0.399* |-0.443* |-0.065
BAD 0.401* |0.452* [0.524* |-0.139* |0.364*
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Supplemental Table 3.13: List of cancer drugs and corresponding p-values, where
GFRN phenotypes, ER, PR, or HER2 status could significantly (p-value<0.05)
distinguish drug response in ICBP cell lines.

GFRN HER2

phenotype P.val | ER based PR based based P.valu

drugs ue drugs P.value | drugs P.value | drugs e

AKT1/2 <0.00 AKT1/2

Inhibitor 01 | AG1478 0.014 | Inhibitor 0.028 | AG1478 0.001

AKT1/2

AZD6244 0.007 | Inhibitor 0.034 | Triciribine 0.001 | BEZ235 0.024
BIBW29

CGC.11047 0.006 | Bortezomib 0.041 | AS.252424 0.029 | 92 0.000

Erlotinib 0.012 | CGC.11047 0.027 | AZD6244 0.000 | CPT.11 0.040
Everoli

Etoposide 0.034 | Erlotinib 0.001 | GSK1070916 0.047 | mus 0.020
GSK183

Everolimus 0.001 | GSK461364 0.004 | GSK1120212 0.000 | 8705 0.015
GSK211

Fascaplysin 0.004 | GSK2119563 0.049 | GSK461364 0.001 | 9563 0.029
GSK212

GSK1070916 | 0.035 | MG.132 0.017 | ICRF.193 0.000 | 6458 0.004
GSK105

GSK1120212 | 0.003 | PF.4691502 0.041 | PF.3814735 0.023 | 9615 0.021
GSK650

GSK1059868 | 0.018 | Vorinostat 0.022 | Pemetrexed 0.000 | 394 0.038
Lapatini

GSK461364 0.016 | Bosutinib 0.018 | VX.680 0.020 | b 0.000
Geldana

GSK2119563 | 0.022 | Tamoxifen 0.044 | ZM447439 0.010 | mycin 0.021

GSK2126458 | 0.008 | Trichostatin.A 0.048 Gefitinib 0.003

GSK2141795 | 0.009 NU6102 0.000
Olomou

GSK650394 0.029 cine.ll 0.031
PF.2341

Lapatinib 0.036 066 0.005
PF.3814

IKK.16 0.003 735 0.007
Temsiro

LBH589 0.005 limus 0.039

MG.132 0.008 VX.680 0.019

NU6102 0.028

PF.4691502 0.000

Rapamycin 0.001

Vorinostat 0.001

Bosutinib 0.003

Sunitinib.Mala

te 0.015

Temsirolimus 0.032

Trichostatin.A | 0.000




Supplemental Table 3.14: ASSIGN parameters used for all analyses. The default

values were used for all other parameters.

Parameter Value
adaptive B TRUE
adaptive_S TRUE
mixture_beta FALSE
S_zeroPrior FALSE
sigma_sZero 0.05
sigma_sNonZero | 0.5

iter 100,000
burn_in 50,000
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Abstract

freely available from https://bitbucket.org/srp33/gsoa.

Although in some cases individual genomic aberrations may drive disease development in isolation, a complex
interplay among multiple aberrations is common. Accordingly, we developed Gene Set Omic Analysis (GSOA), a
bioinformatics tool that can evaluate multiple types and combinations of omic data at the pathway level. GSOA
uses machine learning to identify dysregulated pathways and improves upon other methods because of its ability
to decipher complex, multigene patterns. We compare GSOA to alternative methods and demonstrate its ability to
identify pathways known to play a role in various cancer phenotypes. Software implementing the GSOA method is

Background

A pressing goal within the research community is to fur-
ther elucidate cellular processes affected by molecular
aberrations by better utilizing the wealth of genomic
data available. Genomic aberrations that occur within
tumors are notoriously heterogeneous - even within a
given cancer type, aberrations occur in a wide variety of
genes due to different mechanisms, including aberrant
gene expression, somatic mutations, epigenetic changes,
and DNA copy-number alterations [1]. However, even
though the genomic landscapes of individual tumors
vary, the same biological pathways are often affected
across many tumors of the same type. For example,
Wood et al. showed that p110a, the active component
of PI3K, was mutated in 11.9 % of breast tumors; how-
ever, when other genes in the same biological pathway
were considered, 33.3 % of tumors contained a mutation
in the PI3K network and thus had potential to increase
proliferation and suppress apoptosis [2]. Pathway-level
aggregation can place such observations in biological
context [2, 3]. In addition, pathway-based, targeted
cancer therapies are more specific and can be less toxic
than conventional chemotherapies [4]. Therefore, under-
standing the pathway activity that underlies specific

* Correspondence: stephen_piccolo@byu.edu; andreab@genetics.utah.edu
“Department of Pharmacology and Toxicology, University of Utah, Salt Lake
City, UT, USA

'Department of Oncological Sciences, University of Utah, Salt Lake City,
UT, USA

Full list of author information is available at the end of the article

( BioMed Central

cancers may lead to better treatments. Because one type
of data alone may provide an incomplete view of path-
way activity - and due to the availability of multi-omic
data from projects such as The Cancer Genome Atlas
(TCGA) [5] - there is a need to develop methods capable
of analyzing multiple types of omic data and thus to
provide a more comprehensive view of cancer at the
pathway level.

Gene set analysis (GSA) methods are widely used to
analyze biological data at the pathway level [6-10]. Gene
Set Enrichment Analysis (GSEA) [3] is the most popular
such method, and it has been extended and improved by
many [11-13]. GSA methods differ in the ways they
calculate gene-level statistics, derive null hypotheses,
compute gene set statistics, and assess significance [9].
However, the primary goal of each of these methods is
to map omic measurements to gene sets that represent
logical groupings of genes, including biological pro-
cesses, molecular functions, and cellular components.
The primary output of these methods is a ranked list
that indicates which gene sets are considered to be
most significantly dysregulated between two condi-
tions. This list may then be used to inform computa-
tional and/or bench research, which can then help to
uncover the precise mechanisms underlying the bio-
logical phenomenon. These methods have been in-
strumental to important biological discoveries, such
as the identification of genes involved in oxidative
phosphorylation whose expression is correlated with
diabetes [3], establishment of molecular subtypes in

© 2015 MacNeil et al. This is an Open Access article distributed under the terms of the Creative Commons Attribution License
(http://creativecommons.org/licenses/by/4.0), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work is properly credited. The Creative Commons Public Domain Dedication waiver (http://

creativecommons.org/publicdomain/zero/1.0/) applies to the data made available in this article, unless otherwise stated.
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prostate cancer [14], and identification of pathways
involved in glioblastoma survival [15].

Existing GSA methods have proven useful in analyzing
gene expression data but suffer from various limitations.
Most methods are designed to evaluate only one type of
omic data at a time. Although many GSA methods are
designed to analyze microarray data [3, 11, 16-19],
relatively few methods are capable of analyzing RNA-
Sequencing data [20-23], and even fewer handle single-
nucleotide variant data [19, 24, 25] or DNA methylation
data [26]. Second, few existing methods account for
intervariable dependencies. Taking into account such
dependencies is critical because molecular-level interac-
tions occur ubiquitously within cells. In addition, many
methods do not consider the directionality of gene
changes, even though pathway dysregulation may result
from up- and downregulation of genes.

To address these issues, we have developed a novel
approach, Gene Set Omic Analysis (GSOA). Under the
assumption that aberrant biological activity is reflected
in omic measurements from multiple data types, GSOA
seeks to identify multi-gene patterns that differ between
biological samples representing two conditions. This ap-
proach is based on the premise that a given gene typic-
ally influences a biological process in conjunction with
other gene(s) and that genes affecting the process may
differ considerably from sample to sample. Accordingly,
individual genes may show no statistical significance in
isolation; however, multi-gene patterns may reflect these
dynamics. The GSOA method employs the Support
Vector Machines algorithm [27], which is designed to
account for complex dependencies among variables (in
this case, genes). When such patterns can be identified
consistently for a given gene set, that gene set is hypoth-
esized to play a role in the condition of interest. GSOA
can be applied to any type of omic data for which gene
set annotations exist; this includes (but is not limited to)
gene-expression microarray data, RNA-Sequencing
data, single-nucleotide variant data (SNV), DNA copy-
number variation data (CNV), and epigenetic data.

‘We have validated GSOA using simulated data, gene-
expression microarray data, RNA-sequencing data, CNV
data, somatic SNV data, and combinations of these data
types. Using data from hundreds of tumors in TCGA,
we have identified pathways that show patterns of dys-
regulation between HER2-positive and HER2-negative
breast tumors and pathways whose expression differs be-
tween individuals who carry a somatic mutation in the
RAS subfamily and those who do not. Additionally, we
have compared uterine serous carcinomas (USC) against
uterine endometrioid carcinomas (UEC) and have identi-
fied pathways that may play a role in USC treatment re-
sistance. GSOA suggests that the MYC pathway plays an
important role in USC tumors. Further analysis of gene

Page 2 of 12

expression levels and somatic mutations in these tumors
suggests that key proteins in the MYC pathway are up-
regulated in USC tumors; this finding has clinical impli-
cations and provides motivation for more in-depth
biological examination into this mechanism. Our ap-
proach serves as a way to extract biologically relevant
patterns from large, heterogeneous, omic datasets in
support of subsequent, hypothesis-driven experimental
studies.

Methods

Software implementation

The GSOA code implementation is freely available at
[28]. A schematic overview of the GSOA method is
shown in Fig. 1. Required inputs are: (1) a data file con-
taining omic measurements for each sample; (2) a data
file indicating the condition or phenotype status for each
sample; and (3) a file that indicates which genes map to
which gene sets. Data file #1 uses a simple matrix format
in which samples represent columns and rows represent
genomic features. This file also should contain a header
row with an identifier for each sample. Each row should
start with a value that indicates the gene name. Multiple
rows per gene may be listed - for example, when an
omic-profiling technology produces multiple data values
per gene. When multiple types of omic data are available
for the same samples, multiple data files can be specified
using wildcards. Data file #2 contains two columns; the
first value in each row should be a sample identifier (and
should correspond exactly with the identifiers in data
file #1), and the second value should indicate which
class (for example, condition or phenotype status)
the sample represents. Data file #3 should be in Gene
Matrix Transposed (GMT) format as used in the
Molecular Signatures Database [29]. The first value in
each row is the gene set name, the second value is a de-
scriptor, and the remaining, tab-separated values are the
genes associated with that gene set. Data files #2 and #3
should contain no header row, and all files should use tab
characters as delimiters. Our software implementation of
GSOA provides examples of each of these file types.

Algorithm

For each gene set, the GSOA algorithm performs the
following steps in sequence: (1) the omic data are fil-
tered to include only the genes that belong to that gene
set; (2) a classification algorithm predicts the class of
each sample via k-fold cross validation; and (3) the area
under the receiver operating characteristic curve (AUC)
is calculated as a measure of prediction accuracy. Prior
to classification, we mean center the data and scale it to
unit variance; however, we recommend that omic data also
be preprocessed (for example, background corrected) using
methodologies appropriate for a given omic-profiling
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| 1. Input Multi-omic Data |

CNV Data

Class 1 Class 2

RNA-Seq Data

Class 1 Class 2

Genes
Genes

SNP Data

Class 1 Class 2

Other Omic Data

Class 1 Class 2

Genes
Genes

+.

[2. Filter Genes into Gene Sets |

| 3. Cross Validate Gene Sets |
[ Training 1 --..D
[ Test 2

: DRDLIE
kfold[|[] . 0
L ]
+
Classifier

[4. Output Results |
KEGG Glioma 0.99 | 0.01 | 0.10
PID IL6 Pathway 0.96 | 0.02 | 0.20

Biocarta G1 Pathway | 0.86 | 0.05 | 0.30
IReaclome p53 Pathway| 0.50 | 0.10 | 0.90

most likely to play a role in the biological question of interest
L

Fig. 1 High-level description of the GSOA methodology. After mapping input data to gene sets, GSOA uses the SVM algorithm to assess how
accurately samples from the two classes can be classified. Gene sets for which relatively high classification accuracy is attained are considered

technology. For step #2, we use five cross-validation folds
by default; the user can specify alternate values for k. Any
classification algorithm could be used for step #2; however,
we use the Support Vector Machines (SVM) algorithm
because it is designed to account for complex depend-
encies in high-dimensional data and has been shown to
perform consistently well compared to other classifica-
tion algorithms [30]. We use the radial basis function
SVM kernel with default parameters as implemented in
the scikit-learn framework [31], which uses LibSVM
[32]; it is also possible to specify alternate values for
the cost and gamma parameters. In addition, we pro-
vide an option for users to auto-tune the SVM parame-
ters via nested cross validation.

When multiple types of omic data are used as input,
GSOA merges the data, and the classification algorithm
builds a single SVM model that integrates data across
the omic types. In deriving these integrated models,
GSOA includes whichever genes map to a given pathway
for each omic type, even though different omic technolo-
gies may profile different genes. However, GSOA only con-
siders samples that contain data for all omic types.

For a given gene set, a relatively high AUC score
(maximum of 1.0) indicates that the algorithm accurately
predicted the group to which each sample belongs. An
AUC value near 0.5 indicates that the predictions per-
formed no better than would be expected if the samples
were assigned randomly to either group.

To remove any correlation between gene-set size and
AUC values, we incorporated a step into our algorithm
that repeats cross-validation for randomly selected gene
sets. The number of genes in each random gene set cor-
responds to the sizes of the actual gene sets; however, to
reduce computational burden, we use random gene sets
of pre-specified sizes (1, 5, 10, 25, 50, 75, 100, 125, 150,
200, 250, 300, 400, 500+) that correspond to the
(rounded up) sizes of the actual gene sets. For example,
if the actual gene sets had 8, 47, 99, 232, and 245 genes,
respectively, the random gene sets would contain 10, 50,
100, and 250 genes. After performing cross-validation
repeatedly (100 times by default) for each random gene
set size, the resulting AUC values represent a null distri-
bution. For each actual gene set, we calculate an empir-
ical P value as the fraction of AUC values from the
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corresponding null distribution that exceed the actual
AUC value. This approach generates a P value that is in-
dependent of pathway size (see Results). GSOA produces
a rank-ordered list that indicates the AUC, P value, and
Benjamini-Hochberg false discovery rate (FDR) for each
gene set [33].

Results

Researchers often desire to characterize the signaling
pathways that play important roles in a particular
phenotype. A common approach is to profile biological
samples using one or more omic technologies and then
to search for differences in measurements between the
sample groups. Often these investigations are conducted
at the individual gene level; however, such approaches
may fail to account for cooperation among genes. We
have developed the GSOA method, which seeks to iden-
tify multi-gene patterns that differ between biological
samples from either of two groups. When such patterns
can be identified for a particular gene set - for example,
genes that participate in a given biological process - we
assume that the genes play a coordinate role in the bio-
medical phenomenon of interest. We prioritize the gene
sets according to how accurately biological samples from
the two groups can be distinguished from each other,
using only omic data for a given gene set. Unlike many
existing approaches that identify gene sets that are either
up- or downregulated as a whole, our method assumes
that some genes will be upregulated and some will be
downregulated and that these responses may vary across
the samples. We use a machine-learning algorithm to
identify complex, multidirectional patterns that differ be-
tween the two conditions. Table 1 lists the various data-
sets we used in our analyses.

In a demonstrative example comparing breast-cancer
subtypes, we observed that gene sets containing a
relatively large number of genes resulted in higher
overall AUC values (Additional file 1: Fig. SIA,
Spearman correlation coefficient = 0.764). However
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our random-selection procedure for generating P values
accurately corrects the P values for this bias (see Software
implementation). Additional file 1: Fig. S1B shows that the
resulting empirical P values - which indicate how likely
one would observe a particular AUC value relative to ran-
domly selected gene sets of similar size - show no bias to-
ward larger gene sets.

Validation using simulated data

We generated simulated data for 100 samples and
20,000 genes (see Additional file 1); in an initial evalu-
ation, the samples were split evenly between two classes.
We applied GSOA, GSEA [3], GAGE [20], and GSAA
[19] to the simulated data and assessed how well each
method predicted as significant the gene sets that con-
tained signal genes (using FDR values as a metric). We
compared GSOA against GSEA, GAGE, and GSAA be-
cause they are also supervised methods and are com-
monly used in the bioinformatics community. Like
GSOA, GAGE and GSAA can be applied to multiple
types of gene-expression data. In addition, GAGE can
account for gene directionality. For gene sets containing
a minimum of 10 signal genes, GSOA consistently pro-
duced FDR values below 0.20. In contrast, GSEA,
GAGE, and GSAA produced FDR values below 0.20
for gene sets containing at least 15-25 signal genes
(Additional file 1: Fig. S2). Accordingly, GSOA was
more sensitive at identifying relatively subtle patterns
within the data.

Using the simulated data, we evaluated the balance be-
tween sensitivity and specificity for each method. In this
context, sensitivity refers to an algorithm’s ability to
identify as significant the gene sets that contained signal
genes. Specificity refers to the algorithm’s ability to
correctly classify (as insignificant) any gene set that
contained no signal gene. We used the Matthews
Correlation Coefficient (MCC) to quantify the balance
between sensitivity and specificity [34]. For each gene set,
the predictor was the FDR value that had been assigned

Table 1 Number of samples contributing to each class and omic type for each dataset

Analysis Class 1 Class 2 Somatic mutation RNA-Seq CNV Microarray

P53 mutation status 17 33 - - - 50
Wild-type p53-mutated

Gender 15 17 - - - 32
Male Female

RAS mutation status (TCGA LUAD) 66 161 - 169 - -
Wild-type RAS-mutated

HER2 analysis (TCGA breast) 58 489 506 508 308 519
HER2 + Other breast

USC analysis (TCGA endometrial) 53 USC 307 UEC 244 323 353 -

LUAD, lung adenocarcinoma; UCS, uterine serous carcinoma; UES, uterine endometrioid carcinoma
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to the gene set by each algorithm. Across all of the FDR
thresholds that we tested, GSOA attained considerably
higher MCC values than the competing methods (Fig. 2a).
In particular, at relatively stringent FDR thresholds, as
would be used in analyzing omic data, GSOA was much
more sensitive than the other methods (Fig. 2b) and
attained similar levels of specificity (Fig. 2c). For example,
at an FDR threshold of 0.05, GSOA produced 243 (26 %)
more true positives than GSAA, the best competing
method (Additional file 1: Table S1A). GSOA produced
11 false positives (1 % of all signal gene sets), which was
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only three more than GSAA. At an FDR threshold of
0.20, GSOA and GAGE attained the same MCC value;
GSOA produced 150 more true positives than GAGE,
whereas GAGE produced 123 fewer false positives
(Additional file 1: Table S1B).

As a follow-up analysis, we simulated a dataset in
which 90 samples belonged to one class and 10 samples
belonged to the other class, mimicking class imbalances
that are common in omic studies. GSOA continued
to perform best out of the methods, although the
performance of all methods declined relative to the
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data that used a 50/50 class split (Fig. 2d-f, Additional
file 1: Fig. S2).

We repeated these simulation analyses using P values
rather than FDR values (Additional file 1: Figs. S3
and S4). The results were similar to when FDR values
are used. Because 0.05 is an extremely common P value
threshold, this was the maximum threshold we used in this
part of the analysis.

For these analyses, we considered FDR and P value
thresholds that are used in common research practice.
Although GSOA performs better than (or at least simi-
larly to) competing methods at these thresholds, it may
not perform as well at less-stringent thresholds.

Validation using benchmark microarray datasets

We analyzed GSOA'’s ability to provide biologically mean-
ingful results using microarray data from Subramanian
et al. [3]. Again, we compared GSOA against GSEA,
GAGE, and GSAA (see Additional file 1 for specific pa-
rameters). The p53 dataset contains gene expression
values from 50 cancer cell lines that either harbored mu-
tations in the TP53 gene (33 cell lines) or were wild type
(17 cell lines). This dataset has been used as a benchmark
in numerous studies [3, 9, 18, 35]. p53 is a tumor sup-
pressor protein involved in the cell cycle that induces
apoptosis when a cells DNA becomes damaged [36]. In
performing these comparisons, we used 522 canonical
gene sets that were used in the original GSEA paper [3].
GSOA prioritized gene sets that are clearly related to p53
and cell-cycle function (see Table 2, Additional file 2).
Refer to Additional file 1: Fig. S5 for the GSOA KEGG
p53 pathway ROC curve. The other methods also
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performed well; however GSOA identified more gene sets
that play a role in cell-cycle regulation.

We next tested each method using microarray data
representing female and male lymphoblastoid cells using
522 canonical gene sets and 319 chromosomal gene
sets, both of which were used in the original GSEA
paper [3]. All methods performed well at prioritizing
Y chromosome gene sets, which are likely to be dif-
ferently regulated between male and female cells.
Each method also identified gene sets associated with
the X chromosome and sex-specific tissue; however,
FDR values were highly variable across the methods
(see Table 3, Additional file 2).

Pathway-based comparison of lung adenocarcinoma
samples based on RAS mutation status

Mutations in the RAS protein subfamily (HRAS, NRAS,
KRAS) occur frequently in various types of cancer [37]
and have a relatively high frequency in lung adeno-
carcinomas [38]. Oncogenic RAS mutations cause
widespread changes in gene expression and lead to
downstream activation of the PI3K/AKT and MAPK/
ERK cascades, which increase cell growth and survival
and causes changes in cellular differentiation [37]. RAS-
driven cancers are extremely difficult to treat [37]. Identi-
fying pathways activated by RAS mutations could help in
developing targeted treatments for tumors with RAS mu-
tations [39].

We applied GSOA, GSEA, GAGE, and GSAAseqSP
[23] to RNA-Sequencing data from lung adenocarcin-
oma samples in TCGA (see Additional file 1 for specific
parameters). We compared tumor samples in TCGA

Table 2 Validation and comparison to other methods in a p53 benchmark microarray dataset

GSOA GSEA GAGE GSAA
Canonical gene sets Rank P FDR Rank P FDR Rank P FDR Rank P FDR
P53 pathway 1 0,001 0.037 1 0.000 0.009 26 0.093 0822 1 0.000 0.566
P53 signaling 15 0.002 0.058 21 0028 0614 30 0.109 0822 29 0.048 0695
P53 hypoxia pathway 1 0001 0.037 1 0.000 0.009 27 0.103 0822 5 0.002 0713
P53 up 1 0.001 0037 1 0.000 0.065 20 0.083 0822 1 0.000 0595
DNA damage signaling 1 0,001 0.037 80 0223 1 5 0.043 0822 40 0.061 0693
Radiation sensitivity 1 0,001 0.037 6 0,002 0.088 18 0.077 0822 n 0014 0621
Cell cycle regulator 1 0,001 0.037 116 0330 1 4 0.042 0822 20 0030 0571
Cell cycle pathway 1 0001 0.037 237 0729 0949 17 0.075 0822 55 0.104 0593
Cell cycle 15 0.002 0.058 172 0531 0930 7 0.046 0822 93 0.175 1
Cell cycle arrest 43 0021 0255 166 0509 0.887 4 0.141 0822 216 039% 1
Ras pathway 39 0016 0.209 7 0.002 0.284 64 0.186 0822 312 0565 1
MAPK cascade 50 0.040 0418 16 0021 0494 57 0.177 0822 107 0204 1
# of sig. gene sets 62 32 10 39
Each method i related to p53 signaling and cell-cycle regulation. The ranks for these pathways were generally lower for GSOA than for the

competing methods
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Table 3 Validation and comparison to other methods in a gender benchmark dataset
C1 cannonical gene sets (MSigDB) GSOA GSEA GAGE GSAA

Rank P FDR Rank P FDR Rank P FDR Rank P FDR
chry 1 0.001 0079 1 0.000 0.000 1 0.001 0297 1 0000  0.05
chrYgll 1 0.001 0079 1 0.000 0.000 2 0.002 0335 1 0000  0.105
chrypi 1 0.001 0.079 1 0.000 0.002 6 0.052 0923 1 0000 0210
chrXq26 17 0.035 0623 114 0652 0961 316 0976 0979 284 0.892 0.959
chrXp22 156 0.505 0985 4 0.002 1.000 3 0.008 0895 1 0.000 1
# of sig. gene sets 29 7 6 21
C2 cannonical gene sets (MsigDB)
X-inactivation genes 17 0031 0770 1 0.000 0.000 2 0008 0914 1 0000 0135
Testis genes 7 0.127 0.885 1 0.000 0.067 3 0008 0914 1 0000  0.8%0
GNF female genes 499 0943 0982 3 0010 0.067 1 0.005 0914 1 0.000 0520
# of sig. gene sets 34 8 7 23

We used the various methods to compare gene-expression levels between male and female cell lines

that contained a RAS subfamily mutation against sam-
ples that did not [40]. Previously, Bild et al. used experi-
mental methods to identify genes dysregulated when
RAS proteins are in an oncogenic state [41]. We evalu-
ated whether GSOA could identify this gene set as sig-
nificant in these tumor samples. As a control, we
included 3,401 additional gene sets from the Molecular
Signatures Database’s chemical and genetic perturba-
tions collection [29]. GSOA successfully identified the
RAS oncogenic gene set (P = 0.009) and identified fewer
non-RAS related gene sets than the other methods
(Additional file 1: Table S2, Additional file 3). Refer to
Additional file 1: Fig. S6 for the Bild HRAS oncogenic
signature gene set ROC curve). Such an analysis could
also be applied to larger, curated gene set databases to
aid in generating hypotheses about potential pathways to
target in RAS-driven cancers.

Comparison of HER2-positive and HER2-negative breast
cancers using multiple types of omic data

We sought to characterize pathway-level effects resulting
from HER2 amplification in breast tumors from TCGA
[42]. We used GSOA to compare HER2 positive samples
against HER2 negative samples (including normal con-
trols). Using 1,320 canonical pathways [29], we first
tested the robustness of our method to inter-platform
differences by applying GSOA to microarray and RNA-
Sequencing data from the same biological samples (see
Additional file 1 for specific parameters). Although these
technologies both measure RNA abundance, they pro-
duce data with different numerical distributions. The
GSOA results for these two platforms were highly corre-
lated (Spearman correlation coefficient = 0.909 for AUC
values, 0.728 for P values, see Fig. 3). This level of cor-
relation exceeds what we observed at the individual gene
level (average correlation per gene = 0.676). Importantly,

the findings for these two platforms led to similar bio-
logical conclusions. As expected, among the top results
for both platforms were multiple pathways related to
HER2 (ERBB2) signaling (see Additional file 4). Other
top pathways included those related to PI3K signaling -
which has been associated with the HER2 positive
subtype [43].

We next applied GSOA to somatic CNV and SNV
data for the same samples. RNA-Sequencing data yielded
the highest AUC values overall (see Fig. 4). These find-
ings are reasonable because the HER2-positive subtype
is driven by ERBB2 amplification, which leads to in-
creased expression of HER2 and likely other interacting
molecules [44]. We then compared GSOA predictions
from RNA-Sequencing data against predictions for
the other data types. The RNA-Sequencing and CNV
predictions were modestly correlated (Spearman correl-
ation coefficient = 0.294, Additional file 1: Fig. S7A),
while the correlation between RNA-Sequencing and
somatic mutation predictions was not significant (see
Additional file 1: Fig. S7B). These findings suggest that
various types of omic data may provide complementary
evidence regarding the factors that influence pathway
activity.

To test whether combining omic data was informative,
we aggregated multi-omic data using two different
methods. First, we integrated data from all omic types
into a single dataset and allowed the SVM classifier to
account for dependencies among these data types. Sec-
ond, we used GSOA to analyze each data type separately
and then combined the results using a rank-based
P value calculation [45]. Both methods performed well
and identified an equal number of significant gene sets
related to ERBB2/PI3K signaling (see Additional file 1:
Tables S3 and S4, and Additional file 4). The integrative
approach identified more gene sets related to fibroblast
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growth factor receptor (FGFR) signaling, which is ampli-
fied in many breast cancers [46] and has been linked to
lapatinib resistance in HER2-positive breast cancer cells
[47]. Together, these results show that summarizing
multiple types of omic data at the pathway level can
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Fig. 4 AUC scores for each omic type from the HER2 analysis. GSOA
was applied to various types of omic data from TCGA. HER2" breast
cancer samples were compared against HER2™ samples. Predictions
based on RNA-sequencing data attained the highest accuracy
L

shed light on biological processes that play a role in
specific cancer phenotypes, and that information can
be aggregated usefully across independent profiling
platforms.

Identification of MYC pathway dysregulation in uterine
serous carcinoma
Most molecular studies in endometrial cancer have fo-
cused on the most common form, uterine endometrioid
carcinoma (UEC), which is primarily driven by PTEN
loss and mutations in FGFR2, ARIDIA, CTNNBI,
PIK3CA, PIK2RI1, and KRAS [48]. In contrast, uterine
serous carcinomas (USC) are an extremely aggressive
subtype of endometrial cancer with poorly defined mo-
lecular pathway activity. Although USCs comprise only
about 10 % of endometrial cancer cases, they are respon-
sible for almost half of endometrial cancer deaths [49].
USCs are usually metastatic and chemoresistant, with a
50-80 % recurrence rate and an 18-25 % 5-year survival
rate [50, 51]. Limited studies have shown USC to con-
tain mutations in TP53, PI3KCA, FBXW?7, and PPP2RIA,
and overexpression of ERBB2 [52-54]. The poorer sur-
vival and therapy response rates in USC highlight the
need for a deeper understanding of the pathways that
influence USC development in order to identify more
effective therapies.

Here we sought to identify pathway level differences
between USC and UEC. We used GSOA to compare 53
USC and 307 UEC tumor samples from the TCGA
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endometrial carcinoma study [55]. We evaluated RNA-
Sequencing, somatic mutation, and CNV data (see
Additional file 1 for specific parameters). GSOA pri-
oritized pathways known to be dysregulated in either
USC or UEC, as well as various pathways associated
with cancer development in general. GSOA identified 87
significant pathways (P <0.05) for RNA-Sequencing, 144
for somatic mutations, 56 for CNV data, and 139 path-
ways when evidence was combined across these data
types (rank-based P value method) (see Additional file 1:
Table S5, Additional file 5). Alternatively, when the omic
data were combined into a single SVM classifier, 67 gene
sets were significant (see Additional file 1: Table S6,
Additional file 5).

Alterations in the PI3K pathway have been shown to
occur in over 80 % of UEC tumors [56] but not as
frequently in USC [55]. The rank-based method consist-
ently prioritized PI3K gene sets; with the KEGG phos-
phatidylinositol signaling system gene set ranking first
along with many additional PI3K/ERBB related gene sets
(Additional file 1: Table S5). Two PTEN gene sets also
obtained significance - PTEN loss leads to PI3K activa-
tion [56]. In addition, four p53 gene sets were signifi-
cant, which is expected because somatic mutations in
TP53 occur in most USCs [57]. Various additional path-
ways that had previously been associated with these can-
cer types were also identified [58].

The ranked-based method prioritized both the PID
MYC pathway (P = 0.008) and the PID MYC active
pathway (P = 0.057). We took interest to this pathway
because literature on MYC pathway dysregulation in
endometrial cancer is limited. MYC is a proto-oncogene,
which can lead to deregulation of many genes, cause cel-
lular proliferation, and result in tumor formation [59].
Upregulation of MYC via FGF signaling has been re-
ported in endometrial cancer cells [60], and MYC ampli-
fications have been associated with earlier disease
recurrence in endometrial adenocarcinoma patients [61].
TCGA also reported MYC amplifications in their high-
copy number cluster, which included some serous-like
tumors [55].

For validation, we asked whether GSOA could
identify MYC pathway dysregulation in an independ-
ent endometrial cancer dataset. We compared 11
USC and 22 UEC patient tumors from Mhawech-
Fauceglia et al. (Gene Expression Omnibus accession
number: GSE24537) [62]. GSOA identified significant
differences in expression for the PID MYC Repres-
sion Pathway (P = 0.008), although the specific path-
ways differed - perhaps due to the smaller size of
this dataset (see Additional file 5).

To better understand why the MYC pathway was pri-
oritized in our GSOA analyses, we investigated individ-
ual genes within this pathway as well as up- and
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downstream pathways. We compared gene expression
levels and somatic mutation data for USC and UEC
tumors and used the Wilcoxon rank test and Fisher’s
exact test, respectively, to look for significant differ-
ences at the individual gene level (Additional file 1:
Table S7). The modes of MYC dysregulation are
highlighted in Fig. 5. Expression of MYC was elevated
in USC (P = 3.3 x 107%). MYC binding partner TAF9
(P = 59 x 107*%) was down, and TRRAP (P = 3.8 x 107%)
was up. Downregulation of TAF9 was unexpected, and
may be worth further exploration. The MEK-ERK and
PI3K pathways can induce MYC expression [59], and the
PIK3CA (P = 14 x 107'°) and MAPK3 (P = 5.8 x 107°)
genes were upregulated in USC, which we also saw in our
GSOA analyses. Furthermore, we saw somatic mutations
and downregulation of genes that negatively regulate MYC
in USC, including TP53 [63] (P = 2.5 x 107%) and FBXW7
(P = 3.8 x 107, which aids in MYC regulation via ubiqui-
tination [64]. FBXW?7 mutations are common in USC [54],
and also have been shown to increase MYC signaling in
gastric cancers [65].

MYC is a master regulator of cellular proliferation via
activation of nucleotide metabolism and cell cycle
proteins [66]. We observed upregulation of genes
known to be MYC targets that are involved in nucleotide/
amino acid metabolism CAD (P = 6.9 x 10~%) and ODCI
(P = 1.9 x 10™*). Many genes that promote the cell cycle
and that are known to be regulated by MYC were upregu-
lated in USC; these included CKSIB (P = 92 x 107*%),
SKP2 (P = 30 x 107, CCNEI (P = 25 x 107, and
CDK2 (P = 2.0 x 107°). We also saw downregulation of
CDKNIA (P = 6.8 x 1072°), a cell cycle inhibitor. Together,
these results suggest that MYC is dysregulated in USC and
highlight the potential importance of MYC targeted ther-
apy for this cancer type.

Discussion

Pathway-based analyses have become popular for pro-
viding insight into difficult-to-interpret omic data [6].
GSOA is a novel bioinformatics tool that can integrate
data from multiple omic platforms at the pathway level
to generate hypotheses about pathways that behave dif-
ferently between biological conditions. Pathway-based
approaches are particularly important for cancer interro-
gation because treatment modalities are moving towards
targeting specific pathways. Therefore, an understanding
of pathway dysregulation is a key step in developing per-
sonalized cancer care.

Our method builds upon a method developed by Pang
et al. [67], which applied machine learning algorithms to
gene-expression data to model dependencies among
genes and ranked the results by prediction accuracy. Un-
like their method, our approach can process multiple
types of omic data, integrate data across multiple omic
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Fig. 5 Summary of gene expression and somatic mutation differences between uterine serous (USC) and uterine endometrioid carcinomas (UEC)
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types, account for gene set size, and correct for class
imbalances.

The ability to analyze omic data from various omic-
profiling platforms is important when analyzing cancer
data due to the compound effects of many types of alter-
ation, including gene expression changes, copy-number
variation, and single-nucleotide variants. This approach
can also be applied to DNA methylation data, miRNA
data, and proteomic data, as long as the features can be
mapped to gene sets. Our analysis of HER2 pathway ac-
tivity in HER2-positive breast tumors illustrates how in-
tegration of multi-omic data can identify gene sets that
may be missed if analyzed separately. For example, a
particular gene set may be borderline significant for indi-
vidual types of omic data and thus go unnoticed; how-
ever, when the data are integrated, the gene set may
reach significance.

One alternative approach that has been used com-
monly is over-representation analysis [6]. Such methods

require a list of genes that are differentially expressed
between two conditions and then prioritize gene sets in
which these genes are enriched [68-70]. The simplicity
of this approach could be seen as an advantage. How-
ever, over-representation methods treat each gene
equally and independently, even though the magnitude
of expression may differ considerably among the genes
and dependencies may exist between genes. In contrast,
an advantage of GSOA is that it examines omic data dir-
ectly; thus it can account for (potentially) subtle differ-
ences in omic measurements that may span multiple
genes.

We note that the biological relevance of GSOA results
depends on the validity and relevance of the gene set an-
notations used as input. Although curated gene sets pro-
vide great breadth, they may be less precise than gene
sets based on experimental observation. In addition,
there is considerable overlap among gene sets described in
multiple pathway resources. This redundancy complicates
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interpretation of results; however, when multiple pathways
related to a given biological process are consistently priori-
tized by GSOA, this is an indication that the results are ro-
bust. In this paper, we have focused on pathways that show
consistent significance in our analyses. It is also important
to note that GSOA does not infer whether a given pathway
is up- or downregulated as a whole; rather it assumes that
when a pathway is dysregulated, some genes within the
pathway may be upregulated while others are downregu-
lated. Pathways that GSOA identifies as being dysregulated
may serve as candidates for future mechanistic and func-
tional studies, which can better dissect the contributions of
individual genes.

Conclusion

In summary, we have used our novel computational ap-
proach, GSOA, to identify signaling events with a known
association among tumor subtypes to test the validity of
our method. Results from these analyses highlight the
power of our approach to accurately identify biological sig-
nal within omic data. Importantly, we have also used this
approach to propose alternative pathways that influence
development of specific cancer subtypes. For example, we
propose that dysregulation of the critical master regulator
MYC in uterine serous carcinomas may lead to treatment
resistance. Such approaches are invaluable in our quest to
distill large, heterogeneous, multi-omic data down to a
form that leads to a better understanding of how disease
develops and how it might be treated more effectively.
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Inferring pathway dysregulation in cancers from multiple types of omic data

Supplementary Methods

Data sets

Simulated data. We used the make_classification function in the scikit-learn package[1] to
simulate random, normally distributed data. This function introduces a subtle signal, with
interdependence among the variables, as typically would be observed in omic data. The first
simulated set contained data for 100 samples (2 classes) and 20,000 features. Such dimensions
are commonly seen in omic data. Overall, 200 of the features contained signal; 25 features were
“informative,” while the remaining 175 signal genes were “redundant” with these. For the initial
analysis, 50% of the samples belonged in each class. In the second simulated data set, 90% of
samples belonged to the first class, and 10% of samples belonged to the second class. With the
latter data set, we aimed to simulate the common scenario in omic analyses where there is a
strong class imbalance. We also generated a gene set database that contained 2300 gene sets,
which ranged in size between 25 and 300 genes (in increments of 25). The genes for each gene
set were randomly selected from the full simulated data set. Half of the gene sets were
deliberately selected to contain no signal genes. The remaining gene sets contained a mix of
signal and non-signal genes; the number of signal genes in these gene sets ranged between 5 and
50 (in increments of 5). All code that we used to generate this data set (and to perform all

simulation analyses described in the paper) are available from https://bitbucket.org/srp33/gsoa.

Gene sets. Gene sets used as input for GSOA, GAGE, GSEA, GSAA and GSAAseqSP were
downloaded from the Molecular Signatures Database[2]. These files contain gene sets

established from experimentally generated data or manual curation, aggregated from existing
databases, such as KEGG, Biocarta, Reactome, and the Pathway Interaction Database (PID)[3-6].
Gene set files used for the p53 (s2.symbols.get) and gender analysis (c!.symbols.get and
c2.symbols.gct) were downloaded from the GSEA datasets page

(http://www.broadinstitute.org/gsea/datasets.jsp). We used the same gene set files that were used

in the original GSEA paper[7] to enable a more direct comparison between GSOA and GSEA
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Bioconductor (3.0) [13]. Our code repository provides scripts and parameters that were used to

execute these analyses.

All GSOA analyses presented in this paper were performed with 1000 random iterations and 5-
fold cross validation. For GSEA, GSAA, and GAGE, we used default parameters. For the p53
and Gender microarray analyses, we used the previously published results for GSEA, which
excluded genes sets smaller than 10. For GAGE, the “microarray” and “test gene sets in both
directions” features were used. For the lung adenocarcinoma (LUAD) RNA-Sequencing data set,
we compared samples with a mutation in HRAS, NRAS, or KRAS to samples that did not have a
mutation in these genes[14]. The “RNA-Sequencing” feature was used with GAGE, and
“GSEApreranked” was used for GSEA. To maintain consistency, no gene sets were filtered for
these analyses. For the breast cancer analysis, we compared HER2 positive samples against all
other BRCA samples (luminal A, luminal B, basal, and normal)[15]. For the endometrial cancer
analysis, we compared samples with serous histology against all other endometrial cancer
samples (non-serous). Samples with mixed serous/non-serous histology were excluded from the

analysis. The number of samples for each class and omic type is listed in Table 1.
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Supplementary Figure 1. Correlation between number of genes in a pathway and GSOA
output values. We used GSOA to compare HER2' breast cancer samples against HER2®
samples from TCGA. The natural log of the number of genes in each gene set was correlated
with A) AUC values, but not with B) p-values. Spearman correlation coefficients were used to

quantify similarity in ranks between the values.
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Supplementary Figure 3. p-values from the simulation analysis for all methods using

balanced (50/50 split) and unbalanced (90/10 split) class numbers.
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Supplementary Figure 4. Results of cross-algorithm comparisons on simulated data. We

compared GSOA against other methods using simulated data that contained interdependence

among variables. For various p-value thresholds, we calculated the proportion of simulated gene

sets containing signal that were considered significant and the proportion of gene sets containing

only random data that were not considered significant. The left panel contains results for

balanced data (50/50 sample split); the right panel contains results for unbalanced data (90/10

sample split).
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mutant vs. wild-type GSOA microarray anaylsis.
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Supplementary Figure 6. ROC curve for the Bild HRAS oncogenic signature gene set from

the GSOA RAS mutation anaylsis in lung adenocarcinoma.
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A) copy-number variations and RNA-Sequencing levels or between B) somatic mutations and

RNA-Sequencing levels.

122



Supplementary Tables

Supplementary Table 1. Performance metrics for simulated data analysis for FDR

thresholds that are more or less stringent. These results were obtained using the balanced data

(50/50 sample split). MCC = Matthews Correlation Coefficient.

A) FDR threshold = 0.05

# True # True # False # False MCC
Positives  Negatives Positives Negatives
GSOA 946 1139 11 204 0.82
GSEA 213 1143 7 937 0.30
GSAA 703 1142 8 447 0.65
GAGE 634 1150 0 516 0.62
B) FDR threshold = 0.20
# True # True # False # False MCC
Positives  Negatives Positives Negatives
GSOA 989 1021 129 161 0.75
GSEA 574 1107 43 576 0.52
GSAA 911 1076 74 239 0.74
GAGE 839 1144 6 311 0.75
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Supplementary Table 2. Pathway-based comparison of lung adenocarcinoma samples

based on RAS mutation status in TCGA lung adenocarcinoma RNA-Sequencing data.

The Bild HRAS oncogenic signature was identified as significant among 3402 gene sets.

Bild HRAS oncogenic sighature

Method # of sig. gene sets | rank | p-val | FDR
GSOA 154/3402 28 | 0.009 | 0.972
GSEA 674/3402 1 | 0.000 | 0.004
GAGE 456/3402 68 | 0.000 | 0.019
GSAAseqSP 169/3402 512 | 0.177 1
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Supplementary Table 3. Top 20 gene sets predicted by GSOA using a single SVM classifier
for all multiomic data in HER2+ vs. HER2- TCGA samples. RNA-sequencing, somatic
mutation, and CNV data were analyzed. Pathways related to ERBB signaling are in bold.

C2 canonical gene sets (MSigDB}) p-val FDR
Reactome Nuclear Receptor Transcription Pathway 0.001 0.330
KEGG Pathways In Cancer 0.001 0.330
KEGG Bladder Cancer 0.001 0.330
Reactome PI3K Events In ERBB2 Signhaling 0.002 0.330
Reactome Signaling by FGFR 0.002 0.330
Reactome PI3K Cascade 0.002 0.330
Reactome Signaling by ERBB2 0.002 0.330
Reactome Downstream Signaling of Activated FGFR 0.002 0.330
KEGG Pancreatic Cancer 0.003 0.440
PID MYC Repress Pathway 0.004 0.528
PID EPHB Fwd Pathway 0.006 0.660
PID FAK Pathway 0.007 0.660
Reactome Signaling by SCF KIT 0.007 0.660
Reactome Down Regulation of ERBB2 ERBBS3 Signaling 0.007 0.660
PID ERBB2 ERBB3 Pathway 0.008 0.660
Reactome Downstream Signal Transduction 0.008 0.660
KEGG Prostate Cancer 0.011 0776
PID ERBB4 Pathway 0.012 0.776
Biocarta IL2RB Pathway 0.013 0.776

125



Supplementary Table 4. Top 20 gene sets predicted by GSOA using a rank-based method
to aggregate evidence across multiple omic types for the HER2+ vs. HER2- comparisons.

RNA-sequencing, somatic mutation, and CNV data were analyzed, and pathways with a known

association to ERBB signaling are in bold.

C2 canonical gene sets (MSigDB) rank p-val FDR
Reactome PI3K Events In ERBB2 Signaling 0.002 0.395
Reactome Signaling By PDGF 0.002 0.395
Reactome Signaling By ERBB2 0.002 0.395
ST Integrin Signaling Pathway 0.003 0.395
KEGG Bladder Cancer 0.003 0.395
KEGG Pancreatic Cancer 0.003 0.395
Reactome Downstream Signal Transduction 0.004 0.395
Reactome Mitotic G1 G1 S Phases 0.004 0.395
Reactome CDT1 Association With The CDC6 ORC Origin Complex 0.004 0.395
Reactome G1 S Transition 0.004 0.395
PID ERA Genomic Pathway 0.004 0.395
Reactome M G1 Transition 0.004 0.395
Reactome Downstream Signaling Events Of B-Cell Receptor BCR 0.005 0.395
PID ERBB2 ERBB3 pathway 0.005 0.395
Reactome ORC1 Removal From Chromatin 0.005 0.395
PID ERBB4 Pathway 0.005 0.395
Reactome Signaling By The B-Cell Receptor BCR 0.005 0.395
Reactome Assembly Of The Pre-Replicative Complex 0.006 0.395
PID E2F Pathway 0.007 0.395
Biocarta TOB1 Pathway 0.007 0.395
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Supplementary Table S. Top S0 gene sets predicted by GSOA using a rank-based method
to aggregate evidence for all omic data in USC vs. UEC TCGA samples. RNA-sequencing,
somatic mutation, and CNV data were analyzed, and gene sets with a known association to

endometrial cancer are in bold.

C2 canonical gene sets (MSigDB) rank p-val FDR
KEGG Phosphatidylinositol Signaling System 0.002 0.420
KEGG Tight Junction 0.003 0.420
Reactome PI Metabolism 0.003 0.420
KEGG Pathways In Cancer 0.004 0.420
Biocarta Chemical Pathway 0.004 0.420
Reactome PI3K Events In ERBB2 Signaling 0.004 0.420
KEGG Prostate Cancer 0.004 0.420
KEGG Chronic Myeloid Leukemia 0.004 0.420
SA PTEN Pathway 0.004 0.420
Biocarta MET Pathway 0.005 0.420
KEGG Non Small Cell Lung Cancer 0.005 0.420
PID A6B1 A6B4 Integrin Pathway 0.005 0.420
KEGG Melanoma 0.005 0.420
Reactome Phospholipid Metabolism 0.006 0.420
KEGG Basal Cell Carcinoma 0.006 0.420
Reactome ERK MAPK Targets 0.006 0.420
KEGG Pancreatic Cancer 0.006 0.420
KEGG Melanogenesis 0.007 0.420
PID P53 Downstream Pathway 0.007 0.420
KEGG Small Cell Lung Cancer 0.007 0.420
Biocarta P53 Pathway 0.007 0.420
Reactome Nuclear Events Kinase And Transcription Factor Activation 0.007 0.420
KEGG WNT Signaling Pathway 0.008 0.420
KEGG Apoptosis 0.008 0.420
PID CXCR4 Pathway 0.008 0.420
KEGG Inositol Phosphate Metabolism 0.008 0.420
Pid Myc Pathway 0.009 0.420
Sig PIP3 Signaling In Cardiac Myoctes 0.009 0.420
Reactome Cell Cell Communication 0.009 0.420
KEGG Glioma 0.009 0.420
KEGG Bladder Cancer 0.010 0.420
KEGG ERBB Signaling Pathway 0.010 0.420
Reactome Amine Compound Sic Transporters 0.010 0.423
KEGG Leukocyte Transendothelial Migration 0.010 0.423
PID BCR5 Pathway 0.011 0.430
Reactome CTLA4 Inhibitory Signaling 0.011 0.432
St T Cell Signal Transduction 0.012 0.446
Reactome PI3K Events In ERBB4 Signaling 0.013 0.473
Reactome Na Cl Dependent Neurotransmitter Transporters 0.014 0.473
Reactome Intrinsic Pathway For Apoptosis 0.014 0.473
SA G1 And S Phases 0.014 0.473
St Integrin Signaling Pathway 0.015 0.473
PID PI3KCI pathway 0.016 0.479
Reactome Semaphorin Interactions 0.017 0.503
Biocarta HER2 Pathway 0.017 0.505
Reactome Cell Surface Interactions At The Vascular Wall 0.018 0.510
PID ER Nongenomic Pathway 0.018 0.510
KEGG Endometrial Cancer 0.018 0.511
Biocarta CHREBP2 Pathway 0.019 0.519
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Supplementary Table 6. Top S0 gene sets predicted by GSOA using a single SVM classifier
for all omic data in USC vs. UEC TCGA samples. RNA-sequencing, somatic mutation, and
CNV data were analyzed, and gene sets with a known association to endometrial cancer are in

bold.

C2 canonical gene sets (MSigDB) p-val FDR
KEGG Pathways In Cancer 0.001 0.528
KEGG Small Cell Lung Cancer 0.001 0.528
Reactome PI3K Events In ERBB2 Signaling 0.002 0.528
Biocarta MET Pathway 0.002 0.528
PID IL2 PI3K Pathway 0.002 0.528
Reactome PI3K Events In ERBB4 Signaling 0.003 0.660
Reactome Sema3a Plexin Repulsion Signaling By Inhibiting Integrin Adhesion  0.004  0.660
Reactome Signal Regulatory Protein SIRP Family Interactions 0.004 0.660
WNT Signaling 0005 0733
KEGG Apoptosis 0.008 1.000
KEGG Sphingolipid Metabolism 0.009 1.000
PID Trail Pathway 0.013 1.000
KEGG Endometrial Cancer 0.013 1.000
PID Nephrin NEPH1 Pathway 0.013 1.000
KEGG Prostate Cancer 0.013 1.000
PID ERBB4 Pathway 0.013 1.000
KEGG B-Cell Receptor Signaling Pathway 0.015 1.000
Biocarta BARR MAPK Pathway 0.019 1.000
Reactome PI Metabolism 0.019 1.000
Biocarta ACH Pathway 0.019 1.000
Biocarta EIF Pathway 0.019 1.000
PID P53 Downstream Pathway 0.020 1.000
PID Ceramide Pathway 0.022 1.000
Biocarta HCMV Pathway 0.023 1.000
Reactome Prostanoid Ligand Receptors 0.024 1.000
KEGG Axon Guidance 0.026 1.000
Reactome Cell Cell Communication 0.027 1.000
Reactome GAB1 Signalosome 0.028 1.000
Reactome Signaling By ERBB4 0.0290 1.000
KEGG Melanogenesis 0.029 1.000
KEGG Tryptophan Metabolism 0.030 1.000
Biocarta PYK2 Pathway 0.031 1.000
PID MTOR4 pathway 0.031 1.000
PID E-cadherin Stabilization Pathway 0.033 1.000
PID FRA Pathway 0.033 1.000
PID Endothelin Pathway 0.036 1.000
Reactome ERKs Are Inactivated 0.036 1.000
PID P73 Pathway 0.037 1.000
Reactome GRB2 Events In ERBB2 Signaling 0.037 1.000
Biocarta Chemical Pathway 0.037 1.000
PID P38 Alpha Beta Down Stream Pathway 0.039 1.000
Reactome PI3K Cascade 0.04 1.000
KEGG WNT Signaling Pathway 0.04 1.000
Reactome IL1 Signaling 0.04 1.000
Reactome Nephrin Interactions 0.04 1.000
KEGG Acute Myeloid Leukemia 0.04 1.000
Reactome Regulatory RNA Pathways 0.04 1.000
Reactome Phospholipid Metabolism 0.041 1.000
Reactome Signaling By FGFR In Disease 0.042 1.000
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Supplementary Table 7. Genes with significant somatic mutation or expression differences

between USC and ESC in the Pathway Interaction Database MYC pathway gene set.

MYC Pathway RNA-Seq Direction Mutated
Wilcox p-value in USC
ACTL6A 50x10° Up in USC No
CDKN2A 1.9x107® Up in USC No
FBXW7 3.8x10* Downin USC  32%
MYC 3.3x10° Up in USC No
PAK2 24x10* Up in USC No
PML 40x10* Up in USC No
RUVBL1 20x10° Up in USC No
SKP2 31x10° Up in USC No
SUPT7L 1.6x10° Up in USC No
TAF9 59x10™  Downin USC No
TRRAP 3.8x10" Up in USC No

The Wilcoxon rank test was used for RNA-Sequencing data,
and a Fisher’s Exact test was used for somatic mutations.
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Abstract

Gene set analysis (GSA), a powerful technique for interpreting high-throughput
genomic data, helps uncover differences between biological phenotypes at the gene-set
level. However, most GSA methods support transcriptomic data but lack support for
multiomic data integration. This limits our potential to obtain comprehensive views of
complex molecular systems best explained by multiple “omic” data types, such as
cancer. Also, many GSA methods require bioinformatic experience. Therefore, we have
created a user-friendly web application, GSOA-Shiny, which enables users to perform
multiomic GSA analyses using our previously developed Gene Set Omic Analysis
(GSOA) method. GSOA-Shiny uses machine learning to account for complex
interactions across multiple molecular variations, supporting DNA, RNA, protein, and
epigenetic data and combinations thereof. GSOA-Shiny provides extensive
documentation, an intuitive, HTML-based report, and a novel “hallmark” analysis. These
features make multiomic GSA analysis more accessible for biologists, including those

without programing expertise.

Availability

GSOA-Shiny can be accessed from https://gsoa-app.org/ from any web browser.

It is developed exclusively in the R programing-language and can be downloaded from
GitHub and launched locally on operating systems that support R, including Windows,
Mac OS, and Linux. GSOA-Shiny is free and open source under a GPL-3 open-source

license.

Introduction
Cellular events are tightly regulated at the genome, transcriptome, epigenome,

and protein levels [1]. Therefore, accounting for multiple types of molecular data can
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provide more biologically relevant information than observing one data type in isolation,
especially for complex molecular diseases, such as cancer [2]. High-throughput
technologies exist for profiling many molecule types, including single-nucleotide variants
(SNV), copy-number variants (CNV), messenger RNA (mRNA), microRNA (miRNA),
epigenetic variations, and protein expression levels [3]. Large comprehensive studies,
such as The Cancer Genome Atlas (TCGA), have generated massive volumes of high-
dimensional data [4]; however, combining different data types is computationally and
quantitatively challenging, and requires techniques beyond the capability of most
biologists [5].

One method which has revolutionized the interpretation of molecular data is gene
set analysis (GSA), which uses varying statistical methods to identify enriched gene sets
that share biochemical or cellular functions and that differ between biological phenotypes
[6]. Results from these methods may be used to guide uncovering mechanisms
underlying biological phenomena GSA methods, originally designed for transcriptomic
data [7], have been expanded to DNA methylation [8], ChIP-sequencing [9], and SNP
data [10], albeit typically in isolation. Integrative multiomic methods have recently been
developed that combine specific combinations of molecular data, including SNPs and
gene expression levels [11]; miRNA and gene expression levels [12]; and proteomics,
metabolomics, SNP, and gene expression data [13]. However, these methods tend to
rely on basic test statistics and ignore gene interactions. In addition, most methods aim
to identify gene sets that are either up- or down-regulated as a whole [14]. Standalone
and web-based applications do exist, but they can be challenging to use without
bioinformatic skills, creating hurdles for biologists [15]. Therefore, more user-friendly web
applications are required for wide adoption of multiomic GSA methods among the

broader community.
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Here, we present GSOA-Shiny, an easy-to-use, R-shiny-based web application
for the analysis of multiomic data. GSOA-Shiny is an improved version of our previously
published package, Gene Set Omic Analysis (GSOA), which uses machine learning
algorithms to integrate multiomic data and account for complex dependencies among
genes [16]. When patterns are identified consistently for a given gene set, that gene set
is hypothesized to play a role in the condition of interest. GSOA-Shiny can handle any
type of molecular data that can be mapped to available gene-set databases, including
microarray, RNA-Sequencing, SNV, CNV, protein, and epigenetic data. The GSOA-
Shiny web interface reduces barriers for biologists without bioinformatic experience. It
includes extensive documentation, an intuitive HTML report, and a novel “hallmark”
analysis, which summarizes 50 key biological gene sets [17]. This analysis was
motivated by the large number of gene sets available in the Molecular Signatures
Database, and the common problem of having too many results, and acts as a base for

deeper exploration of additional gene sets.

Implementation

The GSOA-shiny workflow begins by navigating to the GSOA-Shiny webpage
and uploading the following required data files: (1) data file(s) containing molecular
measurements, (2) a class file describing which phenotype each sample belongs to, and
(3) a gene set file where gene symbols or IDs match those in the omic data file(s). Gene
sets can either be downloaded from the Molecular Signatures Database [18] or
generated by a user. GSOA-Shiny will mean-center the data and scale to unit variance,
but we recommend normalizing data using methodologies appropriate for each omic-
profiling technology prior to uploading. Default parameters should be applicable in many
cases, but the following parameters are customizable: (1) percent of genes to be filtered

based on low expression and variance, (2) machine learning algorithm (see Methods),
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(3) number of cross-validation iterations (more iterations will result in more robust
results), and (4) the inclusion of a “hallmark” analysis. An in-depth description of each
data file and parameter can be found under “Instructions for Use” on the GSOA-Shiny
web interface.

Once files are uploaded and “Run” is selected, the files will be validated and
processed. Upon completion, an HTML-based R markdown report will be delivered via
e-mail. This report includes a list of significant gene sets, a bar chart with the top 20
ranked gene sets, and a fully searchable and sortable list of all gene sets with
corresponding AUC, P-value and FDR values. If the “hallmark” analysis parameter was
chosen, these results will be present on a separate tab titled “hallmark report”. Run times
vary depending on the number of samples and different types of omic data present. If
errors occur, an e-mail will be sent with troubleshooting options. We have included

multiple examples of GSOA-Shiny analyses under the “Examples” tab on the webpage.

Methods

GSOA-Shiny is a rewrite of its Python-based predecessor, GSOA [16]. GSOA-
Shiny was rewritten almost entirely in R code [19], and is dependent on many R
packages, including mlr, for machine learning [20], doParallel and foreach, for parallel
processing [21], GSEABase for handling gene sets [22], rmarkdown, for creating
customized reports [23], and mailR for sending results [24]. The web interface was
created using the web application framework, R-Shiny, and was further customized
using HTML, CSS and JavaScript [25]. GSOA-Shiny is hosted on the web server GSOA-
Shiny, which requires a modern web browser and internet connection. GSOA-Shiny can
also be run locally by installing GSOA-Shiny from source code, and is platform
independent. After users upload files to the GSOA website, the data formats are

validated and the files are deposited on a Google server, where R is installed and the
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analysis takes place. GSOA-Shiny can employ either the Support Vector Machines
(SVM) [26] or Random Forest [27] classification algorithms. When multiple types of omic
data are present, the classification algorithm builds a single model that integrates data
from all omic types, and only considers samples that contain data for all data types. This
data is then filtered to include only the genes that belong to the gene sets uploaded by
the user. To begin, the classification algorithms uses k-fold cross validation to predict the
class of each sample, using only data associated with a specific gene set. This process
is repeated for n iterations. For each iteration, an area under the receiver operating
characteristic curve (AUC) value indicates classification accuracy. A high AUC score
(maximum of 1.0) indicates accurate predictions; 0.5 indicates predictions that are no
better than random expectation. A p-value is calculated for each gene set as the fraction
of AUC values from an empirical null distribution that exceed the actual AUC value. For
multiple-test correction, False Discovery Rate (FDR) values are calculated based on the
p-values using the BH method. When the analysis is complete, the results are then fed
through an R script, which generates the final R markdown report, and the results are
sent to the user via e-mail. We recommend at least 1000 cross-validation iterations to

prevent FDR values from becoming skewed.

Conclusion
With the increasing number of publicly available, high-dimensional data sets,
there is a pressing need for easy-to-use gene set analysis methods capable of handling
multiomic datasets. GSOA-Shiny meets this demand and is novel because it provides
advanced methods for integrating multiomic data, accounts for complex dependencies
within and across data types, provides an easy-to-use, well-documented web interface,
and an intuitive report. The GSOA-Shiny web interface lowers computational burdens for

scientists, and increases research reproducibility, which is often compromised by
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differing operating systems and software versions. GSOA-Shiny is useful for a broad
spectrum of biological research applications, including identifying dysregulated pathways

in cancer and other complex diseases.
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CHAPTER 6

DISCUSSION

Summary of Findings

The work presented in this dissertation focuses on analyzing genomic data at the
pathway level in order to gain a better understanding of tumor behavior and guide the
use of targeted cancer therapies in cancer. In Chapter 3, the activity of pathways from
the growth factor receptor network (GFRN) were probed in TCGA breast tumors and cell
lines using gene expression signatures generated by overexpressing genes from GFRN
pathways in human primary mammary epithelial cells (HER2, IGF1R, AKT1, EGFR,
KRAS (G12V), RAF1, BAD). Using the pathway analysis toolkit ASSIGN, two discrete
GFRN phenotypes were found — one being “survival phenotype”, represented by
aberrant activation of the HER2, IGF1R, and AKT pathways, and the other being the
“growth phenotype” represented by aberrant activation of the EGFR, KRAS, RAF1, and
BAD pathways. These phenotypes described variability in the TCGA gene expression
data and characterized distinctive patterns in apoptosis evasion and drug response. The
survival phenotype was more sensitive to drugs inhibiting HER2, PI3K, AKT, and mTOR,
but more resistant to chemotherapies. Alternatively, the growth phenotype expressed
lower levels of BIM and higher levels of MCL-1 proteins, and were more sensitive to
common chemotherapies and targeted therapies directed at EGFR and MEK. These
phenotypes have the potential to pinpoint targetable aberrations for more effective
breast cancer treatments.

Chapter 4 described a novel multiomic gene set analysis bioinformatic tool,
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Gene Set Omic Analysis (GSOA), which identifies multigene pattern differences between
biological groups. This tool serves as a method to extract biologically relevant patterns
from large, heterogeneous, multiomic datasets in support of subsequent, hypothesis-
driven experimental studies. GSOA is capable of analyzing any type of omic data,
including (but not limited to) microarray data, RNA-sequencing data, single-nucleotide
variant data (SNV), DNA copy-number variation data (CNV), and epigenetic data.
Machine learning algorithms employed by GSOA account for complex interactions
among genes, and when patterns are identified consistently for a given gene set, that
gene set or pathway is hypothesized to play a role in the condition of interest. GSOA
was validated using simulated data, gene-expression microarray data, RNA-sequencing
data, CNV data, somatic SNV data, and combinations of these data types. Using GSOA
in TCGA data, we identified gene sets that showed differences between HER2-positive
and HER2-negative breast tumors, and between individuals with and without somatic
mutations in RAS subfamily genes. We also compared uterine serous carcinomas (USC)
against uterine endometrioid carcinomas (UEC) and identified pathways that may play a
role in USC treatment, including the MYC pathway. Further analysis of gene expression
levels and somatic mutations in an independent dataset suggested that key proteins in
the MYC pathway are upregulated in USC tumors.

Chapter 5 presented GSOA-Shiny, an easy-to-use, R-shiny-based web
application for performing gene set analysis on multiomic data. GSOA-Shiny is an
improved version of our previously published python package GSOA, which required
bioinformatics experience [1]. The novel GSOA-Shiny web interface makes running
GSOA straightforward and includes extensive documentation, an intuitive HTML report,
and a novel “hallmark” analysis, which summarizes 50 key biological gene sets [2].

GSOA-Shiny reduces barriers for biologists without bioinformatic experience.



143

Genomic Resources Are Essential to Oncology

Identifying the underlying genetic causes of cancer was limited in past
generations due to technical constraints [3]. However, the emergence of next-generation
sequencing (NGS) technologies has revolutionized the way we study cancer. We are
now in a better position than ever to provide patients with highly personalized treatment
options specific to their malignancies [4, 5]. Data from large-scale single- and
multiplatform studies such as the Cancer Genome Atlas (TCGA) [6], the International
Cancer Genome Consortium (ICGC) [7], the Integrative Cancer Biology Program
(ICBP43) [8], the Cancer Molecular Analysis Project (CMAP) [9], and the Gene
Expression Omnibus [10] have significantly improved our understanding of cancer.
These projects have driven an increase in translational research, improved clinical care
with novel diagnostic, prognostic, and classification systems, and have helped to guide
physicians in decision-making regarding the consideration of targeted therapies in
patients with specific molecular alterations [4, 5, 11-13]. The research presented in this
dissertation would not be possible without these valuable genomic resources.

The novel GFRN phenotypes discovered in Chapter 3 were discovered by
analyzing TCGA tumors and ICBP cell line data. The GSOA software, presented in
Chapter 4, was tested and optimized using TCGA data, and data from GEO was used to
validate MYC dysregulation in uterine serous carcinoma. Furthermore, large pathway
databases such as the Molecular Signatures Database [14], Kyoto Encyclopedia of
Genes and Genomes (KEGG) [15], REACTOME [16], and the Pathway Interaction
Database [17] have also been extremely important for gene set enrichment analysis
methods. Gene sets from these databases are essential to running our pathway analysis
tool, GSOA-shiny. Therefore, large-scale genomic projects and databases are the

backbone of genomic advancements, and should continue to be developed. It would be
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especially beneficial to patients if standard-of-care included depositing genomic data
from patient tumors into a large database where tumors could be matched against each
other to better predict response to therapies and better understand rare cancers where

the genetic causes are still unknown.

Implications

The work presented in this dissertation contributes to the field of personalized
medicine, furthering pathway analysis methods, and also aids in bridging the gap
between molecular biologists and computational biologists. In Chapter 3, we used novel
pathway-based signatures to characterize the GFRN in breast cancer in an interactive
way and discovered two discrete GFRN phenotypes with significant differences in cell
survival mechanisms and drug response in breast cancer. The implications of this study
are large. First, they contribute to current breast cancer subtyping approaches by adding
additional biological relevance, as they represent aberrant signaling patterns. Second,
characterizing individual tumors into these phenotypes may help determine which
patients will benefit from the targeted treatments identified in cell line experiments.
However, additional examination is needed before these phenotypes can be used in
clinical trials for patient selection, including the testing of these phenotypes in patient
primary tumor cells. Third, newly generated RNA-sequencing signatures for AKT, BAD,
HER2, EGFR, IGF1R, RAF, and KRAS (G12V) have been validated in cancer cell lines
and breast cancer patients and have been made publicly available on GEO. These
signatures can be used by other researchers to probe GFRN signaling in additional
cancers or other diseases affected by these pathways. Additionally, the pipeline and
code used for this analysis are fully available at
https://github.com/mumtahena/GFRN_signatures, and may provide a model for

researchers interested in probing other pathways using the pathway toolkit, ASSIGN.
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The development of GSOA has contributed to the field of gene set analysis in the
following ways. GSOA can handle almost any type of genomic data which is of
importance, as combining multiple types of genomic data can lead to discoveries that
would not happen using one data type in isolation. While some multiomic methods do
exist, most do not support the use of any omic data, and none have the capability to
merge multiomic data into a single classifier. There are no other methods, to the best of
our knowledge, that use machine learning algorithms and multiomic data concurrently for
gene set analysis. The benefits of using machine learning over traditional statistical
approaches include the ability to identify multigene patterns and account for up- and
down-regulated genes. In addition, GSOA can be applied to other data types beyond
cancer, and can aid in discovering pathways that may underlie other diseases.
Additionally, the finding of MYC pathway dysregulation in uterine serous carcinoma has
clinical implications, and provides motivation for more in-depth biological examination
into this mechanism.

Lastly, the development of GSOA-Shiny makes a significant contribution to the
research community. Biologists need bioinformatics skills to run currently available gene
set analysis tools, or need to take valuable time to learn basic bioinformatics skills to use
them. This is not realistic for many molecular biologists. This easy-to-use interface has
the potential to make multiomic gene set analysis more common in the research
community. In addition, the R shiny framework for building GSOA-Shiny can be used as
a model for other bioinformaticians who would like to develop their own web applications
on cloud servers. The code for this is in a full-automated “docker” container, which can

be downloaded freely.
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Limitations and Future Work

In the GFRN work presented in Chapter 3, we only included signatures for AKT,
BAD, HER2, EGFR, IGF1R, RAF, KRAS (G12V). However, there are numerous other
pathways that fed into the GFRN; therefore, to obtain a more complete picture, it would
be important for future studies to include other pathway nodes such as PI3K, ERK,
RALA, JNK, MEK, and MEKK1. This analysis was also limited to correlating these
phenotypes with intrinsic apoptosis and drug response. It would be interesting to probe
cell lines for other cancer phenotypes such as EMT, autophagy, angiogenesis, and
immunology. Also, these analyses were conducted in TCGA data and breast cancer cell
lines; however, it would be important to test these drug response models in patient cells.
To address this, we are currently developing an assay for which we can test these
phenotypes in patient cells. This assay will measure the gene expression values for all
the genes from the GFRN signatures using NanoString™ technology. We will first
determine whether patient cells classified into these phenotypes correlate with
treatments in a large panel of patient cells. If phenotypes can be used to predict drug
response in patient cells, we can begin a clinical trial where breast cancer patients are
grouped into the growth and survival phenotypes and disease outcomes and drug
response can be compared between the two groups. If phenotypes correlate with drug
response in patients, this assay can be used in the clinic to guide the use of targeted
therapies. For example, if a patient is not responding to standard chemotherapies, an
oncologist can order the GFRN phenotype assay, and if a patient falls under the growth
phenotype, the physician can explore the use of EGFR inhibitors or try another form of
chemotherapy. If a patient is classified as the survival phenotype, they can be
considered for HER2 or AKT based therapies or clinical-trails. It would also be

noteworthy to see if these phenotypes are specific to breast cancer, or can be found in
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other cancer types.

In relation to GSOA and GSOA-Shiny, we have observed situations where the
FDR values can become unreliable when p-value distributions become skewed. We plan
to modify the way we calculate our p-values to resolve this issue. Also, the current
version of GSOA-Shiny only supports the analysis of two biological conditions at one
time, for example, cancer vs. normal samples. We plan to expand GSOA-Shiny to
support the analysis of multiple different conditions concurrently. Another limitation is
that GSOA-Shiny does not provide data on whether a given pathway is up- or
downregulated, rather it assumes that a pathway is dysregulated, as some genes within
the pathway may be upregulated while others are downregulated. Additionally, GSOA-
Shiny run times can be long (up to a few hours) if large multiomic data sets are used.

Lastly, in the future, it would be of benefit to create a web application for
ASSIGN, the tool we used in Chapter 3 to estimate pathway activation, and combine it
with GSOA-Shiny, and have these tools available on one website dedicated to pathway
analysis. With this, a user could run both methods, and obtain a high-level view of the
pathways being affected with GSOA-Shiny, and also have a more qualitative
assessment of which pathways are being activated with ASSIGN. In addition, we plan to
include all the genes from the GFRN network signatures on the GSOA-Shiny webpage

S0 users can also run these signatures with gene set enrichment analysis.

Conclusion
Overall, this dissertation work identifies two discrete pathway-based growth
factor receptor network phenotypes in breast cancer that correlate with drug response to
targeted therapies, and presents a novel multiomic gene set enrichment analysis tool,
Gene Set Omic Analysis (GSOA) and its novel web application, GSOA-Shiny, for

identifying pathway dysregulation in cancer. This dissertation contributes to the field of
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personalized oncology, and improves upon methods for the analysis of cancer at the
pathway level. These findings and methods may help in the future to guide the use of
targeted therapies in cancer and improve outcomes and survival for patients suffering

from cancer.
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