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Synthese

Les cancers du sein triple négatif (TNBC) se réferent a des cancer du sein qui n’expriment
pas les genes du récepteur des cestrogenes (ER), du récepteur de la progestérone (PR) et
Her2. Ce sous-groupe présente des caractéristiques pathologiques agressives et un taux
élevé d’événements métastatiques précoces (avant cing ans depuis le diagnostic initial).
Ils représentent entre 10 et 20% des carcinomes canalaires invasif et sont principalement
liés & une perturbation du mécanisme de réparation de ’ADN. Ces TNBCreprésentent
un défi clinique majeur, car les traitements n’ont pas été améliorés depuis des dizaines
années. En effet, a ce jour, aucune thérapie ciblée n’a été approuvée, et la chimiothérapie
cytotoxique reste le traitement standard. Devant le grand nombre de tumeurs du sein
triple négatif résistant aux chimiothérapies, il est essentiel de comprendre les mécanismes
de résistance et de trouver de nouvelles molécules efficaces.

Le taux d’attrition tres élevé est un probleme majeur dans le développement de nou-
veaux médicaments anticancéreux . Le processus de repositionnement des médicaments
propose de trouver de nouvelles indications thérapeutiques a des médicaments déja con-
nus. Pour cela, de nouvelles méthodes analytiques sont nécessaires pour optimiser
I'information présente dans les ensembles de données pharmacogénomiques a grande
échelle. Nous avons analysé les données de deux ensembles de données pharmacogénomiques
a grande échelle : le Genomics of Drug Sensitivity in Cancer et le Cancer Cell Line En-
cyclopedia. En nous centrant sur les lignées cellulaires (n = 471) et les molécules (n
=15) testées en commun entre les deux ensembles, nous proposons une nouvelle classi-
fication basée sur les profils transcriptomiques des lignées cellulaires, selon un processus
de sélection de genes basé sur des réseaux biologiques. Notre classification moléculaire
montre une plus grande homogénéité de la sensibilité aux médicaments que lorsque les
lignées cellulaires sont groupées en fonction de leur tissu d’origine. Nous avons ensuite
identifié des associations statistiquement significatives entre les groupes de lignées cel-
lulaires et la réponse aux médicaments. Ces associations sont retrouvées de maniere
robuste entre les deux ensembles de données. Nous démontrons la pertinence de notre
méthode en analysant deux ensembles de données supplémentaires, utilisant des mesures
de sensibilité distinctes. Nous montrons que notre clustering de lignées cellulaires est
capable de trouver des associations significatives avec l'efficacité des médicaments dans
quatre ensembles de données différents, malgré les grandes variations entre les données
pharmacologiques et les mesures de réponse aux médicaments. Cette étude définit une
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classification moléculaire robuste des lignées cellulaires cancéreuses qui pourraient étre
utilisées pour trouver de nouvelles indications thérapeutiques & des composés connus.

Dans un second travail, nous étudions une cohorte de 16 patients atteints d’un can-
cer du sein triple négatif ayant résisté a la chimiothérapie néoadjuvante (anthracyclines-
taxanes). Cette chimiothérapie néoadjuvante (c’est-a-dire avant la chirurgie) représente
une formidable opportunité pour étudier et surveiller in vivo la sensibilité au traite-
ment des tumeurs. L’observation d’une réponse pathologique complete (pCR) apres la
chimiothérapie néoadjuvante (NAC) est un indicateur fort du bénéfice de la chimiothérapie
sur le pronostic des patients. Malgré leur chimiosensibilité relative, on observe une pCR
dans seulement 30% des patients TNBC traités par NAC en routine. L’observation d’une
maladie résiduelle suivant une chimiothérapie néoadjuvante est au contraire un indica-
teur de mauvais pronostic. L’objectif de cette étude est d’identifier des biomarqueurs
associées a la résistance aux traitements néoadjuvant a partir de données RNAseq et
Whole Exome Sequencing obtenus sur des échantillons avant et apres traitement. Une
classification non supervisée de nos échantillons révele quatre groupes de patients enrichis
pour les génes exprimés dans les modules suivants: ”matrice extracellulaire”, ”lympho-
cytes T, "métabolisme et régulation des niveaux hormonaux” et ”processus du systeme
nerveux”. Cette classification ne permet pas de séparer les différents échantillons avant
apres traitement de chaque patient. Nous constatons une forte variabilité inter-tumorale,
comparé a la variabilité intra-tumorale, indiquant que le traitement néoadjuvant a un
effet relativement faible par rapport a la variabilité entre les patients. Ces résultats
sont corroborés par le petit nombre de genes différentiellement exprimés entre tumeurs
primaires et résidu tumoral. Ces genes sont enrichis dans des processus induisant une
réponse aux médicaments et aux composés organophosphorés ou contenant de la purine,
en accord avec ’exposition des échantillons & I’épirubicine et au cyclophosphamide. Bien
que nous observons une évolution clonale sous traitement, aucun mécanisme récurrent
de résistance n’a pu étre identifié. Nos résultats suggerent que chaque tumeur possede
un profil moléculaire unique et qu’il est important d’étudier de grandes séries de tumeurs
afin de mettre en évidence des profils moléculaire de résistance.

Enfin, nous proposons d’améliorer un outil appelé rMAPS qui est congu pour identi-
fier les sites de liaison des protéines de liaison & I’ARN autour des exons. Nous proposons
d’utiliser une approche innovante pour controler la proportion de faux positifs qui n’est
pas réalisé par l'algorithme existant. De plus ,nous montrons l'efficacité de notre ap-
proche en utilisant deux séries de données différentes.
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General overview

We detail below the structure of the thesis.

e Chapter 1 is an introduction to the relevant concepts that will be used and
developed in the following work.

e Chapter 2 presents a novel analysis of two large scale pharmacogenomic datasets,
the Cancer Cell Line Encyclopedia (CCLE) and the Genomics of Drug Sensitivity
in Cancer (GDSC). This work provides a new analytical method to study cell lines
drug sensitivity. This study was accepted for publication in the journal Scientific
Report.

e Chapter 3 presents our work on the molecular mechanisms underlying treatment-
resistant triple-negative breast cancer. We performed complete DNA and RNA
analyzes on the core biopsy and residual disease of 16 clinically-defined, triple-
negative breast cancers resistant to neoadjuvants, including 6 matched lymph
nodes. Even in a series of homogeneous clinical samples, we observed a large
molecular heterogeneity where few recurrent alterations or biological pathways
can be identified. Further analysis remains to be done before publishing this work.

e Chapter 4 constitutes a methodological contribution to motif enrichment analysis.
In this project, we propose to use an innovative technique to control the proportion
of false discoveries. We demonstrate the relevance of our approach through two
different datasets. Omne of them correspond to the data introduced in chapter 3,
the other is an external collaboration on Ewing’s sarcoma. This contribution will
be released and made available online as an R package.

e Chapter 5 describes our collaborations within RT2 lab.
e Chapter 6 describes our collaborations outside of RT2 lab.

e Chapter 7 discusses our results and gives perspectives to continue and expand
our work.

e For ease of reading, we decided to put important supplementary information at
the end of each chapter. The information we consider less important for the un-
derstanding has been placed in the appendix at the end of the manuscript. The
page number of each additional piece of information has been referenced each time.
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Introduction

In this work, various clinical and biological aspects of cancer and computational biology
are described. This introduction is not intended to be exhaustive. It aims to present
the notions and concepts that we will develop in the manuscript. This thesis occur at
the interface of biology, clinic and data science. We hope that it will allow each one to
understand the stakes of each discipline and to exchange with the same vocabulary.
We will first introduce the topic of cancer, followed by the therapeutic strategies and
pre-clinical models available today. We detail the characteristics of breast cancer and
will explain why the triple-negative subtype is a major issue. Next, we will describe
current high-throughput technologies that accurately characterize the molecular profiles
of each tumor sample and allow to screen a large amount of drugs. We will finally
discuss the statistical and bioinformatics tools that have been developed around the
issues addressed.

1.1 Biology of cancer

1.1.1 Epidemiology

Worldwide in 2012, the number of new cancer cases was estimated at 14.1 million. 8.2
million of people died by cancer the same year (5). It is the second leading cause of death
in developed countries after cardiovascular diseases. Prostate cancer for males and breast
cancer for females are the most abundant cancers followed by lung and colorectal cancers.

Due to the growth and aging of the population and the adoption of lifestyles that are
known to increase cancer risk (smoking, diet, physical inactivity), the number of new
cancer cases is expected to 21.7 million and 13 million cancer deaths in 2030. It is a real
public health issue and better ways of diagnosis and treatment are needed.

Chapter 1 1



1. INTRODUCTION

1.1.2 What is cancer 7

Cancer can be defined as a group of diseases in which a group of abnormal cells develop
uncontrollably by ignoring the normal rules of cell division. Tumor cells differ from nor-
mal cells in many ways that have been introduced by Hanahan and Weinberg (74, 75)
(Figure 1.1).

Cancer cells ignore signals that stop the cellular division. While normal cells are kept
under control by growth factors, cancer cells continue to proliferate in an uncontrolled
manner. During cellular division there is in average 100 errors that are introduced while
copying the DNA sequence. It can be single base exchanges (single nucleotide polymor-
phism, SNPs), small insertion and deletion of one or more nucleotides (indels) or changes
in the number of copies of DNA segment (copy number alterations, CNAs). Normal cells
with damaged DNA sequence are subject to processes of DNA repair or mechanism in-
ducing cell suicide called apoptosis. These processes prevent the propagation of errors in
the genetic code that can lead to malfunction. Malignant cells are able to bypass these
mechanisms, which gives them immortality associated with genome instability.

Cells need energy to sustain division and proliferation. Cancer cells are able to repro-
gramming energy metabolism to support their continuous cell growth and proliferation.
Furthermore, they can induce the development of new blood vessels to keep their oxygen
and nutrient supply. This process is called angiogenesis. The uncontrolled formation of
these vessels contributes to the construction of the tumor microenvironment, which is
closely related and interact constantly with the tumor.

Immune cells at various densities infiltrate nearly all tumor microenvironment This
inflammation can provide molecules to the microenvironment to sustain proliferation,
survival and promote angiogenesis. Immune system normally removes damaged or ab-
normal cells from the body. Cancer cells are able to "hide” from them and avoid immune
destruction.

Finally, cancer cells may spread through the blood or lymph system. They can form
new tumors (called metastases) into other parts of the body where nutrient and space
are not limited. Ultimately, most of tumors will spread and 90% of deaths by cancer are
due to metastases (170).

1.1.3 Cancer is a gene disease

Cancer is a genetic disease. Genetic changes that cause cancer can be inherited from our
parents arise after certain environmental exposure or being the results of error during the
cell division. An erroneous gene sequence will have an impact only if the protein coded
by the gene is produced. Genes are then transcribed in transcripts called pre-messenger
RNAs (pre-mRNAs) in a process called transcription. Before being translated into pro-
teins, several steps are required.

2 Chapter 1
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Figure 1.1: The hallmarks of Cancer defined by Hanahan and Weinberg (75).

pre-mRNAs need to be mature to be translated. RNA splicing removes introns (non
coding sequences) and exons (coding sequences) are joined together. Several mature
mRNAs (isoforms) leading to several proteins can be produced based on a single gene.
This is achieved by selecting the right exons coding for the right protein, in a process
called alternative splicing. Different kinds of alternative events can occur (176). The
most common events in mammalian is exon skipping (or cassette exon) in which an
exon is spliced out or retained of the primary transcript (Figure 1.2). Alternative 5’
or 3’ splice sites change the 3’ (respectively 5’) boundary of the upstream (respectively
downstream) exon. In the mutually exclusive setting, transcripts are formed with one
of two exons, but not both. Finally, when an intron is retained in the mature mRNA, it
is called intron retention. The splicing pattern of specific isoforms of numerous genes is
altered during the oncogenic process, which promotes the emergence of cancer hallmarks.
Mature mRNAs are then translated into proteins, following the central dogma of molecu-
lar biology introduced by Crick (43). If a mutation occurs in a coding region of the gene,
the protein produced may not be fully functional leading to abnormal cellular behavior.

Critical regulatory genes have been linked to the development or progression of cancer
(44). Oncogene refers to a category of genes whose expression promotes the occurrence
of cancers. Their alterations can introduce a novel gene function or make it insensitive
to the regulatory signals. Typically, they encode for proteins, which control cell prolif-
eration or apoptosis. Unlike oncogenes that become hyperactive in cancer cells, tumor
suppressor genes lose their function. The most famous tumor suppressor is TP53 called
the guardian of the genome. Its protein plays a key-role in the integrity of the genome
during the cell cycle and managing DNA repair. Many mutations are present in a cancer

Chapter 1 3
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Figure 1.2: Modes of pre-mRNA splicing from Sveen et al. (176).

genome due to the deficiency in DNA repair. Not all mutations contribute equally to
the tumor development. Thanks to the redundancy of the genetic code, it is most likely
that most do not have any impact. Mutations that actively contribute to oncogenesis
are called drivers, while passengers mutations denote changes in the sequence with no
functional impact on the cell (173).

1.1.4 Intratumor heterogeneity

Many mutations are needed to transform a normal cell into a malignant cell. Indeed, if
one mutation was enough to convert a healthy cell into a cancer cell, we would not be
viable organisms. Cancer cells have to face limits at each step of tumor evolution. Cells
with mutations giving a selective advantage at a given step are growing preferentially
compared to other cells. Cancer cells compete for growth advantage subject to a positive
or negative selection during the tumor lifetime. Cells in a tumor are then not homoge-
neous but rather organized in different clones (82, 118). These clones carry mutations
that have emerged at the beginning of the tumorogenesis and are common to all cells in
the tumor (ancestral mutations). They also carry specific alterations giving new traits
with potential benefits.

The multiple clonal subpopulations of cancer cells are particularly studied to understand
drug resistance. Indeed, the elimination of a dominant clone sensitive to the drug could
allow the competitive emergence of a resistant subclone.

1.2 Treating cancer

Cancer treatments are generally classified into local therapies and systemic therapies.
Local therapy is what is done locally on the tumor. Typical example is the removal of the
tumor and surrounding tissue during surgery. Local treatment can also use high-energy
radiation to shrink tumors and kill cancer cells. Systemic therapy affects the whole body.
They are designed to kill cancer cells that have reached and affected other parts of the

4 Chapter 1



1.2 Treating cancer

body. They are organized as cytotoxic agents (chemotherapies) and targeted agents.

1.2.1 Cytotoxic agents

From a therapeutic point of view, cancer is a disease of cellular communication between
the malignant cells and their environment. We have seen that cancer cells ignore external
signals that stop the cellular division, giving them the ability to proliferate. Cell growth
is intrinsically associated to the cell cycle. Cell cycle is the set of steps leading to the
duplication of the DNA of a cell and its division into two daughter cells. In a simplified
view, the cell cycle starts with the G1-phase where the cell increases in size and prepares
the DNA synthesis. The DNA is replicated during the S-phase. In G2-phase, the cell
continues to grow to prepare for its division into two daughter cells during the mitosis
(Figure 1.3 A). The duration of the cell cycle is the same for malignant and non-malignant
cells. However, the proportion of cells that are in the cell cycle is greater in tumors than
in healthy tissue. This growth fraction is characteristic of tumors and promotes their
development. Cytotoxic agents use this characteristic and target cells that proliferate.

A B

ADN ANTIMETABOLITES

51 PHASE 1

ARN
8
ANTIMETABOLITES
TARGETED THERAPIES
IMMUNE THERAPIES
PROTEIN <

Figure 1.3: Actions of anti-neoplastic agents. A: The cell cycle with the time of actions
of the different cytotoxic agents. B. Cytotoxic drugs targets the DNA except spindle poisons
that target microtubules. Targeted and immune therapies are designed molecules to targets
specific proteins of the cancer cell. Fig inspired from G. Vassal ”Bases Experimentales de

la chimiotherapie” - XXXeéme Cours de chimiotherapies, Gustave Roussy

Different kinds of chemotherapies exist. Alkylating agents generate lesions in the
DNA strand. An alkyl group is attached to the guanine base of DNA conducting the
formation of a covalent bond. These bonds prevent the strands of the double helix from
linking, as they should, cause breakage of the DNA strands. When the lesions are not
repaired, they accumulate until they lead to cell death. Often described as alkylating-
like agents, platinums do not have an alkyl group, nevertheless damage DNA.
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Inhibitors of topoisomerase act on enzymes (topoisomerase I and II) that unravel
the DNA before synthesis and replication. By inhibiting the phase of religation of the
topoisomerase, the DNA is physically blocked leading to the appearance of DNA lesions.
Inhibitors of topoisomerase II are also known as anthracyclines. The antimetabolites
are another class of chemotherapy. They work as decoys. Their structure is close to the
endogenous substances necessary for the synthesis of nucleic acids. They act as compet-
itive inhibitors of enzymes involved in nucleic acids synthesis, which once incorporated
interrupts their synthesis.

Spindle poisons disrupt cell division by blocking the microtubules that move the
chromosomes to the poles of the cell during the mitosis. Vinca alkaloides inhibit the
polymerisation of microtubules, blocking their action. On the contrary, taxanes inhibits
the depolymerisation of microtubules. They reach their maximum size and cannot move.
These drugs are particularly efficient during the mitosis. They differ from other cyto-
toxic agents in that they target proteins (the microtubules) instead of the DNA strand
directly (Figure 1.3 B).

Inhibitors of topoisomerase and antimetabolites act almost exclusively during the
synthesis phase of DNA. Only S-phase cells, at the time of drug exposure, will be sensitive
to treatment. Similarly, spindle poisons are efficient during the mitosis (Figure 1.3 A).
In this case, a longer or continuous exposure to the drug is preferred. By increasing the
exposure of the tumor to the drug, the probability that each of the cells that go into the
cycle is exposed to the drug increases. Platinium and alkylating agents being active at
any time of the cell cycle, they will preferentially be delivered spaced in time.

1.2.2 Molecular targeted therapies

Since few years, a novel class of antineoplastic agents emerges, called targeted therapies.
The novelty is in the way those molecules have been developed. Indeed, we have seen that
cytotoxic agents target DNA, and even the surgeon does a targeted therapy on the tu-
mor during its removal. Molecular targeted therapies have been developed to target one
of the oncogenesis mechanisms defined by Hanahan and Weinberg(74, 75). Most cyto-
toxic agents have been developed following a pragmatic development: once an agent has
been identified to be efficient to kill cancer cells, its mechanism of action is determined
a posteriori. Today, molecular targeted therapies follow a rationale development. The
molecular alteration associated to oncogenesis is first identified, specific agents targeting
this alteration are designed and then, their activity is demonstrated. Our understanding
of targets is essential to give the right treatment to the right patient. Few biomarkers
of response to targeted agents have been validated today. The over-expression of HER2
associated to the sensitivity to anti-Her2 agents (115), and the mutation BRAF V600E
associated to BRAF inhibitors in melanomas (34) are well-known examples. However,
biomarkers for most of the compound are still unknown (149).
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Our understanding of action mechanisms of many targeted agents remains unclear.
If anti-bodies are specific molecules acting only on their targets, inhibitors of tyro-
sine kinase are selective and can inhibit several targets, increasing the toxicity of these
molecules. Moreover, one alteration is not always associated to the same drug response.
Beautiful stories exist, like trastuzumab (anti-HER2) that is efficient to treat breast
and colon cancer that over-expressed HER2 (15), but the biological context may lead
to unexpected behaviours. The association BRAF V600E mutation and vemurafenib
has demonstrated its efficiency to treat melanomas. However, vemurafenib on BRAF
V600E mutated colon cancer, increases EGFR activity, causing the tumor to proliferate
(141). The idea would be then, to combine different targeted molecules, for example
here inhibitor of BRAF and inhibitor of EGFR, to treat those cancers (191).

1.3 Pre-clinical models for cancer research

“All models are wrong but some are useful.”

— George Box, 1979(28)

In this statement, Box explains that simple models are required to facilitate our

understanding of more complex systems. It is almost impossible for a single model to
describe perfectly a real phenomenon, but it can help us explain, predict and understand
phenomena that surround us.
This statement was originally related to statistical models, that are a description of a
phenomenon using mathematical concepts, but it is also true in biology. Biological mod-
els are needed to study mechanisms of tumorogenesis and to find new therapeutic targets.
Furthermore, if clinical trials are the only real way to assess drug efficacy and toxicity,
they are inadequate for testing the hundreds of drugs currently being developed(181).

1.3.1 In vivo models

Different kind of models has been developed to study the different aspects of cancer
biology that cannot be explored in people. They are classified as in vivo and in vitro
models. Derived mouse models are the most common in vivo models used in oncology.
Genetically Modified Mice (GEMs) are mice in which the function of a cancer gene
is modified to cause the onset of a given cancer. These models are well suited for
studying tumor initiation and progression. As an alternative, tumor cells can be directly
transplanted into immunodeficient mice. The so-called xenograft tumor model, frequently
retain the cell differentiation, morphology, architecture, vasculature, peripheral growth
and molecular features of the original tumor from the patient (112). They provide
unparalleled opportunities for testing drug sensitivity. However, mice models remains
expensive and time-consuming, and engraftment success rates depend on the type of
tumor.
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1.3.2 In vitro models

Cancer cell lines are isolated cells from patient’s tumor that are cultured in petri dishes
with nutrients. Cellular division enables to collect almost indefinitely replicates of cells.
Most of the cell lines are commercially available allowing scientists to work on the same
cells everywhere in the world. This in vitro model is the most widely used for oncology
research because it is easy to produce and maintain. Cancer cell lines demonstrated
similar drug response characteristics to those of the primary tumor of origin, such as
the BRAF-V600E mutated melanomas sensitive to vemurafenib or HER2 amplifica-
tion/overexpression conferring sensitivity to lapatinib (16, 34, 63, 97). They have also
demonstrated their reliability to predict drug response in several clinical trials (56, 65).

However, even if some studies demonstrated similarity between cell lines and primary
tumors (110), others highlighted their genomic divergences compare to tumor samples.
For example, Domcke et al (52) analyzed the DNA sequences and transcriptomic profiles
of commonly used ovarian cancer cell lines and high-grade serous ovarian cancer tumor
samples. They distinguish between ‘the good, the bad and the ugly’ cell line models
according to the number of significant differences with tumor samples. Further, the
environment of a petri dish is very different from that of a living organism. The tumor
microenvironment is completely absent in cancer cell lines (75), and cells do not have
any interactions with other cells (like immune cells). Because these two elements play
a key role in the way the tumor responds to antineoplastic agents (119), this is viewed
as a limitation. Finally, poor correlations between pharmacological data established on
cancer cell lines has been reported leading the authors to make a plea for standardization
of pharmacological assays (72, 77).

1.4 Breast cancer

1.4.1 Epidemiology

Breast cancer is the first cancer diagnosed in woman worldwide with 1.7 million new
cases diagnosed in 2012. It is the leading cause of death by cancer in woman with 521
900 deaths in 2012 (5). In France, it is the most frequent cancer in woman followed by
colorectal and lung cancer. The number of new cases that doubled between 1980 and 2000
with 48 763 new cases diagnosed in 2012. 11 886 deaths have been recorded the same
year. Conversely, since 1990 mortality has been decreasing steadily and significantly,
with a rate of -1.5% per year between 2005 and 2012 (126) due to earlier diagnosis and
improvement in therapeutic strategies.

1.4.2 Factors associated with breast cancer risk

There are a number of risk factors for breast cancer although there are still uncertainties
about the involvement and weight of many of them. Nevertheless, knowledge of these
risk factors allows the implementation of adapted measures and targeted screening.
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- Age is the most important risk factor for breast cancer. The incidence increases
with age, the disease is rare under 30 years and increases between 45 and 70 years, then
decrease gradually.

- Family and genetic factors: In about 5 to 10% of cases there is a genetic predispo-
sition to breast cancer. T'wo breast cancer predisposition genes have been characterized:
BRCA1 and BRCA2. These genes are tumor suppressor involved in maintaining DNA
integrity and genomic stability (194). They are essential for cell division and DNA
replication error control (187). Those women present a lifetime risk of breast cancer of
45%-65%. A prophylactic (preventive) mastectomy may be proposed, studies demon-
strating that it reduces their risk of breast cancer by 90% (5).

- Women who have started menstruating early (before age 12) and or went through
menopause later (after age 55) have an increased relative risk (around 1.05 (73)). The
breast is fully developed after the first full-term pregnancy. By increasing the age of first
childbirths, the period of breast exposure to carcinogens is increased. Finally, breast-
feeding could reduce the risk of breast cancer by 4% for every 12 months of activity,
according to a review of 47 studies on 30 countries (21).

- Obesity, diet, tobacco and alcohol are other factors that are associated with breast
cancer risk.

Except age and genetic, the relative risk associated to these factors are mostly be-
tween 1 and 2. They constitute very small risk factors. In comparison, people who smoke
cigarettes are 15 to 30 times more likely to get lung cancer or die from lung cancer than
people who do not smoke (137). It is reasonable to think that we will not be able to
prevent the future 50 000, and certainly more, new cases diagnosed each year. Improving
the management and treatments of these new cases appears then as a real public health
issue.

1.4.3 Breast anatomy

The breast is an exocrine gland composed of a mass, an areola and a nipple (Figure
1.4 A). The mammary gland consists of 2 cell compartments: the mesenchymal com-
partment, perfused by blood vessels and nerves, and the epithelial compartment which
is articulated around a network of galactophoric ducts and lobules containing the alve-
oli. Blood and lymphatic vessels circulate in the connective and adipose (fatty) tissues.
Drainage by the lymphatic vessels takes place towards the internal mammary chain,
the axillary and supraclavicular lymph nodes. The architecture of the mammary gland
evolves throughout life, depending on the age and stage of reproductive life and is con-
structed under the influence of ovarian sex hormones (estrogens and progesterone).
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Figure 1.4: Breast anatomy. A) Schematic representation of a breast in section. B)
Sentinel lymph node is the first ”downstream” node of cancer in the lymphatic circulatory

system. It is the entrance door to the spread of cancer cells into the body.

1.4.4 Clinical characteristics

To describe tumors severity and aggressiveness, pathologists commonly classified tumors
according to stage, grade and histological type. These information are then used to guide
the treatment.

Stage refers to the extent of the cancer and whether it has spread or not. Most stag-
ing systems include information about the size of the tumor, whether the lymph nodes
are involved (Figure 1.4 B) (and how many lymph nodes are involved), and whether
the cancer has spread to other parts of the body. The staging goes from 0 to IV with
increasing stage corresponding to increasing tumor size and spread.

The grade quantifies how much the tumor cells are differentiated. It is based on the
appearance of cancer cells, the shape of the nucleus and the number of cells in division.
Combining these three characteristics, tumors are assigned a grade of 1 to 3. From tu-
mors with well differentiated cells, weakly proliferating, to less differentiated cells with
many mitoses.

The first classification of breast cancer is based on histological type. The two most
common histological types of breast cancer are ductal and lobular carcinomas. Ductal
means that the cancer start in the milk ducts, that carry milk from the milk-producing
lobules to the nipple, and spread to the surrounding breast tissues. Lobular means
that the cancer began in the milk-producing lobules. Ductal carcinoma in situ (DCIS)
accounts for 80-85% while lobular carcinoma in situ constitutes 5% of all in situ tumors.
In the invasive case, 75% of breast cancers are invasive ductal carcinoma (IDC) and 15%
are lobular (ILC). Others invasive cases are a collection of several histological variants,
each of which accounts for no more than 2% of all invasive cases (138).
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1.4.5 Molecular subtypes of breast cancer

High-throughput technologies have highlighted the great heterogeneity of breast cancer.
Today, breast cancer is considered as different diseases sharing the same anatomical lo-
calization. Studies such as those from Perou (136) and Sorlie (169) have shown that on
the basis of expression profile, it was possible to identify different subgroups of breast
cancers with their own pathological and genomic features, that are different in terms
of clinical presentation (lymph nodes invasion, local and regional recurrence, localiza-
tion of metastases) (Figure 1.5). Since then, many classifications have been proposed
(46, 195, 195) but breast cancers are generally classified in four distinct molecular pro-
files: luminal A, luminal B, HER24+ (Human Epidermal Growth Factor Receptor 2),
Basal-like and Normal-like. The majority of breast cancer belongs to the luminals (65-
75%), followed by the basal-like (10-15%) and the HER2+ (6-10%) (138).

A Norway/Stanford data—set B van't Veer data—set
14 1
0.8 0.8 | ‘
iau | P<0.01
= 2
£ 0.6 £ 0.6 P<0.01
[ ®
Q
S 04 X x X S 04 X . x
o @
0.2 0.2
0 0
0 24 48 72 96 0 24 48 72 96 120 144 168 192
Overall Survival (months) Time to distant metastasis (months)
X Censored, == _uminal A, Luminal B,

mmm Basal, msm ERBB2+

Figure 1.5: Breast cancer subtypes significantly differs in outcome. A) Overall
survival for 72 patients with locally advanced breast cancer. (B) Time to development of
distant metastasis in the 97 sporadic cases. ERBB2+ denote HER2+ subtype. Figure from
Sorlie et al. (168)

Luminals A and B subtypes are defined by an expression of estrogen (ER) and/or
progesterone receptor (PR) and no expression for HER2. They are called ”luminals”
because they share some similarities with luminal cell-lineage gene expression profile.
They are the most frequent subtypes (65-75%). Luminals A over expressed cyclin D1
and have PIK3CA mutations. They are characterized by a low proliferation rate (Ki-67
low), are mostly low grade at diagnosis with a relatively good prognosis. Luminals B
have a higher expression of proliferative genes and mutations in TP53 and PIK3CA.
They are diagnosed with a higher grade compared to luminals A, which is associated
with a poorer prognostic. However, luminal tumors are most commonly of low-grade and
are associated with an early stage at diagnosis. Both subtypes are particularly sensitive
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to targeted hormonal therapy and are associated with a good prognosis (33, 168).

Aggressive tumors are divided in two major subtypes. First are the HER2+ tumors
(15-20% of cases) that are characterized by an amplification and overexpression of HER2
tyrosine kinase receptor gene. Their development is very aggressive. HER2+ cancer used
to be one of the most lethal cancers. The introduction of the HER2-targeted monoclonal
antibody-based treatment (trastuzumab) in early 2000s was considered "not evolution-
ary but revolutionary” (86). This targeted therapy has reversed the survival curve of
these women. Further, new molecules that conjugate antibody and chemotherapy, like
T-DM1 (68), dramatically help to control and even cure the disease.

Basal-like are defined as ER negative and HER2 negative. They highly express
basal keratins genes and EGFR. Most of them are mutated TP53 with complex genomic
rearrangements. Basal-like tumors are most commonly high-grade at diagnosis. They
are particularly aggressive with high recurrence rate and a poor prognosis. Today, no
targeted therapy exists for this subtype. Basal-like and Triple Negative subtypes are
closely related, see section 1.5 for further description.

1.5 Triple negative breast cancer

The term ”triple negative” breast cancer (TNBC) is an immunohistochemical definition
corresponding to the absence of estrogen receptor and progesterone expression and the
absence of HER2 receptor expression. In France, the thresholds of negativity retained
are less than 10% of cells labeled for hormone receptors. Although TNBCs account for
approximately 15% of all cases of breast cancer, there are associated with high recurrence
rate and short survival duration (17?7 ). Moreover, TNBC tumors are generally larger,
are of higher grade, have lymph node involvement at diagnosis, and are biologically more
aggressive (71). Beyond the aggressive nature of the disease, this type of tumor presents
a heterogeneous clinical behavior that can explain its poor prognosis.

1.5.1 Triple negative breast cancer a heterogeneous disease

Histological classification.

The vast majority of TNBCs are classified histologically as invasive ductal carcinomas.
Other subtypes have been described. Among them, the invasive lobular carcinoma rep-
resent 1 or 2% of the cases and other rare subtypes are found in less than 1% of all cases
of TNBCs (Secretory carcinoma, typical medullary carcinoma, atypical medullary car-
cinoma, apocrine carcinoma). Some are of specific interest since they are less aggressive
and only capable of local recurrence (adenoid cystic carcinoma, spindle- cell metaplastic
carcinomas and adenosquamous carcinoma) (Figure 1.6).

Molecular classification.

The first molecular characterization of breast cancer have identified different ”intrinsic”
subtypes, among them the so-called "basal-like” subtype (BLBC) (136, 169). These
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Figure 1.6: The heterogeneous histological landscape of triple-negative breast
cancer. Some examples of TNBC histological subtypes. The most common a) Invasive
ductal carcinoma (95%), and two examples of rare subtypes b) Adenoid cystic carcinoma
(< 1%) and ¢) Metaplastic Carcinoma (< 1%)

tumors do not expressed ER, PR and HER2 but express some characteristic genes of
normal basal cells such as CK5/6, CK14, CK17 and EGFR (146). BLBC tumors are
often assimilated to TNBCs but these two groups are not synonymous (147). Indeed,
more than 90% of BLBCs are TNBCs while BLBC represents the most frequent subtype
of TNBC (55-81%) (142).

Lehmann et al were among the first to publish a study trying to better dissect the
TNBC-specific heterogeneity(100). Through the analysis of 21 public sets of expression
data, and 587 TN tumors, this study identified 6 molecular subtypes of TNBC : two
basal-like-related subgroups (basal-like 1 (BL1) and 2 (BL2)), two mesenchymal-related
sub- groups (mesenchymal (M) and mesenchymal stem-like (MSL)), one immunomodu-
latory subgroup (IM) and one luminal androgen receptor group (LAR). Each of these
subtypes has specific molecular abnormalities. The BL1 and BL2 subgroups are both
enriched in proliferation genes. BL1s also express genes involved in DNA repair whereas
the BL2 subgroup expresses genes involved in growth signaling pathways. The M sub-
group is enriched with genes involved in cell mobility and the epithelial-mesenchymal
transition. The MSL subgroup has an expression profile close to the M subgroup and
is enriched in genes involved in angiogenesis and in some immune response signaling
pathways. The IM subgroup is enriched with genes involved in the immune response
and lymphocyte infiltration. Finally, the LAR subgroup that represents about 10% of
the TNBCs, shares many common genetically features with luminal-like ER-positive
breast cancer. Furthermore, it expresses the androgen receptor (AR) in the presence of
a luminal- like expression signature and thus, might be treated with agents that target
AR.

The clinical relevance of this classification was evaluated in a retrospective analysis of
130 patients with TNBC treated with chemotherapy before surgery. The authors show
that different responses can be observed according to their TNBCs subtypes. Patients
with BL1 tumors achieve the highest pathological complete response (pCR, see below
for a detail definition) rate (52%) and patients with tumors classified as BL2, LAR and
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MSL have the lowest response rates (0%, 10% and 23%, respectively).

Curtis et al published in 2012 a novel breast cancer classification based on the analysis
on 2000 breast tumors (METABRIC dataset) (46). They define 10 integrative clusters
(IntClust) of breast cancer based on an integrative analysis of genomic and transcrip-
tomic data. The BLBCs are spread among the different subgroups but 80% of them are
present in IntClust 4 and 10. IntClust 10 subtype is characterized by a high genomic
instability with loss of chromosome 5 and gain in 8q, 10p or 12p. IntClust 4 have ex-
tensive lymphocytic infiltration with a strong immune and inflammatory signature and
few copy-number aberrations. Patient from IntClust 4 have a better prognosis demon-
strating the clinical relevance of this classification.

Despite this new evidence that TNBCs are histologically, genetically and clinically
heterogeneous, TNBCs are considered as a single clinical entity and uniformly treated
with chemotherapy.

1.5.2 Potentially actionable molecular alterations in TNBC

The emergence of massive parallel sequencing and large-scale project as TCGA (183) or
METABRIC (46) allowed establishing the molecular profile of numerous TNBCs (129,
159). TNBC subtype is not a cancer subtype with a high mutation burden. Around
60 somatic mutations are present in each tumor in average (1.68 somatic mutations per
Mb of coding regions). Only TP53 mutations are found at a high frequency in TNBC
(60-70% of mutations). The next most commonly mutated gene in TNBC is PI3BKCA
globally mutated in around 10% of tumors (129, 183). All other mutations occur at a
low (1-5%) to very low frequency (<1%) in TNBC (MLL3, CDH1, PTEN, RB1, NF1,
FOXA1, ERBB2, KRAS, HRAS) (140).

Some TNBC shares similarities with BRCA1 and BRCA2 mutated breast cancers
(107, 187). This phenotype is often called “BRCAness” and is characterized by a basal-
like phenotype, ER-negativity, EGFR overexpression, MYC amplification, TP53 muta-
tions, extreme genomic instability and sensitivity to DNA-crosslinking agents. If BRCA1
mutations are rare (less than 5%) in breast cancer, it occurs in around 10% of TNBCs
(159, 183). Furthermore, germline mutations in BRCA1/2 are associated with patho-
logical high-grade cancers and increase the risk to develop a breast cancer by 5 (12% of
women in the general population, 55 to 65% of women with harmful BRCA1 mutation)
(87).

Multiple amplifications (PIK3CA, KRAS, BRAF, EGFR, FGFR1, FGFR2, IGFR1,
KIT or MET) and deletions (PTEN) have been reported in TNBCs at different frequen-
cies (1-40%) (46, 183). Several pathways are affected by multiple alterations at different
levels (DNA repair pathway, PI3K/mTOR pathway, RAS/RAF/MEK pathway, Cell-
cycle checkpoints,JAK/STAT pathway, AR pathway Notch pathway, JNK/AP-1 path-
way, HIF1-a/ARNT network) (14, 129, 159).

If, no protocol involving these alterations has yet been shown to be clinically effec-
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tive, they provide evidence of the substantial clonality and intratumors heterogeneity of
TNBC that could lead to the development of resistance to therapies (205).

1.6 Drug-resistance of breast cancer

1.6.1 How to define drug-resistant breast cancers

Evaluation of drug efficiency in breast cancer is a not an easy task. In most cases, oncol-
ogists choose the right treatment that is highly effective, at least at first. But sometimes,
patient’s tumor can stop responding after a variable period. Treatment may also Kkill
most of the cancer cells, leading the patient to go into remission and a few period later
cancer can return and no longer responds to treatment. The difficulty in breast cancer
comes from this relapse-free period that varies considerably across subtypes. Colleoni et
al (39) analyzed 4,105 patients with 24 years of follow-up between 1978 and 1985. They
report that most local recurrences occur for all patients within the first 5 years after
diagnosis. The annualized hazard is of 10.4% with a peak of 15.2% during the first two
years. ER negative patients have a higher risk of relapse during this period compare to
ER positive patients. After 5 years, patients with ER positive breast cancer have a sig-
nificant higher risk of relapse even after 24 years of follow-up, compared to ER negative
patients. The authors also denote an improvement in breast cancer relapse-free survival
rate and suggest that it is probably related to modern adjuvant treatment. Though the
relapse hazard reduces with time (5 to 10 years : 5.4% for ER+ and 3.3% for ER- ; 20 to
24 years: 1.3% for ER+ and 1.4% for ER-), the study highlights the difficulty to clearly
define that a tumor has resisted to the treatment or not on such a period. Further, the
evolution of antineoplastic treatments since 1985, has probably lead today, to a longer
risk period for those patients.

1.6.2 The contribution of neoadjuvant chemotherapy

Neoadjuvant chemotherapy (NAC) consists to administer cytotoxic treatment before
surgery (in comparison to adjuvant therapy that is after surgery). It was originally used
in locally advanced inoperable disease in order to achieve surgical resection. Today, NAC
becomes more and more a standard of care for TNBCs. The objective is to reduce the
tumor volume, thus increasing the possibility of breast conservation. At the same time,
NAC allows a direct identification of in vivo tumor sensitivity to different agents. NAC
has demonstrated higher response rate in TNBCs compared to any other breast cancer
subtype (41, 199) and studies have shown strong correlation of breast cancer responses
to NAC with survival and prognosis (197, 198).

The efficacy of NAC is quantified by the pathological complete response evaluated on
surgical specimen. No standardized definition for pCR exists. Some studies have applied
the pCR definition to the breast tumor only, whereas others have included the axillary
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nodes. The pooled analysis by Cortazar et al.(41) retrieves three major definitions
commonly used in a review of 12 international neoadjuvant trials:

e Absence of invasive cancer and in-situ cancer in the breast and axillary nodes

e Absence of invasive cancer in the breast and axillary nodes, irrespective of ductal
carcinoma in situ

e Absence of invasive cancer in the breast irrespective of ductal carcinoma in situ or
nodal involvement

Although standardization of the definition of pCR is necessary, several studies have
shown that patients with pCR tend to have improved disease-free and overall survival
compared with patients with residual disease (177).

Approximately 30% of patients with early-stage breast cancer treated with stan-
dard neoadjuvant anthracycline and taxane-based chemotherapy achieve a pathologic
complete response after treatment. For patients that do not fully respond to NAC the
prognosis is really poor with high rates of metastatic recurrence (41, 104). NAC appears
then as a very important tool to assess tumor response to a given treatment and speed
up decision-making for adjuvant therapy.

Since chemotherapy is done before surgery, NAC makes it possible to obtain tumor
material which has undergone treatment without additional constraint for the patient.
High-throughput technology evolution enables to identify molecular alterations present
in the residual disease. Justin Balko et al (14) molecularly profiled residual disease after
NAC of 74 TNBCs. This analysis provides insight on how diverse posttreatment tumors
are. Most of the alterations detected were present in less than 5% of the samples. Only
three genes were found altered in more than 30% of the samples: mutation in TP53
(89%) and MCL1 (54%) and MYC gene amplification (35%). These results suggest that
most of the tumors after NAC do not have the same mutational profile. However, when
alterations were categorized into functional pathways, 90% of the tumors contained
a genetic alteration potentially treatable with a currently available targeted therapy
(Figure 1.7). Several alterations present in the residual disease were associated to patient
outcome. Among them, only PTEN alteration was associated to a good overall survival.
BRCA1 mutation and gene amplification of JAK2 and MYC demonstrated a trend
toward bad overall survival.

Given the heterogeneity of TNBC, personalized treatment represents a hope to treat
the 70% of patients with a residual disease.

1.6.3 Mechanisms of resistance

Research over the past decades has uncovered several general mechanisms of drug resis-
tance. Most of them have been recently nicely reviewed (27, 84, 119, 132). In the next
subsection we will introduce some of these findings linked with TNBC chemoresistance
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Figure 1.7: Alterations in pathways found in 81 TNNBCs residual disease by Balko
et al (14)

and summarized in Figure 1.8.

Drug resistance can be mediated by factors that pre-exist before receiving any treat-
ment (intrinsic resistance). But treatments themselves can also act as a selective pressure
that drives cancer cells to evolve. Thanks to their genome instability, malignant cells
can set up adaptive responses and activate alternative compensatory signaling pathways
(109).

One way of preventing the compound from having time to act, is to rapidly move it
out of the cell. This process, called drug efflux, reduces the concentration of the drug
in the cell and its toxic effect. The cell undergoes fewer lesions on the DNA that cell
can repair to survive. Transmembrane proteins such as MDR1, MRP1 or BCRP act as
pumps that reject cytotoxic molecules (such as taxanes, topoisomerase inhibitors, and
antimetabolites) outside the cell.

B-Tubulin is a structural protein participating together with a-tubulin in the formation
of microtubules. It has been demonstrated that when class III S-tubulin is incorporated,
microtubule networks are impossible to block leading to chemoresistance. High level of
class III S-tubulin expression was linked to taxane based drug-resistance like paclitaxel.
DNA damages normally induce cell cycle arrest either to direct repair the damages, ei-
ther to activate cell death. Cancer cells may bypass these control mechanisms due to
oncogenes or tumor suppressor genes alterations. P53 proteins regulate G1/S cell cycle
checkpoint. When TP53 gene is mutated, the cell will not carry out any checks and
continue the cycle. MLH1 and MSH2 genes are part of the mismatch repair system
that is crucial for maintaining genomic integrity. Alterations of these genes may lead to
topoisomerase inhibitors resistance.

Many anti-neoplastic agents exert their cytotoxic effects by inducing apoptosis. Defects
in apoptosis mechanisms may confer chemoresistance to tumor cells. The role of BCL-2
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protein family in maintaining the balance between cell survival and apoptosis and the
one of caspase-3 in the onset of apoptosis have been extensively studied and linked with
chemoresistance.

Some antimetabolites are administered in an inactive form and need to be metabolized
by the organism to be active. Since the cytotoxicity of these ”prodrugs” is low prior to
activation, there is a much lower risk for healthy cells, which reduces the associated side
effects. Cancer cells may inactivate the metabolic process needed by the prodrug making
it inefficient. Cancer cells with overexpression of ALDH1A1 and ALDH3A1 were found
less sensitive to alkylating agents.

The tumor microenvironment plays a major role in drug resistance (119). The anarchic
vascularization of the microenvironment prevents cytotoxic agents from penetrating tu-
mors. Further, changes in tissue architecture, cell-cell adhesion, integrin expression, and
extra-cellular matrix organization have been demonstrated to induce drug-resistance.
Finally, the genome instability of tumor cells creates different subpopulations of cells
inside the tumor. Therapeutic pressure may lead to select the resistant subclones while
those that are sensitive are eliminated.
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Figure 1.8: Mechanisms of Chemoresistance in TNBC. (A) Drug efflux transports
the drug out of the cell (B) Overexpression of beta-tubulin III subunit blocks taxanes effect
(C) Dysfunction of DNA repair induces several drug resistance (D) Alterations in genes
involved in apoptosis prevent chemotherapy-induced apoptosis (E) Alteration of metabolic

process required for prodrug activation. Figure from O’Reilly et al. (132)
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1.7 Experimental high-throughput technologies for cancer

research

Molecular biology has known an unprecedented revolution over the last decades. Emer-
gence of high throughput assays provided huge amount of data that biologist alone
cannot analyzed. Technologies are now available to measure not one but thousands data
point at a time producing several gigabytes of data. In addition, several levels of com-
plexity can now be analyzed from tumor cells : changes in the DNA sequence, level of
gene expression, epigenetic modifications or identity of proteins produced by cancer cells
with their quantity associated.

1.7.1 Microarrays

The high-throughput revolution starts with the introduction of microarrays in 1995.
They make it possible to quantify the mRNA expression of the whole genome on a simple
surface of glass or plastic. They rely on single-strand oligonucleotides called probes
chosen to be specific to a transcript. They are amplified and fixed on a miniature solid
support. The RNA is extracted from a tumor sample, labeled with a fluorochrome and
hybridized on the chip. After the fluorochrome has been stimulated at the appropriate
wave length, the signal intensity of the fluorescence light allow quantifying the expression
levels of targets which attached to the probe.

One major drawback of this technology is that we quantify only the transcripts designed
as probes according to our current knowledge. It is then impossible to discover novel
transcripts. Further, its signal level limits fluorescence technology. Genes that are
low expressed in a sample could not be distinguished from background chip level, and
overexpressed genes may lead to signal saturation limiting their exact quantification.

1.7.2 High-Throughput Sequencing

Next generation sequencing (NGS) is a set of technologies that allow scientists to se-
quence DNA and RNA much faster and cheaper than Sanger sequencing. We will focus
here on the Illumina technology that was used to generate the data analyzed in the
thesis.

1.7.2.1 General principles

The DNA extracted from a sample is broken up into small fragments and short sequences
of DNA, called adaptors, are attached. These adaptors are used to anchor the fragment
on one end of the flow cell (Figure 1.9 A). The DNA attached to the flowcell is then
replicated to form small clusters of DNA with the same sequence - forward and reverse
strands. When sequenced, each cluster of DNA molecules will emit a signal that is
strong enough to be detected by a camera (Figure 1.9 B). To sequence these clusters,
several cycles of 4 fluorescently tagged nucleotides compete for addition to the growing
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chain. Only one is incorporated based on the sequence of the template. After the addi-
tion of each nucleotide, unused reactants are washed away and clusters are excited by a
light source. A characteristic signal is emitted, detected by a camera and recorded on
a computer. Each of the nucleotide (A, T, C and G) gives off a different color. The
fluorescently-labeled terminator group is then removed from the incorporated base and
the cycle is repeated until the full DNA is sequenced (Figure 1.9 C). This is what is called
sequencing by synthesis. All identical strands are read simultaneously and hundreds of
millions of clusters are sequenced in a massively parallel process.

The sequences obtained are small fragments of the genome (reads) that need to be
aligned along a reference genome to be analyzed.

1.7.2.2 DNA sequencing

DNA can be sequenced either at the whole genome scale (whole genome sequencing
WGS) to determined the complete DNA sequence of an organism’s genome, either at
the whole exome scale (whole exome sequencing WES). WES consists in the capture,
sequencing and analysis of all exons in the human genome. It allows identifying muta-
tions that potentially alter proteins at a much lower cost than WGS since we sequence
only regions which are translated into functional proteins.

DNA sequencing allows discovering mutations and polymorphism. After the reads
have been mapped along the genome, variant caller software look for positions where
the reads sequenced differs from the reference. Genes can mutate in either a somatic
or germinal tissue. Germline mutations occur in germ cells that can be transmitted to
the next generation of the individual. Somatic or acquired mutations does not affect the
reproductive cells but can occur in any other type of cell and cause cancer.

DNA next-generation sequencing also allows quantifying DNA copy number and
identifies loss of heterozygosity (LOH). Copy number variation is difficult to perform on
whole exome sequencing since the probability that a breakpoint occurs within a gene is
low. However recent publication overcome this limitation (161).

1.7.2.3 RNA sequencing

General principles of RNA and DNA sequencing are the same. However, additional steps
are needed to convert the RNA to DNA through reverse transcription. The complemen-
tary DNA (cDNA) produced is then sequenced as regular DNA. RNA-seq reads are
then aligned to a reference and the number of reads that fall into a given gene or exon,
quantifies its level of expression. Compared to microarrays, RNA sequencing does not
need to design any probes since transcripts are directly sequenced. The gene expression
level is estimated by counting data rather than fluorescent signals. The estimation is
then much more precise without saturation. RNA-seq enables researchers to perform
different kinds of analyses at the gene or transcript level. Comparing the number of
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Figure 1.9: Cluster generation and sequencing on the Illumina platform. DNA
fragments are digested to small fragments, and adapters are attached. These adapters will
then be used to anchor the fragment on one end of the flow cell. Bridge amplification generate
cluster of identical sequences being localized in the neighborhood of the first fragment, due
to the anchoring. At each cycle, 4 uniquely chromophore compete for addition to the
growing chain. Once added, the fluorescence signal of the incorporated base is recorded.
The delocking step allows the incorporated nucleotide to bind to another nucleotide and the
cycle is repeated until the full DNA molecule is sequenced. Figure from Coonrod et al. (40)

reads that fall into a given exon between two conditions can then identify alternative
splicing events.
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1.7.3 High-Throughput Screening

High-throughput screening (HTS) is a process of testing numerous drugs against many
cancer cell lines (114, 179). It has become a standard method to accelerate the identi-
fication of new drugs, by screening large libraries composed of hundreds (or thousands)
of drugs candidates. HTS can provide the results in few days or weeks. Researchers
and industrials, need to test very large numbers of compounds in a time and cost effi-
cient way, given the high number of drugs currently being developed (181) and all the
combination possibilities. Thanks to the miniaturization and automation, HT'S reduces
reagent use and the time an employee spends doing repetitive tasks. Costs but also
human errors are then reduced. Cellular microarrays are solid support (plates) of 96 or
384 wells in which cancer cell lines and compounds are displayed. Response to differ-
ent compounds or to the same compounds at different concentrations can be analyzed.
HTS is a two-step procedure. First, the whole library is tested in primary screens with
high dose to identify compounds that are efficient to kill the cancer cell lines treated.
Those "hits” are then more precisely tested in a second screening using classically 8 to
10 doses serially diluted. The dose-response curve and the concentration at which the
drug inhibited 50% of maximal cell growth (IC5) are classically computed.

In wvitro screening of large compound libraries has become an essential tool for drug
development. The assessment of drug toxicity or identification of inefficient compounds
early in the development process of novel agents, enables to reduce the high attrition
rate of these procedures. Further, it is the first step before exposing novel agents to
animals and performed human trials.

Large-scale pharmacogenomics studies proposed to couple HT'S with high-throughput
molecular characterization of cancer cell lines. Statistical methods or machine-learning
algorithms are then applied to find biomarkers or companion test associated to drug
sensitivity. The identification of these biomarkers is a very difficult task. Collabora-
tive effort organized by the Dialogue on Reverse Engineering Assessment and Methods
(DREAM) project have tried to solve this issue. In 2012, they proposed to the scien-
tific community to build models capable of ranking the sensitivity of 18 breast cancer
cell lines to 31 compounds (42). Participants had access to exome sequencing, RNA
sequencing, methylation and proteomic data to train their model and do their predic-
tions. Teams were scored based on a modified version of the concordance index, scaled
between [0,1] (0 means not any predictions were correct, 1 means all predictions were
correct). A total of 44 drug sensitivity prediction algorithms were analyzed. The best
team reached a prediction score equal to 0.583. Few years later in 2016, they launched
the AstraZeneca-Sanger Drug Combination Prediction DREAM Challenge. Here, par-
ticipants had to predict the response of 85 cancer cell lines (primarily colon, lung, and
breast) to combinations of 118 drugs (53). Molecular data (mutations, methylation, copy
number, gene expression) as well as monotherapy were available to achieve the challenge.
The score used to discriminate participants was a weighted mean of the Pearson corre-
lation across all drug combinations. Among the 90 teams participating, the first ranked
team achieved a score of 0.49. Results from the Dream challenges are almost as good
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as random which illustrate the difficulties associated to this kind of study, either in the
way we used the data, either in the information present in the data.

1.8 Computational biology

High-throughput technologies produce very large matrices of numbers that are hard to
interpret. The goal of computational biology is to develop statistical methods and algo-
rithms to give a biological sense to these numbers. The data normalization constitutes
the first step of an analysis. It corrects for technical variations introduced during the
production of the data and preserves the biological information. This step is crucial so
that analyzes are not polluted by signals without biological information that could lead
to wrong conclusions. Once data have been cleaned (further quality controls may be
needed), samples can be compared.

During my PhD, I have mostly studied transcriptomic data. However, one of my
projects described in chapter 3 combines whole exome and RNA sequencing. I was able
to apprehend some concepts of variants detection and copy number analysis based on
WES. In this section we will introduced some of the methods used to analyze these so-
called ”-omics” data . We have chosen not to detailed all the existing methods of analysis
in order to spare the reader. We preferred to present the methods we used to solve a
given problem. We will first present the methods available to study transcriptomic data
followed by those dedicated to WES data. We will also discuss the statistical problems
associated with the emergence of these high-throughput data.

1.8.1 Unsupervised clustering

Transcriptomic data provides gene expression profile of thousands of genes (or tran-
scripts) for a set of tumor samples. Given the heterogeneity of the tumors, it is in-
teresting to group the tumor samples based on similarity in their overall expression
patterns. Unsupervised clustering organizes the samples by calculating similarity of
their molecular profile. We expect that samples with similar transcriptomic profiles
have similar clinical and biological properties. Hierarchical clustering with Pearson cor-
relation has been widely used to discover novel cancer subtypes and highlight cancer
heterogeneity(136, 169). Classically, gene clustering is also performed to identify co-
expressed genes. These genes are susceptible to be regulated by the same transcriptional
factors or be part of the same signaling pathway.

Before applying any clustering algorithm, we have to filter the data. It is obvious
that not all the 22,000 genes of our organism are linked to cancer processes. This space
needs to be reduced in order to keep only the most relevant features based on which
clusters with biological or therapeutic relevance can be built. When comparing different
samples, it is expected that the expression of some genes will differ according to the
sample population they belong to. A common practice is then to focus on the genes that
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have a large variance across the tumor samples.

Fundamental issue when performing clustering analysis, is how to define the number
of clusters. Monti et al (121) have proposed to perform multiple runs of the algorithm by
subsampling items (samples or genes) at each iteration. If two items are really similar,
they should stay together whatever the subset of items used. The number of time two
items are clustered together, adjusted by the number of time they are in the same
subsample, is then computed for a given set of cluster k. The number of cluster can
then be chosen based on the k giving the highest pairwise consensus values.

1.8.2 Differential gene expression analysis

In comparative transcriptomic, one of the most basic questions is to identify genes that
are downregulated or upregulated between several populations. The easiest way to do
that is to use classical statistical tests or linear modeling to determine whether the gene
expression is statistically different between groups. However, in many transcriptomic
analyses we do not have enough observations to reliably estimate the gene variance. It
has been proposed to use all other genes whose expression has been quantified, to in-
crease the precision of this estimate. The very popular R package limma (150) proposed
to "moderate the standard errors across genes” thanks to a Bayesian step. For each gene,
the sample variance is computed then adjusted or ”shrunk” towards the average vari-
ance based on all the genes. According to the authors, ”this has the effect of borrowing
information from the ensemble of genes to aid with inference about each individual gene”.

The advent of the RNA-seq introduced new challenges in the identification of dif-
ferentially expressed genes (DEG). The use of classical statistical tools relies on the
assumptions that continuous fluorescence signal produce by microarray, follows a Stu-
dent or Gaussian distribution. RNA-seq data are read counts. Consequently, the first
differential analysis methods developed, were based on Poisson distribution (204) as-
suming that the mean is equal to the variance. However, it has been reported that the
gene expression variance across multiple biological replicates of in RNA-seq samples, is
larger than its mean expression values. This is because the probability that a cDNA
fragments originate from a given gene, is not the same between the biological replicates.
The negative binomial model has then been proposed (6, 151) enabling additional bio-
logical variance in the model. Methods like DESeq (6) or egdgeR (69) used a generalized
linear model extensions for negative binomial distributions and likelihood ratio test to
assess the significance of the genes.

As an alternative, authors of limma package proposed to transform the data so that
they are suitable to fit with standard linear mode (98). The so-called ”voom” approach
works as follows: 1) A standard linear model is fitted on the log-transformed data for
all genes (Figure 1.10 a). 2) A locally weighted regression (LOWESS) is then applied
to estimate the relation between the residual standard deviation and the average log-
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transformed data for each gene (Figure 1.10 b). 3) The LOWESS estimated function
is used to predict the standard deviation of each fitted log-transformed values from 1)
(Figure 1.10 ¢). 4) The inverse squared predicted standard deviation for each observation
is added as weight into limma’s standard linear model.
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Figure 1.10: Voom mean-variance modeling. (a) Gene-wise square-root residual stan-
dard deviations are plotted against average log-count. (b) A functional relation between
gene-wise means and variances is given by a robust LOWESS fit to the points. (c¢) The
mean-variance trend enables each observation to map to a square-root standard deviation

value using its fitted value for log-count. Figure from Law et al. (98)

1.8.3 Detection of differential alternative splicing

Alternative splicing (AS) has emerged as of particular interest in cancer research (47, 55).
Differential gene expression analysis highlights genes with different level of expression
between conditions. However, it does not inform whether different transcripts are ex-
pressed or not. Further, a gene can be expressed at the same level between conditions
but different transcripts can be present, leading to a different phenotype that would not
be detected with differential gene expression. Differential splicing analysis appears as
a complement to give a more precise understanding of cancer biology. The detection
of AS events requires more data than detection of differentially expressed genes. While
the gene expression level is estimated by all the reads that map into a given gene, only
the reads that include the AS region will count here. This can lead to a substantial
number of useless reads. A second major issue is that genes produce many transcripts.
Some of them are known, others can be the results of a mutation during the oncogenesis
process. Some methods propose to reveal changes in the proportion of each isoform
(22, 185). However, accurate reconstruction and quantification of full-length isoforms
with the current short read sequencing is particularly difficult (171). In order to avoid
isoform reconstruction, one can focus on the distribution of reads in exons and their
junctions between conditions. It can then serve as a surrogate to estimate the tran-
scripts present in a sample.
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DEXSeq (8) approach proposes to divide the genome into disjoint ”counting bins”

that are exons or parts of exons. The number of reads falling into each exon inform on
the inclusion or "usage” of a specific bin in a sample. The p-value for differential usage
of each bin is calculated similarly than DESeq model, by adding an interaction term
between the bin and the condition of interest. DEXSeq only considers annotated exons.
Results can be biased according to the annotation file used and novel isoform discovery
is not possible.
Methods like rMATS (162), propose to use reads that span across exon-exon junctions.
These ”junction reads” allow identification of novel un-annotated splicing events. Fur-
ther, it allows distinguishing between cassette exon, alternative 5’ and 3’ splice site,
intron retention and mutually exclusive exons. By combining reads from the inclusion
isoform (I) and reads from the skipping isoform (S) an exon inclusion level ¢ (or PSI for
percentage spliced in) can be estimated (Figure 1.11). The number of unique isoform-
specific read positions of the inclusion (/;) and skipping (lg) isoform are used to adjust
the estimation of v as follows :

({/lr)
I/lr+S/ls
A likelihood-ratio test is then used to ”test whether the difference of the group mean

between the two sample groups exceeds a user-defined threshold c, against the null hy-
pothesis |A;| = i1 — 2| < ¢, where ¢ is the AS event and j is the conditions.

=

Alternative splicing are regulated by post-transcriptional processing induced by RNA-
binding proteins (RBPs). These RBPs bind at specific sequences of nucleotides (or mo-
tifs) along the genome and can either positively or negatively regulate exon inclusion.
Several studies have demonstrated the key role of the binding site position of splicing
regulators. The position-dependent analysis of RBPs binding may reveal the different
mechanisms that regulates AS events. Authors of rMATS have proposed an approach
(133) that will be detailed and extended in chapter 4.

1.8.4 Assessing significance in high-throughput experiments

1.8.4.1 The curse of big data

The area of high-throughput experiments, have seen the development of novel statistical
challenges. One of the first was the control of type I error (false positive rate) when
multiple inferences are conducted. When a differential gene expression analysis is con-
ducted, the difference between populations is assessed for each gene of the genome. Let
us take an example with a t-test for simplicity. Suppose that we want to test if a given
gene is differentially expressed between cancerous and normal cells. We compute the
probability that the observed t-statistic is obtained by chance, called p-value. Formally,
a p-value is the probability of getting the observed value of the test statistic, or a value
with even greater evidence under the null hypothesis Hy that the gene is not differentially
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Figure 1.11: The schematic diagrams illustrating how the PSI can be estimated.
A) The schematic diagram of an exon skipping event. I represents the exon inclusion reads
from the upstream splice junction, the alternative exon itself, and the downstream splice
junction. The exon skipping reads S are the reads from the skipping splice junction that
directly connects the upstream exon to the downstream exon. B) The schematic diagrams
of alternative 5 splice sites, alternative 3’ splice sites, mutually exclusive exons and retained

introns. Figure from Shen et al. (162).

expressed. We reject the null hypothesis if the p-value is smaller than a given threshold,
for example 5%. We have then 5% chance that we called a gene differentially expressed
when it was not. Now, suppose we want to find all the genes that are differentially
expressed between our two populations. If we consider 10,000 genes, 10,000 t-test would
be performed at a significant level of 5%, and we would expect to get 500 (i.e. 5%) false
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positives by chance alone. We thus need to control the level at which significance is
assessed to get reliable and replicable results.

1.8.4.2 Multiple testing correction

Assume that we want to perform m tests at the level a. The expected number of false
positives is then equal to ma. The Bonferroni procedure proposes to control the Family-
Wise Error Rate (FWER), that is, the probability to do at lest one type I error. To do
this, all null hypothesis whose p-values are below «/m are rejected. Then, controlling
the FWER generally leads to very few discoveries.

The False Discovery Rate (FDR) is the expected proportion of false positives (FDP)
among the rejected hypothesis. The FDR is a less stringent criteria compared to the
FWER as it allows a user defined proportion of false positives. Benjamini and Hochberg
have introduced a procedure to control the FDR (BH procedure) when the tests are
independent or under some kind of positive dependencies (19, 20). Let us sort the m
hypotheses Hq, Ho, ..., H,, based on their respective p-values p1, pa, ..., pm in ascending
order p(1) < pr2y < ... < pry). Bach individual Benjamini-Hochberg critical values (or
g-values) are then computed with the formula

i

—a

m
where ¢ is the individual p-value’s rank, m is the total number of tests and « is the
percentage of false discovery rate allowed. The BH procedure proposes to reject all null
hypothesis for all H;) in¢=1,...,k such as k is the largest index satisfying

k
Dk) S —o
m
Benjamini and Hochberg procedure has been extensively used during the last twenty
years in many scientific fields including astronomy, biology, genetics, medicine, neu-

roimaging making it today the most cited paper outside its field of publication.

1.8.4.3 Post-hoc inference

Differential analysis can be considered as an unsupervised method in which no prior
knowledge are used to detect the differentially expressed genes. One could be interested
to find differentially expressed genes among a set of genes belonging to a given biological
pathway. Classical multiple testing correction do not correctly control the number of
false positives in such rejections sets because of the selection effect, as illustrated by
Figure 1.12 from Blanchard, Neuvial & Roquain 2017 (24). Let us assume that y-axis
represents the difference of gene expression between two conditions and x-axis the index.
Assume that Figure 1.12 A represents genes from a given biological pathway. Seeking for
differentially expressed genes here may lead to the identification of 5 significant genes.
However, this is only due to the selection effect. Figure 1.12 B represent the whole genes
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Figure 1.12: Illustration of the post hoc selection effect. Panel A is a random
selection of 55 measurements selected from the dataset in panel B (100 measurements).
Measures have been generated as i.i.d. absolute values of N (0, 1). Figure from Blanchard,
Neuvial & Roquain (24).

were these 5 genes do not longer appear as significantly different. They were just the 5
outliers from previous selection, which is pure noise.

The so-called ”post-hoc inference” proposes to build a statistical guarantee on any
selected set of genes by considering the overall size of the data. The method gives to the
user the possibility to look at the data multiple times before deciding what rejections to
make. We will also demonstrate that we can use post-hoc inference to give a statistical
guarantee when performing motif enrichment 4.

1.8.5 Whole exome sequencing analysis

1.8.5.1 Somatic variant detection

Whole-exome sequencing focuses on the gene coding sequences of the genome. The first
step in the exploitation of the data is the reads alignment or mapping. The goal is to
retrieve the genomic position from which the short sequenced reads have been generated.
Those reads are aligned on a reference. Presence of SNPs and sequencing errors compli-
cate the task and mismatches between the reference and the read sequence have to be
taken into account. The read’s position is then chosen, according to the region with the
highest probability to fit with the read. The ”variant calling” step allows identifying all
the mutations present in a sample. Variant callers look for positions where the reads
mapped and the reference differ. The ratio between the number of reads carrying the
alteration over the total number of reads mapped at this position, the ”variant allele fre-
quency” (VAF) is then calculated. In order to distinguish between somatic and germline
mutations, somatic variant callers first compare the reads mapped and the reference at
a given position. If a difference is detected, the position is compared with the matched
germline sample to see if the same variation can be found. Additional information such
as variant’s position within the gene (ie exonic, intronic), variant classification (ie, syn-
onymous, nonsynonymous, missense, indel), presence of the variant in specific databases
(ie dbSNP (163), 1000 Genome Project (171)) and prediction of the functional effect
of the variant on the protein (SIFT (163), PolyPhen (2)) can be obtained with variant
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annotation softwares like ANNOVAR (203) or snpEff (37). Once the variants have been
identified and annotated, we have to filter sequencing errors and low impact variants
in a list of around 20000 variants (40) to conduct downstream analysis with unpolluted
data. This step requires hypotheses on the variants one would like to keep. Classical ap-
proaches begins to use a minimum threshold of variant detection based on the VAF or on
the number of reads that carry the variant. Variants from dbSNP or the 10000 Genomes
Project should represent only neutral polymorphisms found across human populations.
One can assume that deleterious variants should not be found in those databases. Fi-
nally, one could limit the analysis to variants with strong impact on the protein like
nonsense, missense, or frameshift variants as those predicted deleterious by SIFT and
PolyPhen.

The development of precision medicine inevitably involves the clear and precise iden-
tification of a patient’s mutations. Today, there is no standardization of WGS or WES
sequencing, from library preparation to variant filtering. The sequencing depth has a key
role in variant detection giving the middle to low purity of tumor samples contaminated
by normal or stromal cells. Further, each variant caller is good to detect some kind of
variants and bad to identify others. Adding to this the variations in the hypotheses to
keep relevant variants across laboratory, discrepancies across studies are today a major
challenge. The International Cancer Genome Consortium (ICGC (90)) has conducted a
benchmark of complete sequencing pipelines across 5 sites worldwide. A single tumor-
blood DNA pair from medulloblastoma was sent to each center then sequenced and
analyzed with their own pipeline. According to the authors, ”less than 20% of the total
number of called variants were called by the 5 centers” and ”one third of the mutations
were unique to only one center” (Figure 1.13 A). These results are particularly wor-
rying. Indeed, a common practice in WGS/WES is to compare the mutational profile
of the in-house cohort to bigger cohort like TCGA or previous studies focusing on the
same population. These variations in variant detection make the comparison really chal-
lenging and could lead to wrong conclusions. Indeed, ICGC benchmark looked at the
impact of these discrepancies in the definition of mutational signatures from Alexandrov
and al (4), leading to the establishment of very different signature profile (Figure 1.13 B).

Despite undoubtedly contributions of WGS/WES in biomedical research by reduction
in costs and acquisition times, several challenges remain before it can safely become a
routine part of clinical care.

1.8.5.2 Copy number detection

Whole exome sequencing was originally designed to identify mutations that are found
in protein coding regions. Since the coding regions represent around 1% of the whole
genome, researcher can sequence at much higher coverage by WES compared to WGS
with the same cost. Several studies have proposed to use WES data for identification
of copy number variations (CNVs ) (25, 156). However, WES data is much noisier than
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Figure 1.13: Comparison of pipeline to identify simple somatic mutations (SSM).
A) Overlap of SSMs called by different centers. B) Mutational signatures for SSMs as defined
by Alexandrov et al. (4). The calls from each center were used to fit into the predefined

signatures. Figures from Buchhalter et al (30)

WGS due to the exon capture and amplification.

Shen and Seshan have proposed a new framework called FACETS to estimate allele-
specific copy number (ASCN) and clonal heterogeneity for NGS data. While classical
ASCN methods use only heterozygous SNP, because allelic imbalance can only be mea-
sured at these sites, FACETS proposes to use both homozygous and heterozygous SNPs
to gain information on total copy number. The total copy number log-ratio (logR) is
then computed for all SNPs with minimal depth of coverage in the normal separated
by a given intervals to select independent events. The logR is defined as the total read
count in the tumor divided by the total read count in the matched normal. In FACETS,
it is modeled as a function of the parental copy number in the tumor that is a com-
bination of normal and aberrant copy number, the estimated proportion of cells in the
sample with the aberrant copy number (cellular fraction) and terms that correct for bias
and to have absolute copy number. The frequency of an allele at a particular locus,
the so-called B-allele frequency (BAF), is defined as the log odds ratio (logOR) of the
variant -allele count in the tumor versus normal. This definition allow to correct for
the reference allele that has frequently higher mapping rates compared to those at the
variant allele. Several studies have demonstrated that the analysis of both dimensions
(logR and logOR) of the signal jointly, improves precision in the identification of change
points in the genome (139). To do so, FACETS use a bivariate Hotelling statistic to
detect a breakpoints between two consecutive SNPs combining total and allele-specific
read counts. Fianlly, FACETS explicitly consider clonal heterogeneity in the inference of
ACSNSs giving meaningful insight about the clonal and subclonal structure of the sample.
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1. INTRODUCTION

Copy number analysis from WES data remain a major challenge. Recent compara-
tive studies have demonstrated that no methods perform perfectly and wet-lab experi-
ments or microarrays platforms should be used to confirm the final call (125). However,
FACETS proposes a nice unified framework that corrects for sequencing bias, performs
ASCN analysis associated with clonal estimation of the tumor in a very efficient running
time, making it a tool of choice for this type of analysis.
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New insight for pharmacogenomic
studies from the transcriptional
analysis of two large-scale cancer

cell line panels

To improve our understanding of the issues and challenges associated with pharmacoge-
nomic data, we have started to investigate two recently published large scale pharma-
cogenomic datasets. This study allowed us to identify the strengths and limitations of
high-hroughput screenings before analyzing a drug screening that we generated. This
study have been accepted for publication in Scientific Report.

At the end of the study, a visualization tool that provides a wide range of graphics to
help us access the CCLE and GDSC data was realized by a trainee Julie Setbon. During
the first two months of her internship, Julie integrated the scripts I developed to explore
gene expression, mutations and drug response data from both large-scale pharmacoge-
nomic datasets. The tool allows cross-analysis of heterogeneous data of both datasets
using simple descriptive graphs (scatterplot, boxplot, barplot, heatmap-clustering).

2.1 Introduction

One of the most challenging problems in the development of new anticancer drugs is the
very high attrition rate. Less than 5% of the drugs entering phase I trials eventually
obtain marketing authorization(122). Clinical trials are the only real way to assess drug
efficacy and toxicity, but this approach is inadequate for testing the hundreds of drugs
currently being developed(181). Scientists need to test hundreds of drugs on numerous
tumor models therefore frequently make use of tumor-derived cell lines(16, 63, 209). Such
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studies aim to identify genomic biomarkers for predicting the responses of individual
patients to the drug and, ultimately, for identifying the best drug for each patient.

In 2012, the first large-scale pharmacogenomics studies provided an unprecedented
wealth to the scientific community. The Broad Institute-Cancer Cell Line Encyclopedia
(CCLE) provided a collection of 1,036 human cancer cell lines from 36 tumor types,
tested for 24 anticancer drugs. The Genomics of Drug Sensitivity in Cancer (GDSC)
assessed the sensitivity of 727 cell lines, from 29 tissue types, to 138 drugs. Both datasets
contain genome-wide gene expression and sequencing data for a subset of genes. These
studies have provided unprecedented amounts of information about molecular profiles
and drug sensitivity and have validated several known genetic biomarkers, such as the
BRAF-V600E mutation sensitizing melanomas to vemurafenib (34) or ERBB2 amplifi-
cation/overexpression conferring sensitivity to lapatinib (97)

Previous studies assessed drug sensitivity by pooling all the cell lines or by control-
ling for tissue source. However, with improvements in our knowledge about tumors, it
has become clear that genomic, epigenomic, transcriptional, and proteomic analyses of
a given cancer can reveal subtypes differing in pathway activity, progression or treat-
ment response (81, 199). Conversely, the recent success of basket studies(88, 186) have
demonstrated that treatment choices can be based on abnormalities shared by tumors
originating from different tissue types.

We present here a comprehensive reanalysis of these two recently published large-scale
pharmacogenomics resources. We propose an alternative approach in which cell lines are
grouped by transcriptomic profile, based on a biological network-driven gene selection
process. This molecular classification of cancer cell lines appeared robust across CCLE
and GDSC. We further demonstrated the relevance of this novel classification through
the drug response We validate our approach by robustly found in CCLE and GDSC as
in two external dataset the significant associations between cell line clusters and drug
responses.

2.2 Results

2.2.1 A biologically driven approach identifies four robust gene mod-
ules

Gene expression profiles were recovered for 471 cell lines, from 24 different tissues, tested
in both CCLE and GDSC. Data were curated and annotated with the pipeline of Haibe-
Kains et al. (72) We developed a three-step biological network-driven process based on
transcriptomic data for identifying robust clusters of genes. This process was applied
in parallel for each dataset. We first selected the most variant genes from the set of
12,153 genes common to GDSC and CCLE, by the inflexion point method. We then
performed hierarchical consensus clustering(121) to identify robust gene modules. Fi-
nally, we used String(©) database software(178) to analyze our gene selection. The goal
was to decrease the heterogeneity of each gene cluster. We retained the genes from our
initial selection that had (1) high String(©) database gene connection indices (greater
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than 0.7), and (2) similar patterns of expression to other genes within the same biolog-
ical network (correlation coefficient of at least 0.5)(Figure 2.1 step A). This selection
process identified four stable clusters in GDSC (n=183 genes) and five in CCLE (n=210
genes), including a subset of 170 genes common to the two datasets. Distinct functional
gene ontologies were associated to each gene modules based on a gene ontology analysis:
(Supplementary Figure A.1) Gene Cluster — Extracellular Matrix (GC-ECM; n_ccle=48,
n_GDSC=36), Gene Cluster - Migration (GC-Migration; n_ccle=56, n_GDSC=T75), Gene
Cluster - Immunity-Interferon (GC-Immunity; n_ccle=22, n.GDSC=14) and Gene Clus-
ter - Epithelial Phenotype (GC-Epithelial; n_ccle=63, n_.GDSC=58). A set of 21 genes
enriched in development processes (GC-Development) was found exclusively in the CCLE

dataset.

CCLE GDSC
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Figure 2.1: Flow chart of the analysis. We apply the same pipeline of analysis in-

dependently to CCLE and GDSC. (A) Biologically driven gene selection was performed to

build robust clusters of genes. (B) Robust clusters of cell lines were then built using the

selected genes. (C) Cell lines clusters have been associated to distinct drug response.
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2.2.2 Biologically driven gene selection identifies eleven reproducible
cell line clusters

We performed a consensus clustering with the previously selected genes, for each dataset
separately, to identify global differences in gene expression between cancer cell lines
(Figure 2.1 step B). We obtained eleven stable clusters of cell lines in CCLE and GDSC
(Figure 2.2 A and Supplementary Figure 2.G.1).

Previous studies reported strong correlations between the expression profiles of iden-
tical cell lines (72). We therefore investigated the closeness of the cell line clusters
obtained. We defined the similarity between any two cell lines as the number of datasets
in which they clustered together (0O=none, 1=CCLE or GDSC, 2=CCLE and GDSC).
We assessed the consistency between the clustering patterns obtained with CCLE and
GDSC data, using a heatmap clustering of the similarity matrix as a visualization tool.
The heatmap shows the number of times that two samples are clustered together across
datasets (Figure 2.3A). Groups of cell lines that frequently cluster with each other are
shown in darker shades of blue. The heatmap revealed a well defined 11-block, corre-
sponding to the 11 clusters previously identified. A high degree of consistency between
the 11 clusters was observed, with 90% accuracy. As the cell line clusters were highly
similar, we use the term “cluster” to denote the same group of cell lines from CCLE and
GDSC, unless the dataset is specified.

2.2.3 Tissue-of-origin or transcriptomic features dominate cell line clus-
ters

Our eleven clusters can be organized in three major patterns: (i) four clusters of cell
lines were derived mostly from tumors from the same tissue of origin. These cell line
clusters were named after the organ or cancer subtypes from which most of the cell
lines were derived: hematopoietic and lymphoid tissues (HAL), small cell lung cancer
(SCLC), skin (SKCM) and breast (BRCA) clusters; (ii) four clusters of cell lines were
derived from tissues from the same organ system or had a common embryonic origin:
gastrointestinal tract (GI), aerodigestive tract (ADG), glioma and sarcoma (GLSR) and
endodermal origin tumors (EDOT) clusters; (iii) three clusters contained cell lines from
different tissues of origin. These clusters were named Mixed 1, Mixed 2 and Mixed 3
(Figure 2.3 B and C. Details provided in supplementary data A.21 and A.22).

Clusters of cell lines with common presumptive tissues of origin

Four cell line clusters appeared very homogeneous in terms of tissue lineage: HAL,
SCLC, SKCM and BRCA. These lineages accounted for 84%, on average, of the cells of
their respective clusters.
The HAL cluster grouped together all the cell lines originating from hematopoietic and
lymphoid tissues. This clear clustering pattern can be accounted for by the hematopoietic
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Figure 2.2: Cell line clustering with CCLE data. (A) Heatmap clustering with 471
cell lines (in columns) and 210 selected genes (in rows) for the CCLE data (B) EMT status

of the cell lines.

phenotype of this type of tumor. The SKCM cluster was the second most homogeneous
cell line cluster in terms of tissue type (92% of the cell lines in this group originated from
melanomas). Breast cancer is a heterogeneous disease with a growing number of recog-
nized biological subtypes, including ER+Her2-, Her2+ and triple-negative breast cancer
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Figure 2.3: Clustering similarity.

(A) Color-coded heatmap for similarity between

CCLE and GDSC clustering; Tag Cloud represents the tissue composition of cell lines cluster,
in CCLE (B) and GDSC (C). The importance of each tissue is indicated by font size. The
TNBC cell lines belonging to each cluster are indicated by red dots.

(TNBC), which is the most aggressive subtype. BRCA cluster contained all the breast
cancer cell lines defined as ER+Her2- (7/7) and Her2+ (7/7). However, only about half
the cell lines defined as triple-negative belonged to this cluster (11/20 in GDSC, 8/20 in
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CCLE). The remaining triple-negative breast cancer cell lines were found in six different
clusters of cell lines (SCLC, EDOT, Mixed 1, Mixed 2, GLSR and ADG) (Figure 2.3
B and C). SCLC cluster contained 28% of the lung cancer cell lines and 45% of the
small-cell lung carcinoma cell lines.

We performed a Gene Set Enrichment Analysis(175) (GSEA) based on our previously
defined gene modules to characterized the transcriptomic profile of cell line clusters (Sup-
plementary Figure 2.4). The immunity gene module was strongly expressed in the cell
lines of the HAL cluster. Leukemia affects both the bone marrow and lymphocytes,
potentially accounting for the detection of immunity gene expression in cell lines derived
from a tumor system with no stromal environment. In the SKCM cell line cluster, the
epithelial phenotype gene module was downregulated. Furthermore, the activation of
the ECM and migration gene modules in this cluster is suggestive of aggressive cancer.
In the BRCA and SCLC cell line clusters, the epithelial gene module was expressed,
whereas the migration and ECM gene modules were not.

Clusters of cell lines from tissues of the same organ system or common embryonic
origin

Some clusters could not be defined on the basis of origin from a single tissue type.

However, with a more systemic vision, a consistent organization was obtained for four
clusters: GI, ADG, GLSR and EDOT.
Cell lines derived from tumors of the digestive system belonged to two clusters. The
ADG cell line cluster consisted mostly of tumors from the esophagus, upper aerodigestive
tract, salivary and also urinary glands, whereas the GI cluster grouped together tumors
derived from large intestine, stomach and pancreas cancers. About 70% of the cell lines
of the GLSR cluster were derived from tumors of the central nervous system, bone,
autonomic ganglia and soft tissue. Finally, the EDOT cell line cluster grouped together
cell lines derived from tumors of different tissues (e.g. lung, pancreas, urinary tract)
arising from the same germ layer (endoderm). The relevance of the EDOT cluster is
supported by studies suggesting that oncogenesis may be initiated by the activation of
a common pathway in an endodermal progenitor (144).

The ADG, GI and EDOT clusters all displayed strong expression of the genes of the
epithelial phenotype module and weak expression of the ECM gene module. According
to GSEA, the migration gene module was less strongly expressed in GI cells. For the
EDOT cluster, inconsistencies between the CCLE and GDSC datasets were observed
concerning the activation or inhibition of migration gene expression at the transcrip-
tomic level only. The GLSR cluster displayed low levels of expression for the epithelial
gene module, and high levels of expression for the ECM and migration modules.

Clusters of cell lines from tumors with heterogeneous tissues of origin

Three clusters displayed no particular prevalence of cell lines corresponding to any
particular tissue or organ system. They contained cell lines from tumors of 11 to 16
different tissues. We named these clusters Mixed 1, Mixed 2 and Mixed 3. All three
of these clusters displayed low levels of epithelial phenotype genes, suggesting that the
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cell lines they contained were probably mesenchymal. These clusters also displayed an
upregulation of ECM genes. Mixed 1 and 2 displayed an upregulation of migration gene
expression. These results suggest that some of the cell lines may have been metastatic
in origin or subject to drift, from the characteristics of the tissue of origin to a less
differentiated state. In this case, transcriptomic profile is more relevant than tissue of
origin.

CCLE GDSC CCLE GDSC CCLE GDSC CCLE GDSC

SCLC

Gl

EDOT

Mix 1

HAL

Mix 2

GLSR

Mix 3

ADG

SKCM

0
0
=
m
[@
O
(72}
O

m III III III III III III III III III

(o]

BRCA

Epithelial
Phenotype

Developmental

Migration ALy Processes

Figure 2.4: GSEA enrichment results. Green indicates gene modules significantly down-
regulated, whereas red indicates gene modules significantly upregulated. Results for CCLE
are displayed in the left column; results for GDSC are displayed in the right column.

2.2.4 EMT discriminates between cell line clusters

The identification of an epithelial phenotype gene module led us to investigate the
epithelial-mesenchymal status of each cell line. A previous study (96) showed that
epithelial /mesenchymal transition (EMT)-associated differences in gene expression were
a major determinant of the stratification of cancer cell lines based on transcriptomic
profiles. Indeed, we found a significant overlap between our gene selections and a pub-
lished EMT-derived gene signature consisting of 249 genes(180) (P < 0.0001, two-tailed
Fisher’s exact test). We superimposed epithelial/mesenchymal cell line classifications
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over our gene expression clusters and found a strong association (Figure 2.2 B and Cb
and Supplementary Figure 2.4 b). According to the EMT signature, five cell line clus-
ters (SCLC, GI, EDOT, ADG and BRCA) contained mostly epithelial cell lines, whereas
the Mixed 1, Mixed 3, GLSR and SKCM cell line clusters contained mostly mesenchy-
mal cell lines. The Mixed 2 cell line cluster appeared to contain mostly mesenchymal
cell lines in GDSC but almost half the cell lines assigned to this cluster in CCLE were
epithelial. The HAL cell lines were not concerned by this stratification. Finally, the ep-
ithelial /mesenchymal classification was consistent with that obtained with the epithelial
phenotype gene module.

2.2.5 Cell line clusters are enriched in somatic mutations

We investigated a common set of 64 genes for the presence of mutations in CCLE and
GDSC datasets. However, many inconsistencies between both datasets led us to focus
on a set of eight genes (TP53, KRAS, NRAS, APC, PIK3CA, BRAF, PTEN and RB1)
for which at least 5% of identical cell lines display mutations in both datasets (Supple-
mentary Information). The mutational profile of cell line clusters was then described
based on these genes. Mutation profiles clearly distinguished four clusters (Figure 2.2
A). The SCLC cluster was enriched in RB1 mutations. The GI cluster was rich in APC
and KRAS mutations; NRAS mutations were overrepresented in the HAL cluster and
the SKCM cluster was enriched in BRAF mutations. Finally, KRAS mutations were
particularly abundant in the EDOT clusters. No significant enrichment in mutations
was observed for the GLSR, ADG, BRCA and Mixed 3 cell line clusters (Supplementary
Tables A.11 and A.12). These clusters have fewer mean mutation rates than the other
clusters (GDSC: 13% vs. 19%, t-test p-value = 0.01; CCLE: 17% vs. 22%, t-test p-value
= 0.08).

2.2.6 Transcriptomic clustering is more consistent than clustering on
the basis of tissue of origin in terms of drug responses

The large-scale drug screening programs of the Broad and Sanger Institutes have pro-
vided to the scientific community an unprecedented wealth of publicly available data.
Molecular data have been systematically collected for each cell line, but far less infor-
mation is available for drug screening (Supplementary Information). Moreover, in many
cases (25% in CCLE and 45% in GDSC) it was not possible to extract the IC5o from
the dose-response curve. In order to overcome these issues, both study also report the
AUC (area under the dose response curve) that can always be calculated.

We evaluated whether our clustering was more discriminant than the tissue of origin
of the cell lines, in terms of drug response. We calculated a pseudo F-statistic separately
for IC5y and AUC values for each of the 15 drugs common to CCLE and GDSC. This
measurement should capture consistency between the clustering and screening data. It
is calculated as the ratio of between-group variance in drug response to the correspond-
ing within-group variance(32). High pseudo F' values indicate well-separated, compact
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clusters. We then compared the pseudo F' values calculated with our clustering method
with those obtained for ‘tissue partitioning’ for a given drug (i.e. each tissue being to
correspond to a cluster of cell lines).

Twelve of the fifteen drugs had a higher ratio in CCLE and GDSC for our clustering
than for clustering based on tissue of origin with the IC50 (Figure 2.5) and ten out of
fifteen with the AUC (Supplementary Figure 2.C.1). This trend was confirmed by a ¢-
test comparing the pseudo F' values for our clustering with those for ‘tissue partitioning’
(IC50: CCLE t.test p-value = 0.041, GDSC t.test p-value=0.032, AUC: CCLE t.test
p-value = 0.011, GDSC t.test p-value=0.043). PLX4720 (Raf kinase B inhibitor) and
PD0325901 (MEK1 and MEK2 inhibitors) were drugs with the largest pseudo F' values
in both dataset. Paclitaxel was the only molecule in the panel with a higher pseudo F
value for tissue partitioning in CCLE and GDSC. As the drug sensitivity results were
not used to determine the clustering of the cell lines, these findings provide independent
evidence for a major role of mRNA levels in drug sensitivity.

2.2.7 Robust identification of drug response across datasets

Subgroups of patients or cell lines defined on the basis of transcriptomic data have
been shown to be associated with differences in drug sensitivity(81, 199). We sought
to identify associations between clusters of cell lines and ”sensitive” or ”resistant” drug
phenotypes, for the 15 drugs tested in both CCLE and GDSC. For each dataset and
each drug separately, we investigated whether the mean IC5y of a given cell line cluster
differed significantly from those for the other cell line clusters (see Figure 2.1 step C and
Materials and Methods). Six molecules were found to be significantly associated with six
different clusters in both CCLE and GDSC (Table 2.1 and Supplementary Table A.13,
Supplementary Figure A.2). The SKCM and GI cell line clusters were both significantly
more sensitive than the other cell lines to PD0325901 (MEK 1 and MEK 2 inhibitors)
(Figure 2.6 A). The association of melanoma and PLX4720 (Raf kinase B inhibitor) is
already well established and was confirmed by our analysis. Moreover, an inhibitor of
MEK 1 and MEK 2, AZD6244, displayed significantly higher levels of activity in cell
lines from the SKCM cell line cluster. Both EGFR inhibitors, erlotinib (Figure 2.6B)
and lapatinib, appeared to be significantly more effective against ADG cell lines than
against other cell lines. Hematopoietic and lymphoid tissue cells were sensitive to the
CDK4/6 inhibitor PD033991. By contrast, SLCL cell lines appeared to be resistant
to lapatinib (EGFR and HER2 inhibitor) and the CDK4/6 inhibitor PD033991 was
found inefficient to kill GI cell lines. Finally, AZD6244 (inhibitor of MEK1 and MEK2)
appeared ineffective to treat BRCA cell. In addition to variation between drug sensitivity
and cell lines, previous studies report variations across the different metrics used to report
the drug efficacy(57, 72). We then performed similar analysis using AUC. More than
half of the associations between cell lines clusters and drug sensitivity were found still
significant with AUC (Table 2.1 and Supplementary Information).

We further evaluated the relevance of our clustering regarding the drug sensitivity
using two external public datasets. We first study the 118 cell lines tested in common
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Figure 2.5: Pseudo F value for the 15 drugs common to CCLE and GDSC. The
pseudo F index have been computed from the IC50 values for each drug. The pseudo F
statistic is the ratio of between-cluster variance to within-cluster variance. Large values of
pseudo F indicate well-separated, tight clusters. Drugs are listed in descending order of

pseudo F values for clustering.

between the CCLE and the GlaxoSmithKline cell line collection (GSK)(70) on lapatinib
and paclitaxel (GDSC was excluded due to small sample size, see Supplementary Infor-
mation). We found that lapatinib was significantly inactive to kill cells from clusters
SKCM and Mixed 1 in both CCLE and GSK (Table 2.1).

Since the set of common cell lines and drugs was small between CCLE, GDSC and GSK
(Supplementary Table A.14), we consider the Genentech Cell Line Screening Initiative
(gCSI)(78). A panel of 244 unique cell lines and 5 drugs overlap between CCLE, GDSC
and gCSI. Instead of AUC, the gCSI reported the mean viability statistic to measure
drug efficacy in addition to the IC5q. Eight associations between cell lines clusters and
drug sensitivity were found significant using the IC5p and nine with the mean viability
statistic. Among them, the sensitivity of ADG to erlotinib and lapatinib as well as the
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Figure 2.6: Distribution of IC50 values for each in CCLE and GDSC. Ordered
according to mean IC50 for the cluster. From resistant (left) to sensitive (right).

efficacy of PD0325901 to kill cells from SKCM cluster were common to CCLE, GDSC
and gCSI (Table 2.1 and Supplementary Information).

Our results suggest that our cell line clustering is able to find significant associations
with drugs efficacy robustly in four different dataset, despite the large variations across
pharmacological data and drug response measures.

2.2.8 Distinct drug profiles were associated with the various cell line
clusters

We applied the same procedure to all the drugs tested in the CCLE (24 molecules) and
GDSC (129 molecules) studies. For each dataset and each of the 153 drugs separately,
we determined whether the mean ICjyq of a given cell line cluster was significantly differ-
ent those of the other cell line clusters (Supplementary Tables A.15 and A.16). Overall,
the most striking result was the very small number of drugs associated with a sensitive
profile (88 associations, including 71 unique drugs) compared to drugs associated with a
resistant profile (163 associations, including 92 unique drugs) (Supplementary Informa-
tion). It was particularly interesting to observed that Mixed 2 and Mixed 3 clusters were
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each sensitive to only one drug: respectively midostaurin and vorinostat. Both drugs
are targeted agents (PI3K/mTOR inhibitor and HDAC inhibitor). These clusters are
made of several cells from different tissue of origin. However, we were able to identify
targeted therapies active to kill those cells. These results provide further evidences that
our clustering can identify relevant groups of cell sharing unknown features associated
to targeted drugs.

Overall, these results suggest that cancer cell lines can be classified, on the basis
of their transcriptomic profile, into 11 clusters that may or may not be specific to the
tissue of origin. We demonstrated that transcriptomic clustering was more consistent
than clustering on the basis of tissue of origin in terms of drug response whatever the
drug sensitivity metric considered. We were also able to find several significant asso-
ciations between clusters of cell lines and ”sensitive” or "resistant” drug phenotypes.
Many of these associations were robustly found across four different datasets with three
different drug response metrics. As the drug sensitivity results were not used to deter-
mine the clustering of the cell lines, these findings provide independent evidence about
the relevance of this new classification. Furthermore, we show that when we are trying
to associate a group of genes from a consistent biological pathway with a group of cell
lines, rather than a single gene with a single drug, robust associations can be established
across several pharmacologic datasets.

2.3 Discussion

Despite the progress in the development of in vivo models, cancer cell lines remain a key
tool in cancer research. Patients are usually treated with combination therapy. How-
ever, it is important to better understand the mechanisms involved with monotherapies
before moving forward to study combination therapies. Here, we introduce a new cell
line classification constructed from 471 cell lines derived from tumors from 24 different
tissues. A biological network analysis for the most variant genes identified 11 clusters of
cell lines. These clusters appeared robust in two large-scale cell line panels. This biologi-
cally driven gene selection process, which is probably less sensitive to sample fluctuations
than other methods, made it possible to capture strong biological signals that might be
concealed by the noise present in microarray data. Several studies have reported that
the incorporation of network information improves the stability of gene selection and
the biological interpretability of biomarker signatures for a given prediction accuracy
(45, 155, 167)

In this new classification, a clear distinction was established between non-epithelial
cancer cell lines (GLSR, SKCM, Mixed 3) and epithelial cell lines (EDOT, BRCA, GI).
This suggests that EMT-associated differences in gene expression are major determi-
nants of the gene expression-based stratification of cancer cell lines. This new molecular
clustering system classified more than 65% of the cell lines differently from the currently
used tissue-of-origin cell line classification system. Only four clusters consisted mostly of
cell lines originating from a single tissue. Furthermore, three clusters include cells with
expression profiles stronger than that of the original tissue (Mixed clusters). Thus, 25%
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of the cells lines displayed no link to any tissue of origin or related organ system.

One of the most interesting cases was the triple-negative breast cancer (TNBC).
We focused on this subtype, as it is the only subtype of breast cancer without any
targeted therapy associated. TNBC were found to be highly heterogeneous, falling
into six different clusters. This divergence shows the relevance of studying cell lines
from various tumor types. Drug response was dependent on cluster membership, with
the EDOT cluster sensitive to chemotherapy, whereas the BRCA cluster was resistant.
The widely dispersed TNBC cell lines were mostly mesenchymal, whereas the cell lines
of the BRCA cluster were exclusively epithelial. TNBC is increasingly emerging as
a heterogeneous disease(79, 100), with tumors differing in histological features, gene
expression profiles, clinical behavior, overall prognosis(188) and sensitivity to systemic
treatment (41, 1047 ). These findings provide strong evidence to suggest that TNBC
heterogeneity is reflected at the cell line level. Our results suggest also that particular
attention should be paid to the selection of cell lines for studies of particular types or
subtypes of cancer.

By analyzing several large-scale public data sets, we demonstrated that drug effi-
cacy is significantly associated to transcriptomic profile. A comparative analysis re-
cently showed that the gene-expression profiles of the 471 cell lines shared by CCLE and
GDSC were highly concordant whereas the reported cell-line drug sensitivities for the
15 drugs tested in both studies were highly inconsistent(72). The authors put forward
several hypotheses to explain these discrepancies, including differences in experimen-
tal protocols, the viability assay and procedures for summarizing dose response and
non-observed ICjyp (the half maximal inhibitory concentration). Despite discrepancies
between the drug sensitivity data retrieved from different databases, we were able to
find some robust combinations. Well-known drug associations were found, such as the
sensitivity of SKCM lines to vemurafenib. We also found that cancers with BRAF mu-
tations, such as melanoma (202) and cancers with KRAS/BRAF mutations, such as
colorectal cancer (213), were more sensitive to MEK inhibitors. Furthermore, CDK4/6
inhibition-induced cell death has been noted in cell lines and xenografts derived from
patients with T-cell leukemia (157). SCLC cell lines have been shown to be resistant to
lapatinib, but combination with a cytotoxic agent may yield promising results (120).

The decline in the number of new treatments approved in recent years is a major
challenge for the pharmaceutical industry. One of the reasons for this decline is the lack
of systematic evaluation of therapeutic indications for a drug that is either in advanced
development phase or has already obtained a marketing authorization. The so-called
”drug repositioning process” proposed to find new therapeutic indications to already
approved drugs with faster development times and reduced risks. Furthermore, it allows
patients to have access to earlier therapeutic advances(11). Several robust associations
were found. Targeted drugs were found efficient to treat clusters of cell lines constituted
of cell from different tissues. These drugs are known to be active in one or several tissues
that constitute theses clusters. It would be of particular interest to test specifically these
drugs on the other tissues represented in these cell lines clusters. For example, cluster
ADG is mostly constituted of upper-aerodigestive, oesophagus and urinary tract cancer
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cell lines. ADG cluster was particularly sensitivity to the anti EGFR - erlotinib. If
EGFR is a validated target for upper-aerodigestive cancer(38, 189, 196) the therapeutic
potential of erlotinib has already been highlighted for bladder cancer(143) and showed
promising results in phase II for oesophagus cancer(101, 201).

Different types of drugs have been used in the panels. Around 10% of the 153 drugs
screened in CCLE and GDSC, and only 1 out of the 15 drugs in common to both
studies, are cytotoxic agents. These drugs are expected to be broadly active among the
cell line panel since they are not specific molecules. On the contrary, targeted agents are
expected to be active only in a subset of cell lines, at least, those carrying the given target.
Furthermore, the recent study published by Rees et al(149) demonstrated that target‘s
expression and drug sensitivity were correlated in only 31% of the cases. Grouping cell
lines on the basis of their transcriptomic profiles makes it possible to identify subsets
of cells with common off-target features. It is then more relevant to compare the drug
sensitivity between cell lines of these groups rather than examined the correlation of
response of each cell line to a particular drug reported by one dataset with the response
of the same cell line to the same drug reported by another dataset. These results suggest
that when robust clusters of cell lines based on biologically network-driven approach are
considered, consistency between drug responses can be achieved.

In conclusion, our cell line classification provides novel insight for pharmacogenomics
studies. As cell lines remain the most widely used models for the preclinical evaluation
of candidate cancer drugs, further investigation should be made to use this classification
in the development of cancer treatments with the aim of reducing the attrition rate.

2.4 Materials and Methods

Pharmacogenomics data

We collected data from the Broad and Sanger Institutes. The CCLE profiled 24 anti-
cancer drugs on 1,036 cell lines. The GDSC screened 138 drugs on 727 cell lines. Both
datasets contain genome-wide gene expression and massive parallel sequencing data. All
data were recovered, curated and annotated with the pipeline developed by Haibe-Kains
et al.(72) (the GDSC was referred to the Cancer Genome Project [CGP] in Haibe-Kains
et al). We used this pipeline as described in the original article, but with a different
method for the normalization of gene expression. Haibe-Kains et al. normalized gene
expression data by frozen robust multiarray analysis, fRMA(117). This method was de-
signed to combine several datasets and overcome multiple batch issues. This strategy is
relevant when trying to ensure assay reproducibility. Even though this approach would
be unlikely to have a major effect on gene expression values, we chose to normalize the
gene expression data separately with RMA (92), to ensure that the two datasets were
perfectly independent. Our analysis focused on 471 cell lines and 15 drugs for which we
have transcriptomic and drug sensitivity data available in both the CCLE and GDSC
studies.

We collected two large datasets to validate our classification. Data from the Glax-
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oSmithKline cell line collection were retrieved from Haibe-Kains et al. (72) . The
Genentech Cell Line Screening Initiative data were available from compareDrugScreens
R package published by Haverty et al.(78)

Gene expression data

Transcriptomic data were restricted to the 12,153 genes common to the two technolo-
gies used by GDSC and CCLE (Affymetrix GeneChipHG-U133A and HG-U133PLUS2,
respectively). The Jetset method (103) was used to select a unique probe set for given
genes. The same probe set was used in both datasets for 83% of the genes.

Drug sensitivity data

The micromolar concentration (uM) at which the drug inhibited 50% of maximal cell
growth was used to assess drug sensitivity as well as the area under the dose response
curve (AUC). We also consider the mean viability statistic when comparing with gCSI.
These measurements were converted to a common scale (—logl0(M)) for 1Csp, [0,1] for
AUC and 1-mean viability for mean viability), such that high values would be correspond
to cell lines sensitive to drugs.

Gene selection by the inflexion point method

We selected the most variant genes, based on the inflexion point of the interquartile range
(IQR) distribution for gene expression. This method is more data-driven than a fixed
threshold for defining the proportion of genes displaying the highest level of variation.
The full procedure is described below. For each gene, we: (1) calculated the IQR for
all cell lines, (2) sorted the IQR values of the genes in ascending order, to generate an
ordered distribution, (3) estimated the major inflection point of the IQR curve as the
point on the curve furthest away from a line drawn between the start and end points of
the distribution, and (4) retained genes with an IQR higher than the inflection point.

Gene expression-based identification of cell line clusters

We developed a biological network-driven process based on transcriptomic data, to iden-
tify robust clusters of genes and cell lines. This process can be broken down into two
parts: A) identification of robust clusters of genes, used for B) identification of robust
clusters of cell lines.

A) The gene selection process is a three-step procedure. 1) We selected the most vari-
ant genes from among the 12,153 genes common to GDSC and CCLE, by the inflexion
point method. 2) We performed hierarchical consensus clustering (ConsensusCluster-
Plus R Package) to identify robust gene modules. The consensus-clustering step, based
on Pearson distance and Ward linkage, identified robust clusters of genes. It involved
hierarchical clustering by resampling (1,000 iterations) randomly selected genes. 3) We

48 Chapter 2



2.4 Materials and Methods

identified known biological networks, for each gene cluster separately, using String(c
database software version 9.1 (http:// string-db.org/). We then applied a two-step se-
lection process: (1) we selected strong biological networks by retaining only genes for
which connection scores of at least 0.7 were obtained with String(c) database software,
(2) within each biological network, we selected groups of genes for which expression lev-
els were correlated, with a correlation coefficient of at least 0.5. We used the R package
clusterProfiler(214) for comparing and visualizing gene ontologies profiles among gene
modules.

B) We applied a consensus-clustering with hierarchical clustering to the cell line gene
expression profiles, using the selected genes to visualize the optimal number of stable
cell line clusters.

Characterization of cell line clusters at the transcriptomic and muta-
tional levels

Gene set enrichment analysis (GSEA) was performed on genes modules built in step
A) of the biological network-driven process described above. We identified up-regulated
or down-regulated gene modules, associated with each cell line cluster. An analysis was
first performed to identify genes differentially expressed between a particular cluster and
all the other cell lines, based on a linear model. For a given cluster k, cell lines were
partitioned into two groups j = { Cluster-k, non-Cluster-k}. We then performed a differ-
ential analysis by comparing the mean gene expression of each group in a linear model
(limma R package (150)). The analysis was performed separately for each dataset. The
results were used to rank genes in order of significance and to search for overrepresented
gene modules, by pre-ranked gene set enrichment analysis (GSEA).

Genes with significantly higher frequencies of mutation in a given cluster were iden-
tified by one-tailed Fisher’s exact tests. We compared the occurrence of any given
mutation in each cell line clusters with that in all the remaining clusters combined.

Identification of cell line clusters common to different studies

We studied the likeness between the clusterings for CCLE and GDSC, by clustering the
cell lines with a similarity matrix (hierarchical clustering with Pearson’s metric and the
Ward agglomerative method). The similarity matrix contains the number of times two
cell lines are clustered together in each dataset (0 = never, 1 = only in one classification,
2 = in both classifications). This similarity matrix constitutes a natural visualization
tool for assessing the consistency between two clustering patterns. In particular, if we
associate a color gradient to the 0-2 range of real numbers, such that white corresponds
to 0, and dark blue corresponds to 2, and if we assume that the matrix is arranged so that
items belonging to the same cluster are adjacent to each other (with the same item order
used to index both the rows and the columns of the matrix), a matrix corresponding
to a perfect consensus will be displayed as a color-coded heatmap characterized by blue
blocks along the diagonal, on a white background.
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The accuracy was calculated as the number of times two cell lines clustered together
divided by the number of possible combinations

EMT cell line classification

The ”epithelial” or mesenchymal” status of each cell line was defined with the signa-
ture identified by Taube et al. (180). This epithelial-to-mesenchymal transition signature
consists of 159 downregulated genes and 90 upregulated genes. We performed a hierar-
chical clustering of cell lines based on these 249 genes and labeled clusters of cell lines
according to the overexpression of known epithelial marker genes, known mesenchymal
marker genes or neither.

Definition of breast cancer subtypes

Breast cancer subtypes were defined with a bimodal mixture of two Gaussian distribu-
tions for ESR1, PGR and ERBB2 gene expression. Triple-negative (TN) breast cancer
cell lines were defined by an absence of estrogen and progesterone receptor expression
and a lack of ERBB2 overexpression/amplification (n = 31). We subsequently defined
breast cancer cell lines overexpressing ESR1 but with a lower level of ERBB2 expression
as the ER+Her2- subtype (n=7), with cell lines overexpressing the ERBB2 gene defined
as the Her2+ subtype (n=7).

Impact of cell line clustering on drug sensitivity

We investigated the relevance of our clustering for drug sensitivity, by comparing the
results obtained for this method with those for ‘tissue partitioning’ (i.e. each tissue
of origin being considered to correspond to a cluster of cell lines). We calculated the
pseudo F' index computed from any drug sensitivity statistic (IC5p, AUC, mean via-
bility) for each drug. The pseudo F statistic is the ratio of between-cluster variance
to within-cluster variance (32). It is defined as [Between-cluster variance / (N-K)| /
[Within-cluster variance / (K-1)], where N is the number of observations (N=471) and
K is the number of clusters (K=11 or K=24). Large values of pseudo F indicate well-
separated, tight clusters.

The sensitivity and resistant phenotypes of each cell line for a given drug were defined
by comparing the drug sensitivity measure between cell lines from any given cluster and
the cell lines in all remaining clusters combined. We focus on IC5y for clarity. For a
given cluster k, cell lines were partitioned into two groups j = { Cluster-k, non-Cluster-
k}. We then compared the mean IC5g values of the two groups in a ¢ test. The sign
of the statistical test was used to define the phenotype as sensitive (¢t > 0) or resistant
(t < 0). We accounted for multiple testing, by calculating the FDR~adjusted p-value for
each drug. An FDR-adjusted p-value <0.05 was considered significant.

50 Chapter 2



2.4 Materials and Methods

CCLE vs GDSC CCLE vs GDSC
1C50 AUC
Drug Cluster Response Drug Cluster Response
Erlotinib ADG Sensitive Erlotinib ADG Sensitive
AZD6244 SKCM Sensitive AZD6244 SKCM Sensitive
AZD6244 BRCA Resistant AZD6244 BRCA | Resistant
Lapatinib SCLC Resistant Lapatinib HAL Resistant
Lapatinib ADG Sensitive Crizotinib SKCM Resistant
PD0332991 GI Resistant AZD0530 SKCM Resistant
PD0332991 HAL Sensitive PLX4720 SKCM Sensitive
PLX4720 SKCM Sensitive PDO0325901 | SKCM Sensitive
PD0325901 GI Sensitive
PD0325901 SKCM Sensitive
CCLE vs gCSI GDSC vs gCSI
1C50 1C50
Drug Cluster Response Drug Cluster Response
Erlotinib ADG Sensitive | PD0325901 | SKCM | Sensitive
Erlotinib Mixed 1 | Resistant
Erlotinib GLSR Resistant
Erlotinib SKCM Resistant
Lapatinib Mixed 1 | Resistant
Lapatinib ADG Sensitive
PD0325901 BRCA Resistant
PD0325901 SKCM Sensitive
CCLE vs gCSI GDSC vs gCSI
Mean Viability Mean Viability
Drug Cluster Response Drug Cluster Response
Erlotinib ADG Sensitive | PD0325901 | SKCM | Sensitive*
Erlotinib Mixed 1 | Resistant
Erlotinib GLSR Resistant
Erlotinib SKCM Resistant
Erlotinib HAL Resistant
Erlotinib SCLC Resistant
PD0325901 BRCA Resistant
PD0325901 SKCM Sensitive
CCLE vs GSK
1C50
Drug Cluster Response
Lapatinib Mixed 1 | Resistant
Lapatinib SKCM Resistant

Table 2.1: Significant associations found between CCLE, GDSC, GSK and GCSI.
In bold associations found significant in at least three datasets. The association between
PD0325901 and SKCM had an adjusted p-values of 0.058 (marked with *).
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Supplementary Information

2.A Discrepancies in mutational data between CCLE and
GDSC

We investigated a set of 64 genes for the presence of mutations in both the CCLE
and GDSC datasets. We investigated the consistency of mutation patterns. Thirteen
genes were reported to have no mutations in GDSC, in any of the 471 cell lines studied
(AKT2, CCND1, CCND2, CCND3, CDK4, CDK6, EP300, FGFR2, MDM2, MLLT3,
MYCL1, MYCN and SMARCB1). We focused on the remaining 51 genes. The most
frequently mutated gene was TP53, with a frequency over 60%, mutation frequencies
remaining below 20% for the other genes (Supplementary Figure A.3A). A previous
study reported high levels of agreement concerning the reported presence of mutations
in identical cell lines (72). However, for cell lines displaying mutations of at least one
of these genes, the mean proportion of cell lines with mutations of the same genes
was about 20% (Supplementary Figure A.3C) and the mean proportion of cell lines
displaying identical mutations within the genes was 44% (Supplementary Figure A.3D).
Only for eight genes (TP53, KRAS, NRAS, APC, PIK3CA, BRAF, PTEN and RB1)
did at least 5% of identical cell lines display mutations in both datasets (Supplementary
Figure A.3B). Furthermore, the proportion of identical cell lines mutated was 64%, and
the mutations observed were identical in 84% of cases. By contrast, 12% of identical
cell lines had mutations for the remaining genes, with 36% of the mutations observed

identical (Supplementary Figure A.3 C-D).

2.B Drug screening data

The large-scale drug screening programs of the Broad and Sanger Institutes have pro-
vided to the scientific community an unprecedented wealth of publicly available data.

Molecular data have been systematically collected for each cell line, but far less informa-
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tion is available for drug screening. Considering the 471 cell lines common to CCLE and
GDSC, only 47% of the cell lines from CCLE and 90% of those from GDSC have been
tested for at least one drug (Supplementary Figure 2.B.1). In CCLE and GDSC, 28%
and 22% of the cell lines, respectively, were tested for all compounds. Moreover, in many
cases (25% in CCLE and 45% in GDSC) it was not possible to extract the IC50 from
the dose-response curve. In these cases, the IC50 was set to the maximum concentra-
tion used for screening in the CCLE study, whereas a mathematical extrapolation was
applied in the GDSC study. In order to overcome these issues, both study also report

the AUC (area under the dose response curve) that can always be calculated.

¢ Not tested

* Observed GDSC CCLE
* Not observed
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Figure 2.B.1: Number of drugs tested for each cell line. Many drugs were not tested for
a large set of cell lines (in red). Even when a test was performed, in many cases IC50 could

not be extracted and have been estimated as explained in the main text (green). Values in

blue are observed IC50 values.

2.C Comparison between CCLE and GDSC based on AUC

To evaluate the relevance of our method to the variation of drug sensitivity metric, we
looked at the area under the dose response curve (AUC). We evaluate the robustness of
our cell line classification with the 15 drugs shared between CCLE and GDSC.

We first evaluated whether our clustering was more discriminant than the tissue of
origin of the cell lines, in terms of drug response. We calculated a pseudo F-statistic
using the AUC values for each of the 15 drugs common to CCLE and GDSC. Ten out of
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fifteen drugs had a higher ratio in CCLE and GDSC for our clustering than for clustering

based on tissue source (Supplementary Figure 2.C.1). This trend was confirmed by a t-

test comparing the pseudo F values for our clustering with those for ‘tissue partitioning’

(CCLE t.test p-value = 0.011, GDSC t.test p-value=0.043).

CCLE data - p.value = 0.011 GDSCdata - p.value = 0.043
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Figure 2.C.1: Pseudo F value for the 15 drugs common to CCLE and GDSC. The pseudo

F index have been computed from the AUC values for each drug. The pseudo F statistic

is the ratio of between-cluster variance to within-cluster variance. Large values of pseudo

F indicate well-separated, tight clusters. Drugs are listed in descending order of pseudo F

values for clustering

. Transcriptomic clustering
. Tissue partitioning

We then performed the same analyses as those performed with the IC50, to identify

association between cell line clusters and drug response but based on the AUC. Four

out of the seven cell lines clusters-drugs associations were robustly found using the IC50
and the AUC (Supplementary Table A.17 and ure A.18): ADG cluster being sensitive to
erlotinib, SKCM being sensitive to the Raf kinase B inhibitor PLX4720 and the MEK
inhibitor AZD6244 whereas the latter is not active in BRCA cell line cluster. In addi-
tion, SKCM cluster appears resistant to crizotinib (ALK inhibitor) and AZD0530 (Src
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and Abl inhibitor) that is concordant with the wild-type mutational status of SCKM
cells for ALK, Abl1/2 and Src (16) . Lapatinib appears inefficient in HAL cluster that
is consistent as no EGFR or ERBB2 mutation have been reported in HAL cell lines in
both CCLE and GDSC.

Many cell lines never achieved 50% inhibition for many drugs. In this case, data have
been either truncated by the maximum dose tested (as in CCLE), either they have been
extrapolated (as in GDSC) (Supplementary Figure A.2). On the contrary the AUC can
always be calculated. These variabilities can explain the variation of results. However
more than half of the cell lines clusters-drug associations were found using both 1C50
and AUC.

2.D Comparison between CCLE, GDSC and GSK

We explored the relevance of our classification with two outside datasets. For this, we
kept our robust clustering of cell lines define with the CCLE and GDSC. For each dataset
and each drug separately, we investigated whether the mean drug sensitivity measure
available of a given cell line cluster differed significantly from those for the other cell
line clusters (see Materials and Methods). We then investigate if significant cell line
clusters-drug associations can be found in these different datasets. First we consider the
third dataset used by Haibe-Kains et all, the GlaxoSmithKline cell line collection (GSK)
(70). This panel is composed of 319 cell lines that have been screened on 19 drugs. Only
lapatinib and paclitaxel have been tested by GSK among the 15 drugs shared between
CCLE and GDSC. A set of 194 cell lines was common to the three studies. However
the actual number of cell lines for which we have a sensitivity measure for lapatinib and
paclitaxel is smaller especially in GDSC. Supplementary Table A.14 shows the number
of cell lines with a sensitivity measure for each drug in each dataset among the 194
cell lines shared between CCLE, GDSC and GSK. Only 70 cell lines have a sensitivity
measure for paclitaxel and lapatinib in GDSC. Moreover, the number of cluster with
less than 3 cell lines goes up to 4 for paclitaxel and 5 for lapatinib. Given the too small
number of cell lines available, we therefore compared only the results between CCLE
and GSK. Comparisons were based on 1C50, the unique measure available in GSK. Two
associations were found in both CCLE and GSK suggesting that lapatinib is inactive
in SKCM and in Mixed 1 clusters (Supplementary Table A.18, Supplementary Figure
A.5 and 10). Prickett et al4 found some evidence that lapatinib may be more active in

melanoma cell lines with ErbB4 mutations than wild-type melanoma cells. However, no
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ErbB4 mutations have been called in melanoma cells from cluster SKCM (16).

2.E Comparison between CCLE, GDSC and gCSI

Since the set of common cell lines and drugs was small between CCLE, GDSC and GSK
(Supplementary Table A.14), we repeated the analysis with the panel introduced by the
Genentech Cell Line Screening Initiative (gCSI) (78). Data were recovered from the
R package compareDrugScreens. A panel of 244 unique cell lines and 5 drugs overlap
between CCLE, GDSC and gCSI. Once again the overlap of cell lines between GDSC
and gCSI is relatively small (Supplementary Table A.14). Drug sensitivity measure was
available for less than 3 cell lines in 4 clusters for erlotinib and lapatinib; in 3 cell line
clusters for crizotinib and paclitaxel. For these reasons, we focused only on PD0325901
when comparing GDSC and gCSI. Two measures of sensitivity are available in com-
pareDrugScreens. In addition to the classical IC50, they introduced the mean viability
statistic that is the arithmetic average of the fitted viabilities at each tested dose. This
metric is closely related to the AUC. We used the mean viability to evaluate the robust-
ness of our cell line classification to the drug sensitivity metric variation.

Height associations were found significant in both CCLE and gCSI using the 1C50 (Sup-
plementary Table A.19, Supplementary Figure A.7,A.8). Among them three were also
found when comparing CCLE to GDSC: ADG cluster sensitive to erlotinib and lapa-
tinib; PD0325901 actives in SKCM. In addition, the resistance of Mixed 1 cluster to
lapatinib found when comparing CCLE to GSK appeared once again significant here.
Additional associations were found specifically. Erlotinib were inactive to treat cells
from Mixed 1, GLSR and SKCM. BCRA cluster was found resistant to PD0325901. Re-
garding the comparison with GDSC, a strong trend could be observed between SKCM
and PD0325901 (gCSI Effect = 0.39, FDR-adjusted p-value =3.05E-10, GDSC Effect =
0.13, FDR-adjusted p-value =0.058).

Considering the mean viability statistic (Supplementary Table A.20, Supplementary
Figure A.9 and A.10), 2 associations among those identified when comparing CCLE
to GDSC were found again: ADG cluster sensitive to erlotinib and SKCM sensitive to
PD0325901. In addition, 8 more clusters were found resistant to erlotinib: SCLC, Mixed
1, HAL, GLSR and SKCM. These findings were supported by several phase II studies
reporting the inactivity of erlotinib in patients with gliomas (145, 190) and melanomas8
as well as the lack of EGFR mutation in small-cell lung cancers (164). BRCA appeared
resistant to the MEK inhibitor PD0325901. It has been shown that PD0325901 is more

active in basal-like breast cancer lines than in luminal and Her2+ lines (83). Indeed,

Chapter 2 57



2. NEW INSIGHT FOR PHARMACOGENOMIC STUDIES FROM THE
TRANSCRIPTIONAL ANALYSIS OF TWO LARGE-SCALE CANCER
CELL LINE PANELS

only 3 out of the 10 breast cancer cell lines from BRCA cluster that have been tested
for PD0325901 are TNBC. For GDSC, similar results than those found with the 1C50
were found regarding the sensitivity of SKCM to PD0325901.

2.F Distinct drug profiles were associated with the various

cell line clusters

The GI cell line cluster was sensitive to drugs targeting the ERK signaling pathway
(MEK1/2, Hsp90): 17TAAG, AZD6244, PD0325901 (Supplementary Figure 2.F.1). The
targeting of this pathway was also found to be effective against the cell lines of the
ADG cluster, but only for drugs targeting EGFR and ERBB2. Furthermore, these cell
lines seems to be particularly sensitive to drugs acting on the cytoskeleton. SKCM cell
lines were sensitive to drugs inhibiting the ERK signaling pathway, regardless of the
protein from this pathway targeted (BRAF, MEK1/2, FLT3, JAK2, NTRK1, RET).
Hematopoietic cells were sensitive to molecules targeting apoptosis, the cell cycle and
the cytoskeleton, and to inhibitors of PARP, topoisomerase I and the ERK signaling
pathway. AKT-INHIBITOR-VIII and MK-2206, two AKT1/1 inhibitors, were found
efficient on BRCA cells. Indeed, the PI3K/mTOR pathway is commonly deregulated in
breast cancer (186). The 15 drugs to which cell lines of the GLSR were sensitive included
seven PIK3/mTor inhibitors. Kinase inhibitors and chemotherapy agents targeting the
mitotic spindle were also identified as potentially effective drugs against GLSR cells.
Chemotherapy agents (gemcitabine, bleomycin, vinblastine) were the most active drugs
for killing cells from the Mixed 1 cell line cluster. The other two heterogeneous clusters
were each sensitive to only one drug: midostaurin-a PI3K/mTOR inhibitor for Mixed
2, and vorinostat, a HDAC inhibitor, for Mixed 3. Finally, the cell lines of the EDOT

cluster were sensitive only to the chemotherapy agent doxorubicin.

Resistance profiles were identified for 163 associations between cell line clusters
and drugs. More than 30% of these associations involved inhibitors of the ERK and
PI3K/mTOR signaling pathways. All but one of the clusters appeared to be resistant
to at least three drugs targeting this pathway. The exception was the Mixed 2 clus-
ter, which was resistant only to the MEK1/2 inhibitor AZD6244). The cell lines of the
various clusters were otherwise resistant to a broad range of diverse drugs. The cell
lines of the SCLC cluster were resistant to the largest number of molecules (22% of all
the drugs tested), including, drugs targeting the apoptosis, NOTCH or Wnt signaling

pathways. Drugs targeting the cytoskeleton, mitosis and replication appeared to be the
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least effective for killing the cell lines of the GI cluster. By contrast, the cell lines of
the ADG cluster were found to be resistant to a drug targeting the cytoskeleton, a drug
targeting the Wnt pathway and a drug targeting G-protein—coupled receptors. Topoiso-
merase I inhibitors, such as topotecan and camptothecin, were found ineffective to kill
BRCA cells. Surprisingly, gemcitabine and methotrexate were also found to be ineffi-
cient against these cells, despite their widespread use in clinical practice. Mixed clusters

presented only a small number of resistant associations.
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Figure 2.F.1: Drugs displaying significantly high (A) or low (B) levels of activity in a
given pair of cell lines (i.e. in CCLE and GDSC) relative to the remaining cell lines. The
138 drugs from CCLE and GDSC were used. Colors correspond to the drug target family.
(C) Distribution, by target family, of the 138 drugs. (D) The drugs significant for each cell

line cluster. Drugs and clusters are ordered by number of associations.
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2.G Supplementary Figures
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The genomic and transcriptomic
landscape of
neoadjuvant-resistant

triple-negative breast cancer

Our team generated high-throughput sequencing data to study the resistance to neoadju-
vant therapy of triple-negative breast cancers. This project was realized in collaboration
with Cécile Laurent and Judith Abecassis. In this study, I supported all RNAseq data
analysis and WES results. Cécile Laurent and Judith Abécassis contributed to generat-
ing the results based on WES data and Cécile helped to analyze them. A brief review
of the literature comparing the tools used to perform alternative splicing analyzes was

conducted by Julie Setbon during her internship.

3.1 Introduction

Triple-negative breast cancers (TNBC) are defined by the absence of estrogen recep-
tor (ER), progesterone receptor (PR) and human epidermal growth factor receptor-2
(HER2) expression. They account for about 15 % of invasive breast cancers and are re-
sponsible for a disproportionate number of breast cancer deaths and breast cancer cases
among young women (60). TNBCs also have a higher incidence of recurrence and disease
progression, with a peak risk of recurrence in the first three years after treatment (130).

They represent an important clinical challenge, as no major improvement in treatment
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has occurred recently. To date, no single targeted therapy has been approved for the
treatment of TNBC, and cytotoxic chemotherapy remains the standard-of-care.

The neoadjuvant setting (i.e chemotherapy before surgery) represents an opportunity to
study and monitor in vivo treatment-sensitivity of the tumor. A pathological complete
response (pCR) obtained after neoadjuvant chemotherapy (NAC) is a strong indicator of
the benefit of chemotherapy since patients have a better prognosis than those with resid-
ual disease (RD). Despite their relative chemosensitivity, 30%-40% of TNBC patients
treated with routine NAC achieved pCR (60). Patients with RD following neoadjuvant
chemotherapy have a worse prognosis and overall survival (104, 177).

Previous studies have attempted to identify chemosensitivity markers by comparing pa-
tients who either achieved pCR or had extensive residual disease after NAC. No individ-
ual genes were identified. Nonetheless, effective pathways were potentially targetable.
Indeed, Jiang et al. (93) showed that TNBC carrying mutations in AR and FOXA1
pathways seems to be more sensitive to chemotherapy. Mutational load has also been
widely studied and a greater number of mutations per tumor and a higher level of im-
mune activation may be associated with chemosensitivity. Molecular profiling of residual
TNBC after NAC demonstrated aggressive pathway activation. For example, resistant
TNBCs present more frequent co-amplification of MYC and MCL1 suggesting a poten-
tial role of MEK inhibitors or alterations potentially targeted by PI3K/AKT inhibitors
or CDK 4/6 inhibitors (13).

However, there is a lack of comprehensive study including matched pre- and post-
treatment samples to identify markers of resistance in TNBC after NAC. In this study,
we examined pre-therapeutic core biopsy samples and corresponding residual diseases
on a total of 15 patients at the DNA and RNA levels. The main goal of this study was
to identify genomic alteration and perturbed pathways induced by NAC.

3.2 Clinical characteristics

A total of 15 patients were included in the cohort (Table 3.1). The median age was 47
years (range:35-75 years), 86.7% (n=13) were premenopausal and 53.3% were overweight
or obese (BMI > 25). Clinically, patients present large tumor size (mean size = 50mm).
Most patients were classified as having stage T1-2 (66.7%, n=10), node-positive breast
cancer (73.3%, n = 11) and grade 3 tumors (93.3%, n =14). All patients received neoad-
juvant treatment, 66.6% (n=10) were treated by sequential epirubicin/cyclophosphamide
and 26.6 % (n=4) were treated by sequential 5-fluorouracil, epirubicin and cyclophos-

phamide (patients 27,29,32,50). Anthracycline based regimen was followed by sequential
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docetaxel for all patients except patient 7. Surgery was performed 4—6 weeks after the
end of chemotherapy. At time of surgery 66.7% of the tumors were RCB III (residual
cancer burden). The average mitotic index and cellularity of the tumor were similar be-
fore and after NAC. Pretreatment core needle biopsies and post-NAC surgical specimens
were available for all patients. Lymph nodes were recovered at time of surgery and only

6 patients had enough material to be sequenced.

[Variables Overall
15
Age <40y 2(13.3%)
40-55y 11 (73.3%)
>55Y 2 (13.3%)
BMI <19 2(13.3%)
19-25 5 (33.3%) Variables Primary Tumor | Residual Disease
>25 8 (53.3%) 15 15
Menopausal status post 2(13.3%) Mitotic index 54 [4 - 100] 53 [3 - 2501
pre 13 (86.7%) Mitotic index cat | =< 10 1(6.7) 1(6.7)
BRCA status* mutated 2 (12.5%)
non mutated 14 (87.5%) 1-22 3(20.0) 1(6.7)
Clinical tumor size 50 [20 - 140] >22 1(73.3) 13 (86.7)
Clinical T stage T1-T2 10 (66.7%) Tumor cellularity 70 [30 - 90] 70 [10 - 95]
T3 5(33.3%) DCIS, n (%) yes 3(20.0) 10 (66.7)
Clinical N stage No 5 (33.3%) no 12 (80.0) 5(33.3)
N1-N2-N3 10 (66.7%) IT TILs 5[0-40] 5[0-30]
Elston-Ellis grade I-11 1(6.7%) Str TILs 20 [5- 70] 5 [5- 60]
I 14 (93.3%) Qualitative variables: number (percentage)
Mammary surgery lumpectomy 7 (46.7%) Quantitative variables : median [range]
Mastectomy 8 (53-3%)
Axillary surgery sentinel node biopsy 1(6.7%)
axillary dissection 14 (93.3%)
Histological tumor size (median [range]) 23[10 - 60]
Number of positive lymph nodes o 5(33.3%)
1-3 5(33.3%)
>=4 5 (33.3%)
Residual Cancer Burden 11 5(33.3%)
111 10 (66.7%)
Lymphovascular invasion after NAC no 9 (64.3%)
yes 5(35.7%)

*According to Whole Exome Sequencing data for BRCA1 (n=1) and BRCA2 (n=1)
Qualitative variables: number (percentage)
Quantitative variables : median [range]

Figure 3.1: Patients and tumors characteristics in the neoadjuvant cohort.

3.3 Transcriptomic analysis of neoadjuvant-resistant triple-
negative breast cancer
3.3.1 Gene expression profiles before and after NAC

We performed unsupervised two-way hierarchical clustering to characterize our tumor
samples based on common transcriptomic profile. The clustering was based on the 2,426

most variant genes selected by the inflection point method (see material and methods).
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Remarkably, all samples for each patient were clustered together with no prominent
changes in overall gene expression. Only the primary tumor (PT) of patient 1 was sepa-
rated from its residual disease (Figure 3.2). These results suggest that the main source
of variation between samples was not associated with NAC. Patients clustering showed
four groups (clusters I-IV) characterized by the high expression of distinct gene modules.
Gene ontologies enrichment analysis suggests that cluster I was driven by extra-cellular
matrix genes. Patients from cluster /1 were characterized by a high expression of ECM
and T lymphocytes related genes (Immune-module). Cluster I/I has shown a high
expression level for genes involved in the nervous system processes and metabolism. Fi-
nally, the genes expressed primarily by cluster IV were enriched in metabolism. These
groups of patients express almost exclusively a given group of genes, suggesting that

heterogeneous groups of TNBC may have been selected.

Our lab has recently published a six-metagenes signature of 167 genes to classify the
TNBCs (see chapter 5.1 on page 119). We computed the six metagenes in each sample
and compared their expression before and after NAC for each patient. We defined a
score as the sum of the absolute differences in the expression levels of each metagene
between the PT and RD samples (Figure 3.3 A & B) to quantify the differences between
both conditions. The signature highlights patients for whom NAC induced no or very
small changes in their transcriptome and patients with high differences before and after
treatment. Three patients presented changes in expression for the androgen receptor
(AR) metagene (patients 27, 35, 45). Changes in the expression levels of Matrix/Invasion
metagene were observed in six patients (patients 1, 7, 9, 36, 40, 43) and six patients
showed modifications in Immunity metagenes levels (patients 7, 9, 29, 40, 43, 50). We
noted that these changes were not unidirectional (not all PTs appeared down-regulated
compared to RDs for a given metagene and reciprocally).

Several changes have been identified in the genes involved in immunity processes. We
investigated lymphocyte infiltration based on histologic microbiopsy specimens where
the presence of stromal tumor-infiltrating lymphocytes (TILs) was evaluated. Patients
1,9, 29, 35, 37 and 43 has lowed percentage of stromal TILs after NAC than before, while
patients 7, 32, 36, 45, 46 were more infiltrated after treatment. However, the percentage
of stromal TILS was low for 14 patients (< 60 (50)) (Supplementary Figure 3.A.2 on
page 94). We further investigated tumor infiltration by immune cell populations of our
samples using the MCP counter algorithm (18). Individually, patients displayed distinct
immune profiles across conditions (Figure 3.3 C and Supplementary Figure 3.A.1 on
page 93). Patients 7, 9, 40, 43 and 50 exhibited strong changes in the abundance of the
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Figure 3.2: Gene expression clustering with RN Aseq data based on the 2,426 most

variant genes. Data have been rlog transformed.

immune cell population whereas patients 1, 32, 35, 36, 37, 45 showed almost no change.
Based on all samples, PTs have a significant lower expression of B cells compared to
RDs and lymph nodes (LN) samples (Figure 3.3 D, p-values<0.005).

3.3.2 Differential gene expression related to NAC

We assessed the transcriptomic modifications that occurred during NAC using differen-

tial gene expression analysis. A small set of 58 genes was found significantly differentially
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Score that estimates the changes between primary tumors (PT) and residual diseases (RD)
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expressed between PTs and RDs (FDR-adjusted p-value < 5%, Supplementary Figure

3.A.3 on page 95). Among them some known oncogenes and tumor suppressor genes were
found (DUSP1, FOS, EGR1, NR4A1, PAX5). Similarly, the comparison between LN
and PT identified 46 differentially expressed genes (DEG) Supplementary Figure 3.A.4
on page 96) and no genes were found differentially expressed with a 5% FDR-adjusted

p-value between LNs and RDs. These results suggest that gene expression profiles are

closer between post-NAC samples (lymph nodes and residual diseases samples) compared
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to primary tumor samples. No genes were found in common to the three comparisons.

The DEGs of the PTvsRD and PTvsLN comparisons were enriched in processes induc-
ing response to drug, organophosphorus compounds and purine-containing compounds,
consistent with exposure of the samples to epirubicine and cyclophosphamide. In ad-
dition, genes involved in the activity of RNA polymerase II have been overexpressed
in post-NAC samples, suggesting a high transcriptional activity in response to drugs.
Several genes involved in proliferation and cancer progression have been identified (FOS,
DUSP1, PTGS2, EGR1, CYR61, C7).

3.3.3 Roles of alternative splicing regulation to NAC-resistance

Alternative splicing (AS) is a major source of protein diversity in humans. Differences in
the relative expression of isoforms allow the cells to adapt to their environment. There-
fore, a gene may have the same level of expression but produce different isoforms and
different proteins. The small number of genes with significant variations after expo-
sure to NAC was surprising and led us to assess AS events. The exon inclusion level
of each detected event was computed and assessed for significance using the rMATS
algorithm (162). We identified 295 skipping exons (SE), 149 mutually exclusive exons
(MXE), 36 alternative 5’ splice site (A5SS), 41 alternative 3’ splice site (A3SS) and 11
retention of intron (RI) differentially regulated between PT and RD samples. In total,
360 AS events were identified in 425 unique genes with the majority (>68%) occur-
ring in 16 or more samples. Some of these genes were known to be associated with
tumorogenesis (AGRN, AKT1, ASPSCR1, BCAR4, CDKN1A, CHL1, EIF3E, IKZF1,
LAPTM4B, MDM4, PTK2B, RUNXI1, SBSN, STIL, STRA6) or TNBCs and breast
cancer (ABCC11, ADA, AURKB, CARS, CAST, CD14, CPMEIF3E, NCOR2, PGC,
PTS, RAD52, SMARCA4, TOP2A, TPO). The 314 multi-isoform genes were enriched
in protein serine/threonine kinase inhibitor activity, histone demethylase, integral and
intrinsic component of mitochondrial outer membrane and many pathways involved in
NOTCHI1 signaling.

Interestingly, a perfect separation between PTs and RDs can be observed based on the
exon inclusion levels of the 181 significant splicing events that occurred in all samples
(Figure 3.4 A). The correlation between the exon inclusion level and gene expression was
low for 98% of the genes (Pearson correlation < 0.4), indicating that expression level
was probably not the cause of the altered splicing patterns observed. Except the tumor

suppressor PAX5, no splicing events occur in DEGs.

The number of significant differential splicing events (SDSE) between PTs and RDs
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with LNs was very large. In total, 784 SDSE in 665 genes were found between PTs
and LNs and 1146 SDSE in 922 genes were identified between RDs and LNs. While cas-
sette exons represented more than half of the splicing events between pre- and post-NAC
samples (51% PTvsRD and 55% PTvsLN), it represented 44% of all significant events be-
tween RDs and LNs (Figure 3.4 B). The correlation between the exon inclusion level and
gene expression was low for most of the genes (78%) and only NR4A1 was differentially
spliced and expressed. Significant multi-isoform genes between PTs and LNs were en-
riched in transmembrane transporter, PI3K/AKT/FGFR cascade and its downstream
signaling activity (PI-3K cascade: FGFR1/FGFR2/FGFR3/FGFR4, PI3K events in
ERBB?2 signaling, PI3K/AKT activation). Several studies have shown that PI3K/ AKT
pathway protects against anthracycline-induced apoptosis and was associated with re-
sistance to microtubule-targeting drugs (66, 108, 182). The gene differentially spliced
between RD and LN display a variety of gene ontologies that were heavily enriched in
cilium morphogenesis, assembly and organization, component of Golgi membrane and

integrin complex/cell adhesion.

Previous studies report that predominant splicing events detected between cancer-
ous and normal breast samples are SE and RI (55). The majority of the significant AS
events detected in our study were SE that accounted for more than half of our detected
events but RI accounted for only 3% of the spliced events detected in each comparison.
The second most predominant splicing event in our sample was MXE (PTvsRD:33%,
PTvsLN:24%, RDvsLN:38%). Only 30 mutli-isoform genes were identified in all three
comparisons. This set represented around 1% of all identified mutli-isoform genes. The
proportion of each kind of AS event was very similar in each comparison, suggesting
that the difference in splicing between each condition is due to the selection of the target
genes for splicing rather than the general predominance of a particular general splicing
mechanism (Figure3.4 B). Two members of the superfamily of ATP-binding cassette
(ABC) transporters, ABCC11 and ABCC12 were commonly spliced between all condi-
tions. Two more members of this family were specifically identified when we compared
PT against LN (ABCB4) and RD against LN (ABCC3). The ABC transporters family is
known to be important mediators of chemoresistance. Park et al (134) have studied the
role of the ABC transporters in patients that received neoadjuvant therapy (FEC plus
paclitaxel). The authors have demonstrated that patients with residual disease over-
expressed genes of the ABC transporter family compared to patients with pathological

complete response.
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Figure 3.4: Alternative splicing profile of neoadjuvant-resistant triple-negative
breast cancers. A) Clustering based on the significant spliced events detected between
primary tumors and residual diseases. B) Distribution of differentially spliced events
between primary tumors and residual diseases (PTvsRD), residual diseases and lymph
nodes (RDvsLN), primary tumors and lymph nodes (PTvsLN). RI=Intron Retention,
A3SS=Alternative 3’ splice site, A5SS=Alternative 5 splice site, MXE=Mutually exclu-
sive exon, SE = Skipping Exon.

3.3.4 The regulation of AS during NAC is induced by numerous RNA
binding proteins

The regulation of AS involves specific splicing factors that can regulate splicing positively
or negatively (35). Given the very small set of genes regulated by AS in common
under all conditions, we hypothesized that different splicing factors were active in each
condition. The identification of the splicing factors responsible for these changes may
provide potential targets for reversing chemo-resistance. RNA binding proteins (RBPs)
are splicing factors that influence AS patterns by binding to pre-mRNAs in the exons
or introns flanking alternative exons. We performed RBP-binding motifs enrichment

analysis near alternative exons with an improved version of rMAPS (133), that reliably
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correct for multiple testing and allow to precisely identified the binding position of the
RBP (see material and method). This method is detailed in chapter 4.

We analyzed a collection of 112 well-characterized RBPs from the literature (9, 51,
148). Motif enrichment analysis was performed separately for each comparison. A total
of 74 unique RBPs were found to be significantly enriched around all regulated ex-
ons (PTvsRD=47, PTvsLN=27, RDvsLN=25) (Supplementary Figure B.2, B.3, B.4 on
page 245). Many of these splicing factors have been previously associated with aberrant
splicing in large cohort of breast cancers (166, 211). A set of 6 RBPs were found enriched
in all comparisons (QKI, RBM28, RBMS, SF2/ASF, SRSF7 and YBX1). The genes that
encode these RBPs were among the top 10% most expressed genes in the cohort (only
RBM28 was slightly less expressed). Distinct RBPs were reported in each comparison.
For example, members of the RBFOX classes of splicing factors were involved in the
regulation of spliced exonbetween PTs and RDs. Former studies report strong an as-
sociation of these splicing factors with the epithelial-mesenchymal transition in breast

cancer (59, 160) leading to a more aggressive and metastatic disease.

Given the number of genes regulated by splicing events with respect to the num-
ber of genes with differential expression and the number of relevant RBPs implicated,
alternative splicing appears to be a prevalent mechanism induced by the neoadjuvant

chemotherapy.

3.4 Copy number profiling of neoadjuvant-resistant triple-

negative breast cancer

3.4.1 Heterogeneity of copy number profiles

We analyzed the copy number profiles of 23 samples for which normal tissues were avail-
able. These samples correspond to 10 patients with primary tumors and residual diseases
samples; 3 of these patients also had lymph node samples. The copy number profiles were
determined with whole exome sequencing data using the R package FACETS, which also
provided purity and ploidy estimates (161). We observed a total of 1,635 breakpoints
and a median of 70 breakpoints per sample. The median ploidy was equal to 2.74, the
patient 34 was tetraploid and 3 patients were triploid (Supplementary Figure B.5 on
page 248). Post-NAC samples had more rearrangements than primary tumors (aver-
age number of breakpoints PTs = 62, RDs =80.8, LNs=69, significant paired Wilcoxon
test between PTs and RDs; p-value = 0.002). Altered segment size could be long in
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individual samples (average size ~33Mb). However, when we compared among multiple
patients, the boundaries of copy number variations (CNV) were tightened making the
average altered CNV segment of ~ 2Mb. 362 segments were defined as amplifications
(over 5 copies) and 68 as deletions (0 copy) with average segment size of ~1.7 Mb and
1.4 Mb respectively. However, we observed more losses (8145 with 1 copy and an average
segment size of ~3Mb) than gains (4633 with an average segment size of ~2Mb). On
average, an individual sample had 15.7 amplified segments, 201.4 segments gained, 2.9
deleted segments and 354.1 segments lost. Figure 3.5 displays a frequency plot summa-
rizing the distribution of DNA copy number aberrations by condition. Frequent DNA
copy number alterations were found in all conditions. We observed recurring gains (over
30%) at 1q, 8q and 20q and recurrent losses (over 50%) at 3p, 5q, almost all chromosome
6, 8p, almost all chromosome 9, 10q, end of 11q, 12q, 15q, 17p and 21q . These results

are consistent with previous large scale studies (183, 210).
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in 10 patients with primary tumors and residual diseases samples, including 3 lymph nodes.

The gains and amplifications are represented in red, the losses and deletions in blue.

Several focal amplifications (segment smaller than 10 Mb and over 5 copies) were

found in 12 samples, mostly in samples from the same four patients (Figure 3.6 A).
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Focal amplifications occurred in 898 genes including 47 known oncogenes. Among them,
we can cite CDK6, CXCL1, CXCL2, FOXA1, MDM2, MLLT11, MYC, PPM1D, TBX2
and WT1, which have already been linked to breast cancer. However, no recurrent focal
amplifications were identified between patients. Homozygous deletions were observed in
8 samples from 6 patients (Figure 3.6 B). The most frequent homozygous deletions relate
to the cyclin-dependent kinase inhibitor genes : CDKN2A, CDKN2A-AS1, CDKN2B (3
patients, 30%). These genes are known tumor suppressor genes and regulators of the
cell cycle. They are frequently mutated or deleted in a wide variety of tumors and asso-
ciated with a high proliferative state. Homozygous deletions were detected for 471 genes
including 81 tumor suppressor genes. We can note that residual disease of patient 56
and lymph nodes from patient 34, shared homozygous deletions of 31 tumor suppressor

genes located at chromosome 8p.

Multiple amplifications and deletions have been reported in TNBCs at different fre-
quencies (46, 183). MYC plays a role in multiple hallmarks of cancer including those
involved in cell proliferation, metabolism, cell death, and cell survival and has been re-
ported as amplified in TNBCs (85). MYC was amplified in 43% of our samples (Figure
3.6 C). Gains of PIK3CA and EGFR were detected in 39% of the samples but were pre-
dominantly found in samples from the same patients. Finally, PTEN was lost in more
than 50% of the patients, which is more frequent than the 25-30% of cases previously
reported (183). Some genes, like KIT or FGFR2 have been previously reported as fre-
quently gained in TNBC, they were predominantly lost in our cohort.

3.4.2 Matched residual/primary tumor CNV analysis

The variation of the number of copies of the residual disease with respect to the corre-
sponding primary tumor showed patients with very different profiles (Figure 3.7). We
quantify the similarity between the genomic profiles using the similarity measure in-
troduced by Bollet et al (26). This measure corresponds to the number of common
breakpoints, divided by the mean number of breakpoints in either a primary tumor or
a residual disease. The mean similarity between PTs and RDs was of 0.46 suggesting
that many modifications occurred between the two time points. Patients 34 and 35
demonstrated the highest similarity score (over than 0.8) and patients 29 and 32 the
lowest (less than 0.25). While similarity between pre- and post-NAC samples was rela-
tively low, clustering based on this measure groups all samples from the same patients
together (Figure 3.6 D).
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Figure 3.6: A) Number of focal amplifications per sample. B) Number of homozygous

deletions per sample. C) Copy number profile of genes previously reported altered in TNBCs.
MYC and FGFR1 were reported as amplified, PIK3CA, KRAS, BRAF, EGFR, FGFR2,
IGFR1, KIT and MET as gained and PTEN was reported as deleted. D) Sample clustering
based on the similarity measure introduced by Bollet et al 2008.

No recurrent segment amplified or deleted were found in common to all patients. 123
amplifications were observed in PTs, 131 in RDs and 108 in LNs. However, these am-
plifications were mostly found in the same six patients before and after NAC (patients
27, 32, 34, 36, 45, 56). These observations suggest that some tumors are more prone
to amplifications than others. A small number of deletions were found only in the pri-
mary tumor of patient 29. We detected deletions in 6 residual diseases and 2 lymph
nodes specimens. Patient 56 had a huge number of deletions compared to the others
RDs (n=56 vs 4.4 in average for the remaining samples). Deletion appeared here as a
mechanism specific to post-NAC samples.

Patient 35 displayed an almost full genomic profile with one copy in the primary
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tumor and residual disease. Only chromosomes 7, 19p and 20 had two heterozygous
copies. The two-copy state LOH was detected at 1q. Further, chromosome 15p was
almost amplified (copy number = 5). Patient 35 appeared clearly as a very rare case of
tumor. While her clinical profile was consistent with the average cohort characteristics ,
her gene expression profile appeared as outlier when performing a principal components
analysis based on gene expression profiles (data not shown). We were also surprised
by the very high tumor purity estimated by FACETS for both samples (0.96 PT, 0.86
RD). As an alternative, allele-specific copy number profile of samples from patient 35
were retrieved with R package sequenza (58). Similar copy number, ploidy and purity
were found (data not shown). Whether these findings are real or due to artifacts in the

analysis pipeline remain to be investigated.

Amplification of ERBB2 was detected in all three samples from patient 56 (ERBB2
copy number: PT=17, RD=16, LN=15). However, this patient was defined ER-/PR-
/ERBB2- by immunohistochemistry (IHC) and FISH before treatment. These results
were verified by a novel IHC analysis confirming that ERBB2 was not amplified in the
primary tumor (IHC score = 0) but shows an equivocal amplification in the residual
disease (IHC score = 2+). We are currently waiting for results using FISH analysis.
If these results are confirmed they could have guided the adjuvant treatment of this

patient.

3.4.3 CNVs reflect sub-clonal selection under NAC

The evolution of the copy number profile between the two time points can help to esti-
mate the clonal selection of the tumor during chemotherapy. Indeed, even though tumors
are prone to genome instability, some events had almost no probability of occurring in
the same cell and can reasonably be considered coming as derived from sub-clonal se-
lection. An example of this type of ”impossible events” is a segment that is deleted in
the primary tumor but is gained or amplified in the residual disease. We then count for
each patient the number of impossible events between PTs and RDs (see material and
methods). A total of 197 impossible events occurred in 9 patients with an average size of
1.4 Mb (min= 3 bases, max= 13Mb). They mainly occurred on chromosomes 1, 6, 11, 16
and were absent from chromosome 13 and 18. No such events were observed in patient
35, only one event was observed in patient 34 and 4 in patient 27. The average number of
impossible events in the remaining patients was 27.4. We observed the greatest number
of this kind of alteration in patients 32, 29 and 45 (n=40, 38 and 31 respectively). 95% of

the impossible events were unique. The remaining segments concerned do not appear in
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more than 2 patients. We may hypothesize that early sub-clonal selection events would
allow a longer divergence time between PT and RD and would result in a large number
of CNV differences. These differences in tumor progression timelines may be critical to
better understand the mechanisms of chemoresistance.
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Figure 3.7: The variation of the number of copies of the residual disease with

respect to the corresponding primary tumor. Only segments that were not similar
between each matched patient sample were shown.

Overall these results show that no recurrent copy number alterations were present
in more than 50% of the patients or common to a specific condition. The copy number
profiles were very patient-specific reflecting the heterogeneity of the triple-negative tu-
mors present in our cohort. In addition, major modifications of the copy number profile
occurred between primary tumors and residual diseases suggesting sub-clonal selection

induced by the chemotherapy.
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3.5 Mutational profiles of neoadjuvant-resistant triple-negative

breast cancer

3.5.1 Overall detection of genetic alterations

The mutational profile was retrieved for the 20 samples for which normal tissue were
available. After filtering on possible false positive somatic variants and filtering on
non-somatic polymorphisms, the average number of mutations per megabase was 1.09
(range 0.08-2.5). Primary tumors appeared to be less mutated than residual disease and
lymph node (0.93, 1.19, 1.37, respectively) (Figure 3.8 A). These results confirm to the

prevalence of somatic mutations in breast cancer published by Alexandrov et al. (4).

We investigated the mutational spectrum of six transitions (Ti) and transversions

(Tv) in our collection. We found more transversions C>A compared to previous study
(94), followed by C>T and C>G (Figure 3.8 B). We observed an average of 131 somatic
nucleic variants (SNV) per sample (range 42-297), with an average of 114 mutations in
primary tumors, 139 in residual disease and 167 in lymph nodes. Half of these SNVs
were exonic, the remainder being intronic or intergenic mutations.
We detected large variations in the number of mutations per sample in the cohort. Pa-
tient 1 was the least mutated patient with about 50 somatic SNVs (with 66% represent
exonic SNVs), while the patient 35 was the most mutated with more than 270 mutations
(around 50% corresponded to exonic SNVs)(Figure 3.8 C).

We assessed the status of known germline mutations that have been described previ-
ously in breast and other cancers. Only two patients with germline mutations in BRCA1
and BRCA2 were identified (Patientl : BRCA1- non-synonymous exonic g.41245027G>A
and Patient46: BRCA2 - non-synonymous exonic g.32912361G>A). Two patients (pa-
tients 34 and 35) were mutated in ATM (Ataxia telangiectasia mutated), a DNA damage
response gene. Three patients were mutated in BAP1 but these mutations were exonic
synonymous or intronic mutations (Patient 9, 37 and 36).

A total of 1030 genes containing somatic mutations were detected in primary tumors
and 1254 in residual diseases. 334 genes were found mutated in the 2 nodes. The most
mutated gene of the cohort was TP53 (7 out of 9 patients , 80% of the samples). All of
the following genes with somatic mutations detected were found in only 2 or 3 patients
(Figure 3.8 D). Somatic mutations in BRCA2 were found only in patient 1 (intronic
SNV in PT and RD). No systematic mutational pattern was observed between primary

tumors and residual diseases.
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Figure 3.8: Mutation pattern and spectrum in pre- and post-neoadjuvant from

9 resistant triple-negative breast cancer cases. A) Distribution of somatic mutations

per megabase. Non-silencing mutations have been defined as an exonic stopgain, stoploss or

non synonymous. B) The mutational spectrum of transition and transversion C) Number of
mutations per sample stratified by type of SNV. D) Genes with somatic mutation frequently

detected (in at least 3 samples).

Somatic mutations have already been reported in large cohorts of breast cancers (110,

129). Based on a list of 128 genes known to breast cancer, only 65 mutations were

found in our cohort mostly in a single sample or patient (Supplementary Figure 3.A.6

on page 98).

We next investigated whether known pathways were differentially mutated across
conditions using the methodology proposed by Lips et al. (106). Using REACTOME
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pathways, we defined a mutated pathway if at least one of its gene members was mu-
tated. We then performed the Fisher’s exact test to identify pathways potentially more
or less mutated in each condition. Of the 634 REACTOME pathways identified with at
least one mutation in at least one sample, only one pathway was significant (p-value=
0.043) and found in 5 RDs : JNK ¢-JUN kinases phosphorylation and activation medi-
ated by activated human TAK1. However, the association did not remain statistically
significant after correcting for multiple testing. 22 pathways were found specifically in
RDs, including 9 that were found in 3 to 4 samples. They correspond to pathways
involved in JNK and NFxB activation mediated by activated human TAK1 or related
pathways (TAK1 activates NFxB by phosphorylation and activation of IKKS complex,
CA dependent events, SOS mediated signaling, RAF/MAP kinase cascade, signal regu-
latory protein SIRP family interactions, RIP-mediated NFxB activation via DAI ,PKA
mediated phosphorylation of CREB, SMAD2 SMAD3 SMAD4 heterotrimer regulates
transcription).

We observed different types of mutational profiles per sample (Supplementary Figure
3.A.5 on page 97). Residual diseases of patients 29, 32 and 36 shared a large number of
mutations with their matched primary tumors (70% for patient 29, 75% for patient 32
and 93 % for patient 36). However, the large number of mutations specific to residual
diseases suggests that tumors remained almost unchanged but have continued to ac-
cumulate alterations. These results may reflect an increased genomic instability under
treatment. Approximately 50% of the mutations were found in the PT of patients 1 and
27 was found in the RD. However, more than 50% of the mutations found in the RD
were specific. Finally, clear differences between primary tumor and residual disease were
observed for patients 34, 35, 45, 50, with less than 35% of mutations in common. These

findings may indicate sub-clonal selection under treatment.

3.5.2 Mutational Signatures in NAC resistant TNBCs

Mutational signatures have been recently introduced as being representative of specific
mutational processes. We used the R package deconstructSigs (153) to extract known
mutational signatures (4) that might contribute to the specific mutation profiles of pre-
and post-treatment SNVs. Applied to our 20 samples, 17 signatures were revealed, in-
cluding 10 previously observed (4, 128, 129) (Figure 3.9 and Supplementary Figure B.6
on page 249). These signature have been associated with age at diagnosis, activity of
the AID/APOBEC family, failure of DNA double-strand break-repair by homologous

recombination, defective DNA mismatch repair, and altered activity of the polymerase
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POLE. Other detected signatures have been formerly reported only in a small number of

cancers. Signature 12 has been reported only in liver cancer and signature 14 has been

found in gliomas low grade and uterine carcinomas. Both signatures have unknown ae-

tiologies. Signature 7 was associated with exposure to ultraviolet light and detected in

head and neck cancers, oral gingivo-buccal squamous carcinomas and melanomas. Fi-

nally, signature 4 was detected in a large panel of cancers and associated with tobacco

mutagens. Alexandrov et al. could not validate the signatures R2, R3 and Ul. However,

the signature R2 was found in 35% of our samples.

The patterns of mutational signatures were almost the same between primary tumors

and corresponding residual diseases. However, we could note the presence of 1 or 2 sig-

natures specific to each matched samples. The same signatures were found in patients
34 and 50 before and after NAC, at the opposite of patient 32 with 4 or 3 signatures

specific to each condition. Interestingly, the signatures observed in LN have always been

found in their matched PT and RD.
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have been previously associated with breast cancer.

3.5.3 Functional pathways altered in drug-resistant TNBC

Several key pathways have already been reported altered in post-treatment triple-negative

breast cancer samples. Based on the functional groups used by Balko et al. (14), we

have observed three alterations in three patients that were present in all their pre- and
post-NAC samples (patient 32 amplification CDK6, patient 34 amplification FGFR1,
patient 36 amplification CCND3) (Figure 3.10 A).

Different definitions may exist on altered cancer pathways.
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our analysis by examining 11 pathways reported by Lorio et al. (110). We iden-
tified 8 pathways altered in our cohort (cell cycle, DNA repair, PI3K/AKT/mTOR,
RAS/RAF/MEK/ERK, RTK signaling, cell death, TP53 signaling and transcription
signaling) (Figure 3.10 B). All samples have alterations in at least one of these path-
ways. TP53 signaling was the most altered pathways in PTs and RDs and we observed a
major increase of alterations in cell cycle signaling in RDs. The number of alterations re-
mains stable in most processes, but the loss of alterations in the post-treatment samples
in the two associated Ras-ERK and PISK-mTOR pathways can be noted.

3.5.4 Clonal mutational heterogeneity

To characterize the clonal architecture of pre- and post-neoadjuvant triple negative
breast cancers, we performed sub-clonality analysis using QuantumClone (48). Most
of the patients showed important changes in clonal composition after therapy. We ob-
served many loss of mutations or increased frequency in the post-treatment samples of
clones that were uncommon in the pre-treatment sample (Supplementary Figure B.7 on
page 251). Although these changes could be accounted for by sampling effects, they
may provide evidence of significant sub-clonal selection. The mean number of subclones
estimated per sample was 4.9 (range 3-9). The patient 35 had the largest number of
estimated clones suggesting numerous tumor changes. We did not observe a significant
association between the predicted number of clones and the number of mutations per pa-
tient across the cohort (Spearman’s rho=0.24, p-value=0.47). We searched for mutations
that could confer selective advantage in each sub-clones. Putative driver mutations were
determined as being predicted deleterious by at least three prediction tools (FATHMM
(165), SIFT (127), PolyPhen (2) and SNPeff (37)). 30 clones out of 46 harbored driver
mutations (average of 3.1, range:1-10). We observed more putative driver mutations in
clones belonging to RDs (mean=4.3, range:1-8, 13 clones in 9 patients) compared to
those from PTs (mean=2.7, range:1-10, 11 clones in 9 patients). However, the difference

was not significant.

3.6 Personalized medicine

At present, the standard of care in the post-NAC setting for TNBC patients is obser-
vation. Patients with TNBC who resist to neoadjuvant chemotherapy are less likely to
respond to conventional antineoplasic treatment as the tumor or future metastases have
been exposed to chemotherapy in the neoadjuvant setting. Screening for actionable genes

with somatic mutations in resistant sub-clones may reveal great potential for adjuvant
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Figure 3.10: Targetable pathways in TNBCs. A) Pathways associated with cancer
reported by Balko et al. (14). B) Pathways associated with cancer reported by Lorio et al.
(110).

trials. We evaluated the druggability of genes with non-silencing somatic aberrations for
each clones by recovering gene-drug interactions from curated FDA approved, preclinical
and clinical databases through rDGIdb (184, 200). A total of 663 current or prospective
molecules interact with 91 genes with somatic non silent mutations found in the cohort.
More than 80% of the estimated sub-clones had mutations in genes possibly actionable

(Supplementary Figure B.7 on page 251). Importantly, distinct tailored drugs could
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Table 3.1: Patients with specific alterations that can benefit from targeted ther-
apies. Drug-genes interaction were retrieved from FDA approved and currated databases
(rDGIdb (184, 200)), and two clinical trials SAFIR01 (10) and SHIVA (99).

Genes | Alteration type PT RD PT and RD Drug
FGFR1 Amplification 0 0 Patient 34 E_3810, Everolimus, GDC_0980, BGJ398
FRS2 Amplification 0 0 Patient 27 Sorafenib
MDM2 Amplification 0 0 Patient 27 ROb/503781
PDGFRB Mutation 0 0 Patient 32 Imatinib,Sorafenib
KIT Mutation 0 Patient 35 0 Imatinib, Midostaurin
RET Mutation 0 Patient 36 0 Imatinib
STK11 Mutation Patient 1 0 0 Everolimus
BRAF Mutation Patient 50 0 0 Vemurafenib, Cobimetinib ,Trametinib

be assigned to primary or residual cancer. Among the 153 drugs found in more than
two patients, 58 were inhibitors of proteins or tyrosine kinases, MEK inhibitors or other

targeted therapies (Figure 3.11).

We then restricted our analysis to gene-drug interactions based only on drugs that
were FDA-approved or used in two recent major prospective trials SAFIR01 (10) and
SHIVA (99) (Table 3.1 and Supplementary Figure3.A.7 on page 99). The goal of these
two studies was to assess the efficacy of several molecularly targeted agents outside their
indications on the basis of tumor molecular profiling. 8 patients of our cohort were
eligible for targeted therapies according to predefined study algorithms. Interestingly,
three patients (27, 32, and 34) have alterations found in their primary tumor that per-
sist after treatment (FGFR1, FRS2 and MDM2 amplification and PDGFRB mutation).
Similarly, patients 35 and 36 have alterations that emerged in their residual diseases
(ERBB2 amplification, KIT and RET mutation). A dedicated targeted therapy using
imatinib or trastuzumab could have been proposed as an adjuvant treatment to these

patients.
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3.7 Discussion

We report the transcriptional landscape and genomic profile of a cohort of 16 patients
with neoadjuvant-resistant triple-negative breast cancer. The selected patients were
chosen to represent tumors highly resistant to standard-of-care anthracyclines-taxanes
chemotherapy. To our knowledge, this is the first study dedicated to analyse the resis-
tance of TNBC to neo-adjuvant chemotherapy with pre- and post-treatment matched
samples based on WES and RNAseq data.

Studies based on large cohorts of TNBC tumors have shown extensive genomic and
transcriptomic tumor heterogeneity (46, 100, 183). Although our cohort is small with
16 patients, we also observed large heterogeneity among our patients. We first identi-
fied four groups of patients according to their gene expression profiles. At the individ-
ual level, some patients had changes in gene expression for AR and immune modules,
while others had no change for 5 TNBC-related processes. In addition, we observed a
greater inter-tumor heterogeneity than intra-tumor heterogeneity suggesting that indi-
vidual variations are greater than those induced by NAC. The heterogeneous nature of
TNBC could be one of the reasons why we found only a very small set of differentially
expressed genes between conditions and why no mutation or copy number alteration
was associated with a given condition. Similar results have previously been reported on
TNBC (13, 93, 106) suggesting that hundreds of different genomic alterations may be

associated with resistance to standard neoadjuvant chemotherapy.

Evidence for clonal selection under treatment was observed at both CNV and SNV
level. One of our initial hypotheses was that a clonal selection was made under treat-
ment, leaving one or more clones resistant to chemotherapy. We have identified several
sub-clones emerging in the residual disease, but it remains unclear how much they are
related to NAC resistance. Although genome transcriptome concordance remains un-
clear (3, 124), it was surprising to detect almost no modification in gene expression.
However, we identified many alternative isoforms differentially expressed between condi-
tions. Among the genes differentially spliced between PTs and RDs we can cite TOP2A,
NOTCHI1, ABCC11 and MDM4. TOP2A encodes the DNA topoisomerase I1 involved
in both DNA replication and transcription. The anthracyclines block the topoisomerase
IT that causes DNA lesions. Many isoforms are produced by TOP2A. They are orga-
nized into cytoplasmic isoforms that are functionally inactive, as opposed to nuclear

isoforms. These regulate the transport of proteins between the cytoplasmic and nuclear
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compartments, which can reduce the concentration of the drug in the cell (49, 123). The
NOTCHI gene is a member of the NOTCH family that regulates the proliferation of can-
cer cells. NOTCHI has been associated with multi-drug resistant genes such as ABCC11
and MDM4 (MRP1) in triple-negative breast cancer (23, 36, 215). In addition, our study
suggests that many RNA binding factors regulated AS events. The deregulation of RNA
binding factors may plays an important role in NAC resistance of TNBCs. The exact
cause of deregulation of RBP remains unknown, as are their individual and combinato-
rial impacts on TNBC resistance. Nevertheless, the over-representation of some RBP
binding sites and the distinct profiles of alternative transcripts could be biomarkers po-

tentially useful in the management of TNBCs.

The analysis presented here has some limitations inherent to the small number of pa-
tients studied. The identification of recurrent genomic alterations and altered biological

processes was then limited.
Another limitation is the lack of tumor-matched normal DNA for 6 tumors

However, our small cohort have highlighted two rare cases of TNBCs. 1) One patient
with an almost full genomic profile with one copy in the primary tumor and residual
disease, 2) one patient with ERBB2 amplification. While we observed ERBB2 ampli-
fications in pre- and post-NAC samples, the amplification have been so far confirmed
only in the residual disease. IHC and sequencing analyses were performed on different
core biopsy specimens, which prevent us from making definitive conclusions. Indeed,
spatial tumor heterogeneity may be responsible of this inconsistency. However, it has
been shown that in some cases the hormonal receptor of the tumor and the ERBB2
status change over time. Lindstrom et al. (105) have studied biopsy results from more
than 1,000 women who were diagnosed with early-stage breast cancer and developed a
locally or metastatic advanced breast cancer. All patients received adjuvant therapy.
About 15% of the later biopsies showed HER2 status had changed from the original
biopsy (Primary positive/relapse negative = 8.7%, Primary negative/relapse positive =
36 5.8%). Assuming that these processes can be influenced by adjuvant therapies it
may be the same with neo-adjuvant treatment. Treatment decisions are usually based
on the THC status from the original breast cancer biopsy. The case of this patient em-

phasizes that the IHC should be redone on surgical samples to define adjuvant treatment.

The prognosis of these patients remains very bleak. We have sought to identify new
therapies that could have been used specifically for each patient. We have shown that a

wide range of drugs interact with a small set of mutated genes in our cohort. In addition,
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8 out of 10 patients were eligible for FDA-approved cancer treatments that have been
tested in two recent ”basket” studies. Many of the alterations identified in the primary
tumor persist in residual disease. These results suggest that many tumors were chemo-
resistant prior to NAC. We strongly encourage the development of studies with larger
cohorts of matched primary tumors and residual diseases to identify potential targeted

therapies that could be used in neoadjuvant trials.

3.8 Conclusion

The results presented here have yet to be consolidated and clarified. So far, we have
mostly looked for global changes that could explain the resistance to treatment. Given
the molecular heterogeneity and the small size of our cohort, the task has proven difficult.
We must now carefully analyze each patient and try to identify his own mechanism of

resistance.

3.9 Material and methods

Patients

We analyzed a cohort of patient with invasive breast cancer all treated by NAC (NE-
OREP Cohort, CNIL declaration number 1547270) treated at Institut Curie, Paris,
between 2005 and 2012. We included patients with NAC-resistant triple-negative breast
cancer for which frozen core needle biopsies and post-NAC surgical specimens were
available. Cases were considered estrogen receptor (ER) or progesterone receptor (PR)
negative (-) if at less than 10% of the tumor cells expressed estrogen and/or progesterone
receptors (ER/PR), in accordance with guidelines used in France(76). HER2 expression
was determined by immunohistochemistry and scoring was performed according to the
American Society of Clinical Oncology (ASCO)/College of American Pathologists (CAP)
guidelines(212). Scores 3+ were reported as positive, score 1+ /0 as negative (-). Tumors
with scores 2+ were further tested by FISH. Resistance to NAC was evaluated based
on the pCR. A pCR was defined as the absence of residual invasive cancer cells in the
breast and axillary lymph nodes (ypT0/is +/ypNO0). Lymphovascular invasion was de-
fined as the presence of carcinoma cells within a definite endothelial-lined space (either
lymphatic or blood vessels). The presence of lymphovascular invasion was evaluated
on standard formalin fixed paraffin embedded post-NAC surgical pathologic specimens
without additional staining. The lymph nodes were sequenced when the material was

available (6 patients).
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Whole Exome Sequencing and Variant Calling

Genomic DNA (500 ng - 1 pg) from the biopsies and the corresponding surgical speci-
mens were extracted. The Agilent SureSelect solution capture exome array (SureSelect
Human All Exon v5) was used to capture exomes from tumor samples, using the pro-
cedure supplied from the manufacturer’s instructions. The library was sequenced on an
INlumina Hi-Seq2500 platform in paired-end 100 bp at Institut Curie sequencing platform
with an average read depth of coverage of 100x.

Reads were aligned on the human genome reference hg19/GRCh37 by Burrows-Wheeler
Aligner v0.7.5a. PCR duplicates were removed using the MarkDuplicates (Picard) al-
gorithm and reads were filtered on exome target using BedTools. The Genome Analysis
Toolkit (GATK v3.5) was used for local realignement and quality score recalibration.
Haplotype caller (GATK suite), Mutect2 (GATK suite) and Varscan (v2.4.1) were used
to call somatic single nucleotide variants (SNV). Mutation calling was assessed only on
the 10 pairs primary tumor / residual disease for which the corresponding normal sam-
ples were available because false positive rate remained too high for the other samples.
Somatic variants were annotated with snpEff and Annovar (RefGene 102105 and snp138
database). Base coverage was assessed by depthOfCoverage tool from Genome Analysis
Toolkit.

Variants found by a single caller over 3, with a low mappability or repeated region, with
a mutant allelic fraction supported by <5 reads, or with a total coverage <11 reads or
in over mutated exon or in several patients were disregarded. They constituted the first
level of filtering and were used to retrieve the mutational signature. Mutations in the Sin-
gle Nucleotide Polymorphism Database (dbSNP build 138), the 1000 Genomes Project,
and Exome Aggregation Consortium dataset (ExAC) with a minor allele frequency of
<1% and not found in COSMIC database were excluded as putative germline sequence
alterations. They were the second level of filtering and were used to characterize each

sample and perform clonal reconstruction.

RNA sequencing

RNA-seq was performed on biopsies and corresponding surgical specimens using [llumina
Hi-Seq2500 leading to paired-ends 100 x 100 bp with 100x expected coverage. Alignments
were performed on human reference sequences using TopHat v.2.0.621. Reads with
mapping quality j20 and reads marked as duplicates by Picard v.1.97 were excluded
from further analysis.

Gene- level read counts were obtained using HTSeq-count (7) and RefSeq hg19/GRCh37
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gene annotation.

Selection of the most variant genes We selected the most variant genes, based
on the inflection point of the interquartile range (IQR) distribution for gene expression.
The gene expression was previously rlog transformed with DESeq2 package (111). This
method is more data-driven than a fixed threshold to define the proportion of genes
with the highest level of variation. The full procedure is described below. For each gene,
we: (1) calculated the IQR for all cell lines, (2) sorted the IQR values of the genes in
ascending order, to generate an ordered distribution, (3) estimated the major inflection
point of the IQR curve as the point on the curve furthest away from a line drawn between
the start and end points of the distribution, and (4) retained genes with an IQR higher

than the inflection point.

Gene expression analysis Differential expression analyzes on RNA-seq data were
performed using the limma-voom package (98). Each comparison was adjusted for paired
samples. Patient 35 was excluded from the analysis because she appeared as an outlier
in the PCA analysis (data not shown). The histogram of p-values estimated by limma-
voom between PTs and LNs, showed a uniform distribution. We apply the method
fdrtool (174) to estimate the variance of the null distribution and correct the p-values.
We accounted for multiple testing, by calculating the FDR~adjusted p-value for each
drug. An FDR-adjusted p-value <0.05 was considered significant.

Alternative splicing analysis We used rMATS (v 3.0.9) for paired study design
(162) to determine the differential alternative splicing events between the three condi-
tions. Four types of alternative splicing events (skipped exon (SE), alternative 5’ splice
site (A5SS), alternative 3’ splice site (A3SS), and retained intron (RI)) based on anno-
tated RefSeq genes were tested for inclusion-level difference > 5%, and the events with
FDR-adjusted p-value < 0.05 and absolute inclusion level difference > 0.1 were deter-

mined as differential alternative splicing events.

RBP motif enrichment analysis We have used an improved version of rMAPS
(133) to find splicing factors involved in the regulation of spliced exons. Our method
is presented in the chapter 4. For each of the RBP motif, we investigated their en-
richment in the 250-bp of flanking sequences in the upstream and downstream intronic
sequence of SE events (A > 0.05, FDR-adjusted p-value < 0.05), excluding splice sites,
and we compared the motif enrichment score to a set of non-regulated splicing events
(minPSIT > 0.15 and maxy < 0.85 and FDR-adjusted p-value > 50%) of the rMATS
analysis. A post-hoc FDR was computed to identify the RBPs significantly enriched in
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the sequences of regulated exons. Here we used a post-hoc FDR < 0.25.

Copy number analysis

Copy number analyses with FACETS (161) which also provided purity and ploidy es-
timates was performed. Amplifications were called at segments with > 6 copies and
homozygous deletions at 0 copies.

”Impossible events” used to estimate sub-clonal selection based on copy number were
determined if they satisfy one of the following criteria: 1) amplified or gain in PT and
deleted or lost in RD, 2) deleted or lost in PT and amplified or gain in RD.
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Figure 3.A.2: Stromal tumor- infiltrating lymphocytes before and after NAC.
Patients in red have high expression for A) the Immune modules defined by Bonsang et al.

B) the T lymphocytes immune module defined with the most variant genes.
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Figure 3.A.3: Clustering based on genes differentially expressed between PT
and RD
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Figure 3.A.4: Clustering based on genes differentially expressed between PT
and LN
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Figure 3.A.5: Number of mutations shared between paired samples
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Figure 3.A.6: Number of somatic mutations in genes known to breast cancer.
Only 34 genes out of 128 that have been previously found in large TNBC cohort were found

mutated in our patients.
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Figure 3.A.7: Treatment algorithm in SHIVA A) and SAFIR01 B)

Table 1. Treatment algorithm in the experimental arm

Targets Molecular abnormalities Molecularly targeted agents
KIT, ABL1/2, RET Activating mutation or amplification® Imatinib 400mg qd PO

PI3KCA, AKT1 Activating mutation or amplification Everolimus 10mg qd PO
AKT2,3, mTOR, [ Amplification [ Everolimus 10mg qd PO

RAPTOR, RICTOR

PTEN [ Homozygous deletion or heterozygous deletion + inactivating mutation or | Everolimus 10mg qd PO

heterozygous deletion + IHC confirmation

STK11 Homozygous deletion or heterozygous deletion + inactivating mutation Everolimus 10mg qd PO

INPP4B Homozygous deletion Everolimus 10mg qd PO

BRAF Activating mutation or amplification Vemurafenib 960 mg bid PO

PDGFRA/B, FLT3 Activating mutation or amplification Sorafenib 400 mg bid PO

EGFR [ Activating mutation or amplification | Erlotinib 150mg qd PO

ERBB2/HER2 [ Activating mutation or amplification ‘ Lapatinib 1000mg qd PO + Trastuzumab 8 mgkg ' IV
followed by 6mgkg ™' IV q3w

SRC [ Activating mutation or amplification | Dasatinib 70 mg bid PO

EPHA2, LCK, YES1 Amplification Dasatinib 70 mg bid PO

ER, PR Protein expression >10% Tamoxifen 20mg qd PO (or letrozole 2.5mg qd PO if
contra-indication)

AR | Protein expression >10% | Abiraterone 1000mg qd PO

Abbreviations: AR = androgen receptor; bid = twice a day; ER = oestrogen receptor; IHC = imr histochemistry; IV = intravenously; LOH = loss of heterozygosity; mTOR =mammalian Target

Of Rapamycin; PO =orally; PR = progesterone receptor; ad = daily; a3w = every 3 weeks.

'Dmggable focal amplification was defined as gene copy number 26 for diploid tumours and =7 for tetraploid tumours and an amplicon size of <1Mb or <10Mb if protein overexpression

confirmed by IHC.

Number of patients ~ Number of patients Number of patients
(assessable treated inphase1or2  with antitumour
for efficacy) trials activity (%)*

All patients 48 (43) 28 13 (30%)

FGF4 amplification, treated with FGFR inhibitor E-3810 2(2) 2 1(50%)

EGFR amplification, treated with EGFR inhibitors erlotinib and cetuximab-temsirolimus 2(2) 1 1(50%)

EGFR amplification or AKT1 or PIK3CA mutation, treated with AKT or mTOR inhibitors (everolimus and GDC-0980) 2(1) 1 1(100%)

FGFR1 amplification, treated with FGFR inhibitors E-3810 (n=3) or BGJ398 (n=6) 9(8) 9 2(25%)

FGFR1 amplification or PIK3CA mutation, treated with FGFR inhibitor BGj398 2(1) 2 0

FGFR1 amplification or PIK3CA mutation, treated with mTOR inhibitor everolimus 1) 0 0

FGFR2 amplification or PIK3CA mutation, treated with FGFR inhibitor BGJ398 1(1) 1 [

IFG1R amplification or PIK3CA mutation, treated with mTOR inhibitor CCI-223 1(1) 1 1(100%)

MET gain, treated with MET inhibitor onartuzumab 1(1) 1 0

FRS2 amplification, treated with Raf inhibitor sorafenib 1(1) 0 0

AKT1 mutation or AKT2 amplification, treated with AKT1 and/or mTOR inhibitor everolimus (n=4) or ridaforolimus 7(6) 3 3(50%)

plus MK2206 or 0752 (n=2) or plus CC223 (n=1)

PIK3CA mutation or amplificationt, treated with PI3K, AKT, or mTOR inhibitors (everolimus n=9, GDC-0980 n=2,” 13 (12) 4 4(33%)

GDC-0068 n=1,* or cetuximab-temsirolimus n=1; associated with chemotherapy in one patient)

RPTOR amplification, treated with mTOR inhibitor everolimus or axitinib-everolimus 2(2) 1 [

CCND1 amplification, treated with CDK4 inhibitor BAY 1000394 1) 1 0

AR amplification, treated with AR inhibitor bicalutamide 1(1) 0 [

MDM2 amplification, treated with MDM2 inhibitor RO5503781 1(1) 1 0

MGMT amplification, treated with alkylating agent temozolomide 1(1) 0 0

*Objective response or stable disease for >16 weeks, seen overall in n=28. TPIK3CA amplification seen in only one patient.
Table 3: Genomic targets and matched drugs
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4

Assessing significance in motif

enrichment analysis

When I started studying alternative splicing events and RNA binding proteins (RBPs)
enrichment, I had the opportunity to meet Olivier Saulnier, a PhD student in Olivier’s
Delattre laboratory. Olivier studies the splicing landscape of Ewing’s sarcoma. From
this meeting a collaboration was born to improve a tool called TMAPS developed by
the authors of rMATS, to identify the binding positions of the RBPs around the exons.
This web tool allows very few customizations and we have encountered many server
errors when using it. These errors have already been reported on the google group of the
method with no satisfactory answers. In addition, we observed that no multiple testing
correction was considered. We decided to implement an internal version of the method
and add some improvements. This chapter is composed of a first theoretical part in
which we recall the biological context, what the existing method realizes, its limits and
what we propose to improve it. In a second part we present two applications. First,
on our neoadjuvant-resistant triple-negative breast cancer samples, then, on Ewing’s

sarcoma cell lines in collaboration with Olivier Saulnier.

4.1 Background

RNA-binding proteins (RBPs) are proteins that bind to specific DNA sequences (called
motifs) to regulate post-transcription of mRNAs. Motif enrichment analysis aims at
identifying the RBPs involved in the regulation of a given set of exons. For this, one
wants to identify motifs that are found significantly more often in a set of given nucleotide

sequences than expected by chance. Further, it has been shown that the binding position
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of the RBP (before or after the exon) has a key role in splicing regulation (216).

The authors of rMATS have introduced a method called rMAPS (133) for identifying
the RBPs’ binding positions around skipped exons. The goal of rMAPS is to identify
known motifs of RBPs that are significantly enriched in differentially regulated exons
between two sample groups as compared to control (background) events. TMAPS takes
a set of 6-mer/7-mer degenerate RBP’s motifs and a rMATS output file from which
significant and background exons are selected. The number of times each motif matches
each sequence in a local region is computed as a motif enrichment score. This score
is calculated in the upstream exon, upstream flanking intron, target exon, downstream
flanking intron and downstream exon separately based on a sliding window (Fig 4.1) .
The positional distribution of the score is plotted as a map, from which the user can
visually identify enriched binding regions (Figure 4.7 A). To assist in the decision, lo-
cal comparative enrichment is assessed by Wilcoxon’s rank sum test between included
(respectively excluded) exons versus background exons in each sliding window. The min-
imal p-values are returned separately for exons or their upstream/downstream flanking
introns to identify specific binding position of the RBPs (Fig 4.2 A).

rMAPS provides an efficient strategy to identify binding positions of RBPs. However,
we believe that the statistical framework can be improved to better assess the presence
of RBP’ motifs in a sequence with a more precise identification of their location. First,
rMAPS does not correct for multiple testing. The sliding window process constructs a
large set of p-values that have to be adjusted to reliably control the false discovery pro-
portion. In addition, considering only the minimal p-values of the upstream/downstream
flanking introns does not allow the user to precisely identify the RNA binding site ac-

cording to a statistical metric.

Upstream flanking intron Downstream flanking intron
/7 /7
7/ 7/
Upstream Target Downstream
Exon Exon Exon

Figure 4.1: Schematic representation of an exon and its upstream/downstream

exons.

In this work we propose to extend rMAPS method by computing a false discovery
proportion (FDP) corrected for multiple testing for any set of successive p-values along

the sequence. Binding regions of RBPs can then be defined as sets of p-values with FDP
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controlled at a given level «.

4.2 The rMAPS algorithm

In order to properly assess the exact role of each RBP, rMAPS proposes to distinguish be-
tween included, excluded and background exons as follows. We denote by Ay = ;1 — ;0
the difference in exon inclusion level (¢) between the two conditions, and by ¢ the
FDR-adjusted p-value provided by rMATS. Included exons are defined as events with
q < a and Ay > c¢. Conversely, excluded exons are defined as events with ¢ < « and
A < —c. In tMAPS, « and ¢ are both set to 5%. Let ,u,f; and ,uff be the mean inclusion
level ¥ of exon ¢ across all replicates of condition 1 and 2, respectively. Background
exons are defined as non-significant events (¢ > 0.5) without inclusion level changes
(min(,uﬁ,uff) < 0.85 and max(ufj,uff) > 0.15). Those selected exons are filtered, in
order to keep unique exons for included, excluded and background sets separately. Fur-
ther, all exons common to different sets are discarded. The filtering step guarantees that
motif occurrence are counted once for sequence around target exon and avoids confusion
that presence of similar exons in different sets might introduce.

Up- and downstream flanking intronic sequences (Fig 4.2 B) of 300 nt are then retrieved.
The consensus splice sites that drive exon recognition is excluded by removing the 20
nt sequence within the 3’ splice site and the 6nt sequence within the 5’ splice. Each
motif is analyzed as follows. For each set of exons (included, excluded, background),
this sequence data is summarized as an enrichment score, which is defined as the num-
ber of times the motif is present in a sliding window of 50nt (Fig 4.2 B), for the 250
successive window positions. An unilateral Wilcoxon’s sum rank test is performed for
each window, to assess the local enrichment of the motif in included or excluded exons
compared to background exons. For each motif and each up- and downstream flanking
intronic sequences, we obtain a set of 250 p-values that are spatially organized along the

7

sequence. The smallest (raw) p-value is used to identify significant” enrichment of the
RBP’s motif in a given flanking intronic region. The mean enrichment score of each set
of exons is plotted on a so-called RNA binding map, which is used to visually identify

specific binding location of the RBP.

While rtMAPS provides a very interesting strategy, we have identified some limits.
First, each p-value only informs about the sliding window it comes from. However,

rMAPS use it as an information concerning the entire sequence of 300 nt. Second, no
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multiple correction is applied to the 250 p-values, which is prone to false discoveries as

discussed in section 1.8.4.

RNA-seq 300bp
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Figure 4.2: Extension of rMAPS algorithm. A) Overall workflow of rMAPS-PH.
B) Computation of the motif enrichment score in each sliding window of 50 nt and the
Wilcoxon’s test associated. C) Computation of the post-hoc false discovery proportion. The

post-hoc FDP is computed for all successive sets of p-values along the sequence.
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4.3 Mathematical framework for post-hoc inference

4.3.1 Objective of the method

rMAPS algorithm computes a p-value for each sliding window along the sequence. One
way to statistically identify RBP’s binding position, is to identify sets of successive p-
values along the sequence that are statistically significant. If we can define the false
discovery proportion for each set of successive p-values, based on a user defined FDP
threshold, we can identify regions where the motif enrichment score for included (re-
spectively excluded) exons is significantly higher compared to background exons. In
addition, the user has a statistical guarantee on the identified region. In this context,

two issues are associated with the multiple testing correction.

1. Multiple sets of successive p-values have to be evaluated. Further, most of these
sets are nested.
As a consequence, one would like to build a statistical guarantee simultaneously
on all subsets of p-values. Thus, the FDP can be controlled for each subset of

p-values.

2. When computing the FDP on a subset of p-values from a larger set, we have to take
care of the selection effect. When choosing a subset of items, one must ensure that
the observed signal is real and not noise whose effect is amplified by the selection.
That is why the overall size of the data set should be considered to compute the
FDP on each selected subset.

Post-hoc inference, as introduced by Goeman and Solari (67), proposes to compute
an upper bound on the number of false positives on any selected set of tested hypotheses.
Classical multiple testing procedures propose to control the error rate set by the user, to
determine significant testing hypotheses. In the post-hoc setting, the user provides a set
of testing hypotheses to reject, and the post-hoc multiple testing procedure computes

the error rate.

4.3.2 Post-hoc inference by closed testing procedure

The procedure of Goeman and Solari relies on the concept of intersection hypothesis and
closed testing principle to control the FWER. Let us consider H a set of m null hypothe-
ses to be tested and € the collection of all non empty subset of the index {1 < i < m}:
Hq = NijeqH; for Q@ C {1 < i < m}. Hgq is called an intersection hypothesis. Sup-
pose m=3 with the hypotheses H 4, Hg, Ho. The collection §2 of intersect hypotheses is
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composed of Ho, Hg, Ho, Hyp = Hx N Hp, Hyc = Hyx N Heo, Hge = Hg N Heand
Hapc = HaN Hp N He (Fig 4.3 A). The intersection hypothesis Hapc is true if and
only if all hypotheses that compose it H4, Hg, Hc are true.

We call local test, a valid « level test for every intersection hypothesis of Hg. The
local tests produce a set of rejected (significant) hypotheses that are not corrected for
multiple testing. In Fig 4.3 B, the hypotheses rejected by the local tests are the ones
marked with a red cross. The closed testing approach rejects a hypothesis at level « if
and only if it and every hypothesis that includes it in an intersection is rejected at level
«. On the example Fig 4.3 C, H 4 is rejected by the closed testing procedure because the
four hypotheses H4, HANHp, HyNHc and HyN Hp N He are all rejected by their local
test. The closed testing procedure does not reject Hg because Hpg N H¢ is not rejected
by the local test. (113) proved that if the local test is a valid a-level test, then the closed
testing procedure controls FWER at level a . The collection of rejected hypotheses by
the closed testing procedure will be denoted by .

For any set of hypotheses R, Goeman and Solari define 7,(R) as the largest subset
of R for which the corresponding intersection hypothesis is not rejected by the closed
testing procedure:

To(R) = max{fQ: Q € R, Hc ¢ x}

where 2 is the collection of intersection hypotheses from R and x the rejected hypotheses
by the closed testing procedure. The authors demonstrates that with probability 1 — «,
the number of false positives in any such R is upper-bounded by 7,(R) . This bound

can therefore be used for post-hoc inference.

The approach of Goeman and Solari requires to perform a huge number of tests that
is all 2™ — 1 possible interactions between the m hypotheses. In practice, this is com-
putationally inefficient when m becomes large. The authors have developed so-called
“shortcuts”, which yield computationally efficient procedures at the price of increased
conservativeness and narrower applicability due to restrictions on the form of the test.
In particular, when the p-values are independent or satisfy a particular form of posi-
tive dependence, called PRDS for positive regression dependence (see (20)), a post hoc
procedure can be derived using Simes’ local tests. However, our approach for motif en-
richment analysis requires to look at a huge number of p-values sets (more than 30,000)
and the implementation of Goeman and Solari approach in the R package ”cherry” does

not suit for this type of case. Blanchard, Neuvial & Roquain (24) have introduced a
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B Raw rejections from local tests

Zeec]
A PN
[2=g| [B=C| [BnC

(R (

C Multiplicity-corrected rejections
from closed testing

Ao

PN

2=g| [2=C] [BnC]

B¢

Figure 4.3: Intersection hypothesis and closed testing principle. A) Generation of
all intersection hypotheses from a set of three hypotheses A,B and C. B) Rejected intersection
hypotheses according to local tests. Hypotheses marked with a red cross are the rejected hy-
potheses before multiple testing correction. C) Rejected intersection hypotheses according to
closed testing procedure. After multiple testing correction, only Hapc, Hap, Hac, Ha and
Hp are rejected. Figures from Jelle Goeman talk at GDR Statistique et Santé, 2013/06/24

procedure based on a novel risk measure called the Joint Risk (JR ) that gives the same

bound and that can be computed more easily.

4.3.3 Post-hoc inference by controlling the Joint Risk

Let us consider Hy, the unobserved subset of H corresponding to the true null hypotheses
(ie the non-significant tests) and mg the unobserved number of true null hypotheses. Let
us denote by (p;)i1<i<m the p-values associated to each hypothesis of H and (g;)1<i<m,
the p-values of each hypothesis of Hy. We denote by (pg)i<i<m and (qg))1<i<m,, the

ordered p-values.

The FWER is defined as the probability to at least one false rejection. Romano and
Wolf (152) have proposed a generalization called the k-FWER that controls the proba-
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bility to do k or more false rejections : P(|RN Hy| > k —1). Now suppose that we want
to construct k collections of rejection hypotheses (Ry) for k lists of hypotheses nested in
H. These procedures must be adapted because of the selection effect. The JR control
introduced by Blanchard, Neuvial & Roquain (24), proposes to simultaneously control
the k-FWER for all k (Equation 4.1 ).

Let (Rg)i<k<m be a nested list of k£ candidate hypotheses. (Ry)i<i<m is said to
control the JR at level a € [0, 1] if
P(Vk e {l,....,m},|RxNHy| >k—1) <« (4.1)

The JR control ensures that for each k, the probability that R contains more than
k — 1 false rejections is less or smaller than «. The authors demonstrated that by con-
trolling the JR, we can control the number of false positives in any number of arbitrary

sets of selected hypotheses (Rj)i<k<m simultaneously.

Given a JR controlling family (Rj)i<k<m, the upper bound on the number of false

positives with probability smaller than «, for any hypotheses sets R is given by

|[RIA min {|RN(Rk)°|+k—1} (4.2)
i€l,..,|R|

In order to construct the rejection sets, a thresholding-based rejection approach us-

ing the Simes’ inequality can be defined.

Simes’ Inequality : If the p-values (p;)1<i<m are independent or under specific posi-
tive dependence (PRDS) then,

P(3k € {1,...,mo} : qu) < ak/mo) < (4.3)

Equation 4.3 guaranties that under PRDS, the set Ry = {1 < i < m : p; <
ak/m},1 < k < m satisfies the JR control at level a.

Finally, for any set of hypotheses R C {1,...,m}, the post-hoc bound at level « on

the maximum number of false positives is given by

oimes Ry — i 1, kE—1 4.4
Simes(R) RIAkelg}2R|{§ (pi>ak/m) + } (4.4)

Equation 4.4 give the same bound than the one introduced by Goeman and Solari

(24) that is simpler to implement.
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4.3.4 Application to motif enrichment analysis.

Recall that for each RBP and each flanking intronic sequence, we have a collection of
250 p-values, from which we want to identify subsets of successive p-values along the
sequence, with a desired false discovery proportion. These sets correspond to regions
where the RBP’s motif can be observed significantly more in the included (respectively
excluded) exons compared to the background exons. To do this, we just have to compute
the post-hoc bound defined in 4.4 for all successive sets of p-values along the sequence,
from which we can derive post-hoc false discovery proportion (ph-FDP, Fig 4.2 C). Based
on this statistical measure, RBP binding location can be defined according to a given

level « desired by the user.

4.4 Implementation

The current version of rMAPS is a web-server from which only the RBP binding maps
and the smallest p-values can be retrieved. In this work, we introduce an improved
version of rMAPS, called rMAPS-PH. rMAPS-PH includes a novel implementation of
rMAPS implemented in R that gives more flexibility to the user, along with the post-
hoc procedure to identify significant RBPs and their binding sites. We re-encode the
construction of the post-hoc bound proposed by BNR2017 (24) in C++, from the R
implementation available in the SansSouci package (https://github.com/pneuvial/
sanssouci). The whole post-hoc procedure was implemented in C++ and integrated in
R with RCPP package (54). Parallel computing is possible to speed up the computing
execution. Today, the complete method consists of two scripts that will be further
released and made available online as an R package.

The algorithm start with a rMATS output file from which inclusion, exclusion and
background exons are selected. The flanking intronic sequences of these exons are then
retrieved with SAMtools (102) based on a reference fasta file (ie Hgl9). The rMATS
FDR p-value level and the difference in exon percentage of inclusion (Aw)) are set to
5%. We look for motif enrichment in sequence of 300 nucleotides in the flanking intronic
sequence. Those values are set by default, but they can be parameterized by users.
Compared to tMAPS, our implementation gives more flexibility. The RBP investigated
are those provided by TMAPS, but users can input additional motifs. Using a sliding
window of 50 nt, motif enrichment scores of each collection of exons are computed
separately, in their upstream and downstream introns. Similarly to tMAPS, we slide

the window by 1 nt at a time. The mean motif enrichment score of included, excluded
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and background exons are recorded in each sliding window and used to plot the RNA
binding map (Fig 4.4 A).

To identify significant locations of binding site, we first perform a unilateral Wilcoxon’s
rank sum test for each sliding window that compares motif enrichment scores between
included (respectively excluded) versus background exons. We return a map of the
distribution of p-values along the sequence (Fig 4.4 B). Then, the ph-FDP is computed
for all sets of successive p-values. By default, all sets with ph-FDP < o = 0.25 are called
significant. As a consequence, many nested set of p-values are evaluated and can pass
the user-defined threshold «. We choose to report the largest set of p-values that pass
the post-hoc threshold with the largest average Wilcoxon’s statistic test. The predicted
binding site is reported on both RNA binding map score and p-values (Fig 4.4 C and
D). We called the complete procedure "rMAPS-PH”

Motif Map RBM46 Pvalue Motif Map RBM46

Motif score (mean)

-log10(pvalue)

Wo 130 20 20 0 o w0 o B0 0 T % o 0 2o B 20 20 w0 o0 0 0 ) E)
pr— -

— Included — Skipped —— Background -~ -log(pval)inc vs bg * * ** -log(pval) skp vs bg

O

Motif Map RBM46 Pvalue Motif Map RBM46
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0.120 2.2000
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-log10(pvalue)
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Figure 4.4: RNA binding map for RBP RBM46. A) The motif enrichment score
distribution along the sequence for including (red), excluding (blue) and background (black)
exons. B) The Wilcoxon’s p-values distribution along the sequence for comparison between
included (red) or excluded (blue) exons versus background exons. Y-axis is the —log;q(p-
value). C) and D) correspond to the 250 nucleotides before the downstream flanking exon
(frame highlighted in orange). Vertical dashed red lines show the significant binding region
identified by the post-hoc inference that contains less than 25% of false positives.
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4.5 Results

4.5.1 Application to neoadjuvant-resistant triple-negative breast can-

cer samples

We compared the classical rMAPS and our rMAPS-PH method to identify RBPs involved
in the regulation of the many exons detected between pre- and post-neoadjuvant triple
negative breast cancer tumors (see Chapter 3). In the RBP file provided by rMAPS,
several RBPs share the same motif and some RBPs may have multiple motifs. We do
not know how classical rTMAPS deals with these cases. In our approach, we grouped the
RBPs with the same motif and distinguished when a RBP had several motifs. While
classical TMAPS gives the smallest p-value for the whole upstream or downstream in-
tronic sequences studied, we report a result for each set of 250 nt sequences near flanking
and spliced exons. This approach makes it possible to more precisely identify the RBP
binding site.

We first compared the recovered exons by each method considered to be significantly
included, excluded and background. Both methods recovered the same exons included
(n=256) and excluded (n=101). In terms of background exons, our method recovered
7 additional exons (rMAPS = 8706, rMAPS-PH = 8713). The visual inspection of the
motif maps obtained showed very similar results between the two methods (Supplemen-
tary Figure 4.7). However, we can note that the scores and the p-values differ.

The classic version of TMAPS identified 106 unique RBPs significantly enriched, with
an uncorrected p-value at 5%, in upstream and downstream introns. rtMAPS-PH iden-
tified 47 unique RBPs with a ph-FDP of 25%. These RBPs have also been detected by
classical rMAPS. However, the calling (ie whether the RBP includes or excludes) was
different between classical rMAPS and rMAPS-PH for 29 out of the 47 RBPs identified
in common (Figure 4.5). We observed 4 RBPs that are significantly enriched in different
regions (upstream or downstream), 9 RBPs with different calling (same region but differ-
ent behavior : include/exclude) and 16 RBPs with different regions and calling. Indeed,
classical rMAPS has detected many more significantly enriched regions than rMAPS-
PH. The greater number of RBPs and regions identified by rMAPS is not surprising
because no multiple correction is performed, leading to an increase in false discoveries.
In addition, the large number of similar regions referred to as included and excluded by
rMAPS (in purple on Figure 4.5) also suggest poor control of the false positive rate. It
is unlikely that so many RBPs have two different functions when they bind to the same

position.
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Figure 4.5: Calling for the 47 RBPs detected in common by classical rMAPS and
rMAPS-PH. Motif enrichment detected in upstream or downstream intronic sequences.
The color indicates the role of the RBP on the regulated exons when binding to the given
location. Blue for exclusion, red for inclusion and purple for both.

4.5.2 Application to Ewing’s sarcoma cell lines

In this section we introduced the results of our collaboration with Olivier Saulnier on

Ewing’s sarcoma cell lines.

Ewing’s sarcoma is an aggressive cancer of bone and soft tissues affecting children
and young adults. It is driven, in 85% of cases, by a chromosomal translocation, which
generates the chimeric transcription factor EWS-FLI1. Previous studies have indicated
that in addition to be a transcriptional regulator, EWS-FLI1 also impacts splicing. To
further explore the function of EWS-FLI1 in splicing regulation, Saulnier et al performed
transcriptome-wide splicing events analysis on multiple Ewing’s sarcoma cell lines fol-
lowing EWS-FLI1 knock-down. We used rMAPS-PH to identified RBPs that regulate
alternative splicing in these cells. This work has not yet been published, therefore the

results were anonymised for confidentiality issues.
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4.6 Discussion

Saulnier et al have shown that nearly 300 genes were identified significantly altered
at exon level, depending on EWS-FLI1 expression. They assume that EWS-FLI1 has
an indirect function via partners (RBPs). In order to investigate how EWS-FLI1 modu-
lates alternative slicing, we conducted RBPs motif enrichment analysis with rMAPS-PH.
Some RPBs’ motif appear to be significantly enriched in intronic sequences flanking al-
ternatively spliced exons upon EWS-FLI1 status (Fig 4.6 A and B). They studied the
impact of one of the significant RBP identified, called here RBPa, on the splicing medi-
ated by EWS-FLI1, using RT-PCR. They selected a set of exons from the 300 identified
with significant splicing shift and compared the isoform abundance of these exons upon
EWS-FLI1 or RBPa inhibition. It appears that EWS-FLI1 regulate inclusion of these
exons while RBPa regulates skipping of this exon (Fig 4.6 C). Previous studies on my-
oblasts (normal muscle cells) have demonstrated that RBPa includes the exon when it
binds in the upstream intronic sequences and skip the exon when it binds in the down-
stream intronic sequences (Fig 4.6 D). Our method detects two regions in downstream
intronic sequences enriched in RBPa motif (Fig 4.6 E). One of the region detected is
concordant with the one previously reported that suggests RB P« includes the regu-
lated exons when it binds in the downstream sequences (red peak). The second region
detected is located just after the regulated exons. At this position, RBP« skip the
regulated exons suggesting that EWS-FLI1 inhibits the normal function of RBP« in
Ewing’s sarcoma cells. This study suggests that EWS-FLI1 may interact with RBP«

in order to inhibit its function on alternative splicing in Ewing cells.

4.6 Discussion

The classical rMAPS integrates RNA-seq results of differential alternative exon regula-
tion, with information of RBP motif occurrence to understand how these differential AS
events are regulated. The main objective of rMAPS is to identify RBPs with significant
binding site enrichment and potential position-dependent regulatory roles. However, we
believe that the current proposed methodology does not reliably address the problem.
First on the correction of multiple tests, and on the other hand in the identification of
binding sites.

We have extended the statistical framework of rMAPS with post-hoc inference to cor-

rect for multiple testing. Our approach allows the user to identify RBPs that regulate
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Figure 4.6: The roles of RBP« in Ewing’s sarcoma A) Motif map of scores for RBP«,
B) Motif map of p-values for RBPa. C) RT-PCR results for EWS-FLI1 and RBPa. D)
Physiological behavior of RBP« in myoblasts cells. E) Significantly enriched regions found
with rMAPS-PH (frame highlighted in orange). The vertical dotted lines delineate the

identified binding site in the upstream sequence.

skipped exons against a set of background exons. Our implementation in R allows more
flexibility for the user than classical rMAPS web server. Furthermore, our approach
reliably correct for multiple testing and allows the identification of the precise binding
location of these RBPs. We have demonstrated that we have identified reliable RBPs
that have been validated biologically. Further investigations have to be done to validate

the binding sites.

The rMAPS part was implemented according to some information that we were able

to recover by exchanging emails with the authors. We can see that we have little dis-
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4.6 Discussion

crepancy with the classical rMAPS and further research will be done to estimate their

impact from a biological point of view.

The current implementation only works with an output file of rMATS as input.
However, the method can be easily derived to fit other common methods of alternative
splicing analysis such as DEXSeq or Voom. The actual implementation of rMAPS-PH
has limits especially with regard to computing time. For example, based on the 9070
exons selected in Section 4.3.2, it took about 50 minutes to complete the entire process
(motif extraction and motif enrichment) on 10 cores with CentOS 7, with Intel Xeon
at 2,20GHz. More accurate tests are still needed to identify the sources of the slow-
down. Preliminary studies have shown that computational time depends on the number
of exons selected. The greater the number of exons for which the intronic sequences
are to be recovered, the longer the execution time. We should consider whether similar
results can be obtained by using a smaller number of randomly selected controls. The
available implementation today tests all successive sets of p-values along the sequences.
This leads to calculating the ph-FDP for more than 30,000 sets of p-values. Since all
sets are nested, it may not be necessary to calculate the ph-FDP for each set. Future

research will attempt to address this issue.

In our analysis, we used a 25% significance threshold for the post-hoc inference. This
threshold is an upper bound on the number of false positives present in each set of p-
values called significant. We expect this value to only affect the length of the region
called significant rather than the call itself. Our current approach uses the Simes’ local
test to compute the post-hoc bound of false positive. To use this approach we must
assume that our p-values satisfy the PRDS assumption from (20). This assumption is
quite commonly made in genomics, as it is the assumption under which the widely-used
Benjamini-Hochberg method controls FDR. However, the Joint Risk control has been
introduced in a general framework in order to develop computationally feasible post hoc
procedures that are adaptive to unknown dependence. The authors have demonstrated
that Simes’ local test can be improved using permutation tests. The permutation test
could bypass the possible conservativeness of the JR control provided by Simes’ inequal-
ity. We have already implemented the JR control using a permutation test adapted
from the permutation algorithm for step-down minP adjusted p-values introduced by
Ge, Speed and Dudoit (64). In the future, we intend to integrate this approach that
could give more power to the method, which would yield similar results with a higher

level of confidence.
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4.7 Conclusion

Cancer specific splice variants of genes that control the cell proliferation and DNA dam-
age, invasion and apoptosis have recently been identified (193). While the identification
of such events is essential to better understand the disease, the ultimate goal is to de-
velop therapeutic approaches that target these specific variants. Differential splicing
analysis in comparative RNA-Seq experiments, identifies hundreds or even thousands of
differential AS events. Rather than targeting the altered proteins, one could target the
upstream mechanisms responsible for the occurence of these variants. The identification
proteins involved in these mechanisms therefore seem crucial for developing a new ther-
apeutic strategies.

Here we provide a tool to precisely identifying the RNA binding proteins involved in
the regulation of a given set of differentially spliced exons between two conditions. In
addition, the identification of precise binding sites makes it possible to design specific

CLIP-seq experiments to validated the results.
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Collaborations within RT2 Lab

During my PhD, T had the opportunity to collaborate on many projects. It was a
great opportunity to work further with my colleges on subjects directly related to my
PhD and to improve our exchanges to share our individual backgrounds. Other outside
collaborations were launched after very good coffee breaks or lunch, with people from
different teams or laboratories. These very enriching and successful collaborations are
presented in the following two chapters.

In the following two studies, I have assisted in the curation, clean-up and normal-
ization of data, participated in the development of the methodological and statistical

framework and contributed to the interpretation of the results.

5.1 Biological network-driven gene selection identifies a
stromal immune module as a key determinant of triple-

negative breast carcinoma prognosis

This work is based on the study of Lehmann et al: ’Identification of human triple-
negative breast cancer subtypes and pre-clinical models for selection of targeted thera-
pies’. In this work, they developed a classification of TNBCs in which a signature of the
2188 gene was used to classify the tumors. They further suggest that this classification
can be used to classify xenografts and cell lines. This study provides a significant in-
sight into TNBC biology and was among the first to demonstrate the heterogeneity of
TNBCs. However, in this study we found some key concerns. Authors have normalized
the 21 sets of breast cancer data from different microarray platforms in a single pro-

cess. Several studies report that many discrepancies and artifacts can be introduced by
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pre-processing different array platforms together (167). The very large number of genes
used to classify the samples can cause instability due to the noise introduced and lead
to a lack of reproducibility (1, 167, 206). We also thought it would be unwise to use a
tumor-based gene signature to classify in vitro and in vivo models. Indeed, the stromal
environment is very different between tumors and xenografts and most of stromal genes
are not expressed in cancer cell lines. The Lehman classification applied to pre-clinical
models can then lead to misleading results.

We decided to refine this analysis. From the same 21 datasets, we have distinguished
microarray platforms in a training (262 HGU-133A chips) and a validation (295 HGU-
133Plus2 chips) set. From the training set, we constructed a gene signature based on
biological networks to decrease the intrinsic instability of molecular classification meth-
ods. It has been shown that incorporation of biological knowledge improves the stability
of gene selection and the biological interpretation of the signature(45, 62, 155). We
developed a two-step biological network-driven gene selection process: 1) identification
of the most variable genes displaying highly correlated patterns of expression, 2) gene
filtering within known biological networks. The final signature composed of 167 genes,
is then less sensitive to fluctuations compared to a broader signature. This six-metagene
signature is enriched in different gene ontologies: two clusters were enriched in immu-
nity genes, one in proliferation/DNA damage genes, one in AR pathway genes, and two
in matrix/invasion genes. Hierarchical clustering was performed on the validation set
and two external datasets (Ignatiadis (89) (n=314) and METABRIC (46) (n=254)). Six
reproducible subgroups of TNBCs were independently identified with similar gene ex-
pression pattern in the four sets of data generated on different microarray technologies.
We investigated the prognostic or predictive value of each metagenes with survival data
from METABRIC dataset. Multivariate analysis showed that strong expression of the
Immunity2 module was associated with good patient outcome. This result is consistent
with recent studies that have demonstrated the key role of the immune component (from
tumor-infiltrating lymphocytes to upregulation of cell immune-regulating pathways) in
the clinical outcomes of various epithelial cancers (31, 61). We also compared Immu-
nity2 metagene with other published immune signatures and demonstrated that it was

strongly correlated with B-cell, T-cell and C'D8C™ cell signatures.

Today TNBC is the only subgroup of breast cancer for which no targeted treat-
ment is available. TNBCs samples with high expression of Immunity2 metagene may
define a subgroup of TNBCs for which the use of immunotherapy is a new therapeutic

opportunity.
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5.1 Biological network-driven gene selection identifies a stromal immune
module as a key determinant of triple-negative breast carcinoma prognosis

I —————  ORIGINAL RESEARCH
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Biological network-driven gene selection
identifies a stromal immune module as a key
determinant of triple-negative breast carcinoma
prognosis

H Bonsang-Kitzis'*3, B Sadacca'**, AS Hamy-Petit'?, M Moarii>®, A Pinheiro'?, C Laurent'?, and F Reyal'*>*
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Abbreviations: AR, Androgen receptor; BC, Breast cancer; BC_CL, Breast cancer cell lines; BCSS, Breast cancer-specific survival;
CCLE, Cancer Cell Line Encyclopedia; CDF, Consensus distribution function; CGP, Cancer Genome Project; EMT, Epithelial-
mesenchymal transition; ER, Estrogen receptor; GE, Gene expression; HER2, Human epidermal growth factor receptor 2; IHC,
Immunohistochemistry; IM, Immunomodulatory; LAR, Luminal androgen receptor; M, Mesenchymal; MSL, Mesenchymal stem-
like; no CT, No chemotherapy; NPI, Nottingham Prognostic Index; pCR, Pathological complete remission; PR, Progesterone recep-
tor; RMA, Robust multichip average; TILs, Tumor-infiltrating lymphocytes; TNBC, Triple-negative breast cancer; TNBC_CL,

Triple-negative breast cancer cell lines.

Triple-negative breast cancer (TNBC) is a heterogeneous group of aggressive breast cancers for which no targeted
treatment is available. Robust tools for TNBC classification are required, to improve the prediction of prognosis and to
develop novel therapeutic interventions. We analyzed 3,247 primary human breast cancer samples from 21 publicly
available datasets, using a five-step method: (1) selection of TNBC samples by bimodal filtering on ER-HER2 and PR, (2)
normalization of the selected TNBC samples, (3) selection of the most variant genes, (4) identification of gene clusters
and biological gene selection within gene clusters on the basis of String© database connections and gene-expression
correlations, (5) summarization of each gene cluster in a metagene. We then assessed the ability of these metagenes to
predict prognosis, on an external public dataset (METABRIC). Our analysis of gene expression (GE) in 557 TNBCs from 21
public datasets identified a six-metagene signature (167 genes) in which the metagenes were enriched in different
gene ontologies. The gene clusters were named as follows: Immunity1, Immunity2, Proliferation/DNA damage, AR-like,
Matrix/Invasion1 and Matrix2 clusters respectively. This signature was particularly robust for the identification of TNBC
subtypes across many datasets (n = 1,125 samples), despite technology differences (Affymetrix® A, Plus2 and
lllumina®). Weak Immunity two metagene expression was associated with a poor prognosis (disease-specific survival;
HR = 2.68 [1.59-4.52], p = 0.0002). The six-metagene signature (167 genes) was validated over 1,125 TNBC samples.
The Immunity two metagene had strong prognostic value. These findings open up interesting possibilities for the
development of new therapeutic interventions.

Chapter 5

Introduction

TNBC, defined by the absence of estrogen and progesterone
receptor expression and a lack of HER2 overexpression/amplifica-
tion, is an aggressive disease accounting for 15%—20% of breast
cancers. It differs from other molecular subtypes '™ in displaying
axillary lymph node involvement, local and regional recurrence,
differences in the time lag to metastasis (distant metastatic events
occurring within 5 y of diagnosis), high rates of brain, lung and
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distant nodal metastasis and in its response to neoadjuvant
treatment.

TNBC constitutes a major clinical challenge because there has
been no substantial improvement in treatment for this subgroup
in the recent past. Even if adjuvant chemotherapy has signifi-
cantly improved outcome, reducing the risk of death by approxi-
mately 30%,% but these cancers do not respond to endocrine or
targeted therapy. TNBC is, thus, currently the breast cancer sub-
group with the worst outcome.” Moreover, the shape of the
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survival curve for this subgroup differs from that for other BC
subtypes: there is a sharp decrease in survival during the first
3-5 y after diagnosis, but distant relapses, occurring after this
interval, are much less common.’

TNBC is a highly heterogeneous group of tumors differing in
terms of their histological features, GE profiles, clinical behavior,
overall prognosis © and sensitivity to systemic treatment.”””

Robust classifiers are urgently required, to improve our under-
standing of the molecular basis of TNBC and to define novel
therapeutic interventions. Lehmann et al. recently published a
classification of six molecular subtypes of TNBC'® and devel-
oped a website (http://cbc.mc.vanderbilt.edu/tnbc/) " for the
classification of TNBC samples on the basis of their GE profiles.
This classification has been shown to be relevant, as it identifies
the main biological component and pathways of TNBC. How-
ever, the large number of genes defining this TNBC molecular
classification (2,188 genes) constituted a potential source of
instability.'>"?

We developed a two-step biological network-driven gene
selection process: (1) identification of the most variant genes dis-
playing highly-correlated patterns of expression, (2) direct con-
nection of these genes within known biological networks. This
method has been reported to be efficient for the construction of
molecular signatures.'*'* We defined a robust TNBC molecular

subtype classification, providing considerable biological insight,
with great potential for use in the development of therapeutic
interventions. We also identified a stromal immune module GE

profile strongly correlated with TNBC prognosis.

Results

TNBC gene expression profiles identify six main gene
clusters

GE profiles were obtained from 21 publicly available datasets,
containing data for 3,247 primary human breast cancer samples.
These profiles were processed according to the flow chart in
Fig. 1. The training sect included samples hybridized on HGU-
133A Affymetrix© arrays (12 datasets, » = 1,995), to eliminate
cross-platform discrepancies and to ensure robust normalization.
The validation set included samples hybridized on HGU-
133Plus2 Affymetrix© arrays (9 datasets, 7 = 1,014). We filtered
out 42 outlier samples from the training set and 17 from the vali-
dation set.

We also collected two large datasets, for the validation of our
classification: the Ignatiadis set (» = 996) and the METABRIC
set (2 = 1,992). The processing of these two datasets has been

described elsewhere.'®1”

Training set
12 Human Breast Cancer
Expression Datasets
HGU-133A0, (n=1995)

Validation set
9 Human Breast Cancer
Expression Datasets
HGU-133Plus20, (n=1014)

METABRIC set
lllumina©
(n=1992)

Ignatiadis set
HGU-133A0
(n=996)

=

[1 [1 [1

Selection of TNBC samples I

L1

[ [ [

Preprocessing
Outliers filtering
Normalization
Selection of a probeset by gene
Batch effect correction

4-step gene selection process
Most variant genes (SD > 0.8)
Gene consensus clustering
Biological networks analysis (String DB)
Most correlated genes within networks

/\ﬁj« samples

295 TN samples 314 TNisamples 254 TN|samples

—
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4 A 4
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Figure 1. Methodology flow chart.
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module as a key determinant of triple-negative breast carcinoma prognosis

Chapter 5

Bimodal filtering on ER-PR and HER2 GE identified 262,
295, 314 and 254 TNBC samples in the training set, the valida-
tion set, the Ignatiadis set and the METABRIC set, respectively.

We developed a gene selection process based on biological
networks, to decrease the intrinsic instability of molecular classifi-
cation methods.

We identified the 830 most variant genes (SD > 0.8) in the
training set (7 = 262). A consensus clustering method and hier-
archical clustering identified four main gene clusters. Further
increases in cluster number yielded no significant increase in the
consensus distribution function (CDF) area (Fig. S1 and Materi-
als and Methods).

The various gene clusters were associated with different gene
ontologies (Fig. S2). The clusters were thus named as follows
(Fig. S3A): Immunity cluster (145 genes), Proliferation/DNA
damage cluster (397 genes), AndrogenReceptor(AR)-like cluster
(139 genes) and Matrix/Invasion cluster (149 genes).

The Immunity cluster was the most homogeneous, with
strong correlations between the GE profiles of most of the genes
within this cluster (Fig. S3B).

We used String© database software to analyze our gene selec-
tion, with the aim of decreasing the heterogeneity of each main
gene cluster. We retained the genes from our initial selection that
(1) had high String© database gene connection indexes (greater
than 0.7, Fig. S$4), (2) had similar patterns of expression to other
genes within the same biological network (correlation coefficient
of at least 0.5). We selected a final set of 167 genes [Immunity
cluster (80), Proliferation/ DNA damage (15), AR-like(15),
Matrix/Invasion (57)] (Fig. S5).

Following biological network-driven gene selection, it became
clear that the original Immunity and Matrix/Invasion clusters
were more accurately described by splitting them into two sub-
clusters displaying minor differences [Immunityl (33), Immu-
nity2 (47), Matrix/Invasionl (43), Matrix2 (14)] (Fig. S6A).
This approach yielded an increase in the area under the CDF
curve (Fig. §7).

For each of the six gene clusters identified in this way, we
defined a metagene. The Immunityl and Immunity2 metagenes
displayed similar patterns of expression, with a Pearson correla-
tion coefficient of 0.58; the Pearson correlation coefficient for
the expression patterns of Matrix/Invasion] and Matrix2 was
0.48. The Proliferation/DNA damage and Matrix metagenes dis-
played the strongest inverse correlation (coefficients of —0.43
and —0.60 for Matrix/Invasion] and Matrix2, respectively)
(Fig. S6B).

We validated this six-gene cluster classification, by applying
hierarchical clustering based on the 167 genes selected to the vali-
dation set (7 = 295). Clustering was highly consistent between
the training and validation gene sets (concordance: 93-100%).

The six gene clusters identify six stable TNBC subgroups

Hierarchical clustering was performed on the four TNBC
datasets [training set (262), validation set (295), Ignatiadis (314)
and METABRIC (254)]. For Affymetrix© arrays, we used the
167 selected genes. For the Illumina® platform, we used 153
common genes. We identified six reproducible subgroups of
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TNBC, for which GE patterns were similar in the training set
and in the three validation sets (total of 1,125 samples). The cor-
responding heatmaps are shown in Fig. 2. The Pearson correla-
tion coefficients for the relationships between each sample
subgroup centroid in the three validation sets and the correspond-
ing subgroup centroid in the training set are shown in Fig. 2.

We illustrated the dynamic links between genes within a bio-
logical network, as defined by the String© database, by showing
GE levels for a “prototype sample” (Fig. S8).

We compared our sample classification with those reported by
Lehmann et al. and Curtis et al. (Fig. S9). Our classification
appears very different from that of Lehmann at first glance (x°
test p value = 0.05), but the samples assigned to Centroids one
and six (with high-levels of Matrix/Invasion 1 and Matrix 2 gene
expression, respectively) tended to be classified as Mesenchymal
(M) or Mesenchymal stem-like (MSL), the samples in Centroid
5 (strong expression of Immunity2 genes) tended to be classified
as Immunomodulatory (IM), and the samples in Centroid 4
(strong expression of AR-like genes) tended to be classified as of
the Luminal androgen receptor (LAR) subtype (Fig. S10A and
Fig. S10B). Curtis et al. aimed at defining a new classification
across all cancer subtypes, not specific to TNBC subtypes. In this
classification, the TNBC samples were mostly classified as
IntClust10 or IntClust4, with an even distribution.

Prognostic value of the Immunity2 metagene in TNBC

The prognostic value of the 167-gene TNBC signature was
assessed with the METABRIC dataset. The 254 TNBC samples
were split into two subgroups: a subgroup treated by chemother-
apy (n = 139) and a subgroup not treated by chemotherapy
(n = 115). The chemotherapy-naive (noCT) population and the
chemotherapy-treated population were = significantly different
(Table S1). The patients in the noCT population were older
(mean age of 61.5 y vs. 50.1y, p < 1.2'"), more likely to be
postmenopausal (77% vs. 47%, p = 5.38'"?), and their tumors
were of lower grade (p = 0.01), with less lymph node involvement
(81% vs. 17%, p < 2.2 10-16) "3 lower Nottingham Prognostic
Index (NPI < 3.4, 17% vs. 2%, p = 2.57'%5), and less cellularity
(p=0.03).

Univariate analysis identified three factors significantly corre-
lated with a poor outcome (distant disease-free survival) in the
chemotherapy-treated population: NPI > 5.4 (HR = 2.15
[1.28-3.60], p = 0.003); p53 mutation (HR = 2.42 [1.15-
5.09], p = 0.02); and weak Immunity2 metagene expression
(HR = 2.59 [1.54-4.34], p = 0.0002) (Table 1A, Fig. 3A). We
did not include p53 mutation status in the multivariate model,
due to missing data (z = 79). A NPI > 5.4 and low-levels of
Immunity2 metagene expression were retained in the multivari-
ate model and were significantly associated with a poor outcome
(HR = 2.30 [1.36-3.89], p = 0.002; HR = 2.68 [1.59-4.52],
» = 0.0002, respectively) (Table 1A). The combined variable,
NPT score/Immunity2 metagene expression was found to be of
particular interest. In a first model, a NPI score greater than 5.4
was associated with a worse prognosis: HR = 3.98 [2.00-7.92],
P = 8.721%5 For patients with NPI scores of 5.4 or below,

Immunity2 metagene expression discriminated between two

e1061176-3



5. COLLABORATIONS WITHIN RT2 LAB

O Centroidl
B Centroid2
3 Centroid3
3 Centroid4
3 Centroid5
3 Centroidé

Training Set: 262 samples

167 Genes

>27
03
<21
Centroids (Training vs
Ignatiadis set) Pearson
correlation score.
Centroid1 (0.77)
Centroid2 (0.92)
Centroid3 (0.84)
Centroid4 (0.62)
Centroids (0.69)
Centroids (0.35) «
4}
c
[}
O
~
©
-
>29
05
<-19

Ignatiadis set: 314 samples

Validation Set: 295 samples

Centroids (Training vs
Validation set) Pearson
correlation score.

Centroid1 (0.90)
Centroid2 (0.83)
Centroid3 (0.72)
Centroida (0.91)
Centroids (0.63)

@ Centroidé (0.51)
o
[}
U]
~
©
—
>24
0.1
<22
Centroids (Training vs
METABRIC set) Pearson
correlation score.
Centroid1 (0.71)
Centroid2 (0.77)
Centroid3 (0.25)
Centroid4 (0.82)
Centroids (0.77)
«n Centroidé (0.42)
o
o
[}
O
o0
wn
-

METABRIC Set: 254 samples

lower right: METABRIC).

Figure 2. Heatmaps of the selected genes in the TNBC training set (upper left) and the TNBC validation sets (upper right: validation, lower left: Ignatiadis,

groups of patients with different outcomes (HR = 2.90 [1.51—
5.56], p = 0.001). In a second model, NPI3 patients can also be
split into two groups on the basis of Immunity2 metagene
expression. The NPI3 group with high-levels of Immunity2
metagene expression had a prognosis similar to that of the NPI1/
2 group with low-levels of Immunity2 metagene expression
(Table 1B, Fig. 3A).

Univariate analysis identified four factors significantly corre-
lated with poor outcome in the noCT population: tumor size
>20 mm (HR = 2.36 [1.01-5.48], p = 0.04), lymph node-posi-
tive status (HR = 3.66 [1.65-8.11], p = 0.001), NPI score >5.4
(HR = 10.69 [2.74-41.76], p = 0.001) and low-levels of Immu-
nity2 metagene expression (HR = 2.33 [1.09-4.95], p = 0.03)
(Table 2A, Fig. 3B). Two of these factors were retained in the
multivariate model: NPI score >5.4 (HR = 12.03 [3.05-47.50],
p = 0.0004) and low-levels of Immunity2 metagene expression
(HR = 2.42 [1.13-5.16], p = 0.02) (Table 2A). As in the che-
motherapy-treated subpopulation, the combined variable, NPI
score/Immunity2 metagene expression discriminated between
two groups of patients with different outcomes in this noCT
population (Table 2B, Fig. 3B). The chemotherapy-naive group

contained only seven patients classified as NPI3. Stratification of
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this subgroup defined on the basis of treatment was therefore not
considered methodologically relevant.

We compared the prognostic value of the Immunity2
metagene with that of eight previously published immune
sizgrnatures,lg'25 using the METABRIC dataset.

We generated a heatmap (Fig. S$11) of the GE profiles of each
of the above prognostic signatures applied to the METABRIC
dataset. The samples were ordered according to our classification
of low/high Immunity2 metagene expression. Expression pat-
terns were very similar between the Immunity2 GE signature and
all the other GE signatures, with the exception of the Bianchini,
Karn and Burstein (BLIS) gene-expression signatures.

We first performed a univariate analysis of the prognostic
value of the eight-GE signatures, as described in the correspond-
ing original manuscripts. The Rody, Sabatier, Teschendorff, Des-
medt, Gu-Trantein Tfh, Gu-Trantien Thl and Burstein
signatures were significantly correlated with the prognosis of
TNBC. The Bianchini and Karn GE signatures were not corre-
lated with the prognosis of TNBC (Fig. S12, Table S2). We
then performed a multivariate analysis. We included NPT score,
the Immunity2 metagene and each of the Rody, Sabatier,
Teschendorff, Desmedt, Gu-Trantein Tfh, Gu-Trantien Thl,
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Figure 3. (A) Kaplan-Meier plots. Disease-specific survival of the chemotherapy-treated population (n = 139). NPI score. Immunity2 metagene. NPI score/
Immunity2 metagene. (B) Kaplan-Meier plots. Disease-specific survival of the noCT population (n = 115). NPI score. Immunity2 metagene. NPI score/

and Burstein signatures, one-by-one, in the model. In all compar-
isons the only significant variables remaining in the multivariate
model were NPI score and the Immunity2 metagene (Table S2).

The Immunity2 metagene corresponds to B-cell and T-cell
pathways

String database connections between the Immunityl or
Immunity2 genes and the genes of the eight published prognostic
immune signatures '*%> are provided in Fig. 4. The gene inter-
section was poor, but our immune signature nevertheless appears
to be strongly correlated with other published signatures (Supple-
mentary data), suggesting the use of similar immune pathways.
The Immunity2 metagene was strongly correlated with the
expression metagenes of the above signatures (coefficient greater
than 0.8), except for the Bianchini, Karn and BLIS metagenes
(Fig. S13).

We explored the pathways relating to the immune metagenes
in detail, by analyzing the correlation between the expression of
the Immunityl and Immunity2 metagenes and the metagenes
defined by Gatza et al.2® (IFN-a, IFNwy, STAT3, TGF-B, TNEF-
«) and Palmer et al.”” (LB, LT, CD8", GRANS, LYMPHS).
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This analysis was performed on the METABRIC dataset pub-
lished by Curtis et al.'”

We showed that the Immunity2 metagene was highly corre-
lated with the B-cell, T-cell and CD8" cell metagenes (Pear-
0.93, 0.91, 0.87, respectively)
(Fig. S14). The Immunityl metagene was highly correlated
with the interferon alpha and gamma pathways (Pearson corre-
lation scores: 0.97, 0.94, respectively).

Furthermore, in cancer cell lines (CCLE and CGP datasets),
the Immunity2 metagene displayed very low-levels of expression,
similar to those of the CD8" metagene (Fig. S15). This was true
for all cell lines and BC_CLs tested.

Moreover, the IFN-y, IFN-gamma, STAT3, TGF-f, TNF-a,
LB, LT, GRANS metagenes were more strongly expressed in TN
BC_CLs than in HER2-positive and luminal BC_CLs (Fig. $16).

We investigated Immunity2 GE in white blood cell popula-
tions (Palmer et al.?’), by performing a consensus clustering of
the Immunity2 genes on Palmer’s dataset. This analysis identified
four stable clusters of the genes of the Immunity2 signature.
Some genes were more strongly expressed in B cells (GZMA,

GZMB, CCR7, LY96, MS4A1, CD74 for example), others in T

son correlation scores:
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Table 1 A. Survival analysis (disease-specific survival). Chemotherapy-treated population. Univariate and multivariate analysis.

Univariate analysis Multivariate analysis

139 triple-negative breast cancer patients DS-survival HR [95% Cl] p value DS-survival HR [95% Cl] p value
Menopausal status Pre 1
Post 1.56 [0.95-2.55] 0.08
Tumor size (mm) <20 mm 1
>20 mm 1.03 [0.58-1.82] 0.92
Tumor grade Il 1
1l 1.23[0.45-3.39] 0.69
Lymph node status 0 1
1 0.84 [0.42-1.65] 0.61
NPI score <54 1 1
>54 2.15[1.28-3.60] 0.003 2.30[1.36-3.89] 0.002
Cellularity Low 1
Moderate 0.57 [0.22-1.46] 0.24
High 0.59 [0.25-1.39] 0.23
P53 status Wild-type 1
Mutant 2.42[1.15-5.09] 0.02
Immunity1 metagene expression High 1
Low 0.97 [0.60-1.58] 0.91
Immunity2 metagene expression High 1 1
Low 2.59[1.54-4.34] 0.0002 2.68[1.59-4.52] 0.0002
Proliferation/DNA damage metagene expression High 1
Low 1.13[0.69-1.84] 0.63
AR-like metagene expression High 1
Moderate 1.07 [0.59-1.94] 0.82
Low 0.98 [0.50-1.94] 0.96
Matrix/Invasion1 metagene expression High 1
Low 1.23[0.76-2.01] 0.40
Matrix2 metagene expression High 1
Low 0.99[0.61-1.61] 0.96

Abbreviations: NPI, Nottingham Prognostic Index; AR, androgen receptor; HR, hazard ratio; Cl, confidence interval.

cells (CD3D, CCL2, CD14, CD2, LCK, IL7R), and still others
in granulocytes (named Pax cells) (CD163, MNDA, NCF2,
CSF2RB, FGL2) (Fig. $17). These findings suggest that, even if
the “Immune2” signal is highly homogeneous within tumor sam-
ples (the entire set of genes being coordinately either over- or
under-expressed), different subpopulations of cells express differ-
ent subsets of these genes in the periphery.

The Immunity2 metagene is probably expressed by stromal
cells

In TNBC cell lines (TNBC_CL), genes from the Immunity2
module displayed very low medians and narrow ranges of expres-
sion, suggesting that they were expressed only in the tumor stro-
mal compartment. A similar trend was observed for all BC_CLs.
The Immunityl module genes had higher median expression lev-
els and a broader range of expression in TNBC_CL and in all
BC_CL, suggesting that Immunityl genes were expressed by the
tumor cells (Figs. 5A and B).

Furthermore, we explored the contributions of stromal and
cancer cells to Immunityl and Immunity2 expression in detail,
by comparing our gene lists to the “stromal contribution to
global GE evaluated in PDX RNAseq data”, as defined by Isella
et al.”® The Immunity2 metagene had a very high stromal frac-
tion, as for the Matrix/Invasion] and Matrix2 metagenes. The
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Immunity]l metagene had a very low stromal fraction, like the

AR-like and Proliferation/DNA damage metagenes (Fig. S18).

The Immunity2 metagene opens up interesting
new possibilities for therapeutic interventions

To highlight the new opportunities for therapeutic interven-
tion provided by this study, we represented the existing drugs
(with or without US Food and Drug Administration approval)
for each metagene (Fig. S19 and Supplementary data). Some are
undergoing clinical investigation in patients with TNBC.

We explored the links between PD1, PDL1, CTLA4 (and
their respective metagenes) and the Immunity2 metagene. We
compared the Immunity2 metagene with the TILs signature
defined by Schalper et al.,*> who showed that PD-L1 mRNA
synthesis was associated with increases in the expression of TILs
and recurrence-free survival. This analysis was performed on the
METABRIC dataset. The PD1 and CTLA-4 metagenes were
constructed from the genes most strongly correlated with the
PD1 and CTLA-4 genes, respectively (Pearson correlation score
>0.8). The PDLI metagene was defined by Sabatier et al.*’

The Immunity2 metagene was highly correlated with the
PD1, PDLI and CTLA-4 metagenes (Pearson correlation: 0.90,
0.96, 0.91, respectively). The coefficient of correlation between
the Immunity2 metagene and the TILs signature was up to 0.90
(Fig. S20).
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Figure 4. String Software connections between our Immunity1 and Immunity2 genes and the genes of eight previously published prognostic immune
signatures. Stronger associations between genes are represented by thicker lines. Associations between genes with a coefficient < 0.9 are shown in
green. Associations between genes with a coefficient >0.9 are shown in red. Associations between genes with a coefficient between 0.4 to 0.7 are not

In cell lines, the PD1, PDL1, CTLA-4 and TILs metagenes
were very weakly expressed, like the Immunity2 metagene (Fig.
S21).

Using the METABRIC dataset, we compared the prognostic
value of these metagenes (PD1, PDLI, CTLA4 and TILs) with
that of the Immunity2 metagene. In univariate analysis, high-lev-
els of PD1, PDL1, CTLA-4 and TILs metagene expression were
associated with a good prognosis (Fig. $22, Table $3). In multi-
variate analysis, we included NPI score, the Immunity2 metagene
and each of the PD1, PDL1, CTLA4 and TILs metagenes, one-
by-one, in the model. In all comparisons, the only significant var-
iables remaining in the multivariate model were NPI score and
the Immunity2 metagene.

Discussion
New tools for classifying TNBCs are urgently required, to

improve our understanding of the molecular basis of TNBC and
to identify potentially useful novel therapeutic interventions. By
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analyzing the GE profiles of 1,125 TNBCs, we identified a six-
metagene signature (167 genes) in which the various metagenes
were enriched in different gene ontologies: two clusters were
enriched in immunity genes, one in proliferation/DNA damage
genes, one in AR pathway genes, and two in matrix/invasion
genes. This signature appeared to be particularly robust for iden-
tifying TNBC subtypes across different datasets, independently
of the gene chip technology used to generate the data. Further-
more, one metagene (Immunity2) was found to be of strong
prognostic value for TNBC samples.

Lehmann et al.'® recently developed a classification of
TNBCs in which a 2,188-gene signature was used to classify
tumors. They suggested that this classification could also be used
to classify xenografts or cell lines. They also developed a website
(http://cbe.me.vanderbilt.edu/tnbe/)  for the classification of
TNBC samples.'" This study provided important biological
insight into the molecular drivers of TNBC, but it also raised sev-
eral key concerns. First, the normalization process involved data
from different platforms. Several studies have shown that large
discrepancies in signature composition and absences of
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Table 1 B. Survival analysis (disease-specific survival). Chemotherapy-treated population. Two univariate models. Combination of NPI score and Immunity2

metagene expression

139 triple-negative breast cancer patients DS-survival HR [95% ClI] p value
NPI score/Immunity2 metagene expression NPI1-2/Highl2 1
NPI1-2/Lowl2 2.90[1.51-5.56] 0.001
NPI3 3.98[2.00-7.92] 8.72'%°
NPI score/Immunity2 metagene expression NPI1-2/Highl2 1
NPI1-2/LowlI2 2.91[1.51-5.59] 0.001
NPI3/Highl2 2.31[0.96-5.57] 0.06
NPI3/LowlI2 6.30 [2.89-13.78] 3.87'0°

Abbreviations: NPI, Nottingham Prognostic Index; 12, Immunity2; HR, hazard ratio; Cl, confidence interval.

NPI=[0.2 x S]+ N+ G.
S: tumor size (cm).
N: number of lymph nodes involved (0 =1,1-3 =2, >3 =3).

G: tumor grade according to Elston and Ellis (Grade I=1, Grade Il = 2, Grade Ill = 3).

concordance concerning outcome may be due to differences in
the array platform and preprocessing method used.'” Second,
Lehmann et al. used a very large number of genes (2,188 genes)
to establish their molecular signature, and this may have consti-
tuted a source of instability, due to the noise introduced.'>'? As
shown by Weigelt et al.,>! microarray-based single-sample pre-
dictors do not allocate individual samples to a given molecular
subtype reproducibly, probably because the use of large numbers

of genes leads to instability of the classification when new samples
are added. Third, it would be unwise to transpose this classifica-
tion to various iz vitro and 7n vive breast cancer models (primary
tumor xenografts, cell lines, cell line-derived xenografts), because
the stromal environment and the original tumor are very differ-
ent.*>?> We found that genes from the Immunity compartment
(Immunity2 module) were highly relevant for the classification of
TNBC samples and that these genes were not expressed in

Table 2 A. Survival analysis (disease-specific survival). Chemotherapy-naive population. Univariate and multivariate analysis.

Univariate analysis Multivariate analysis

115 triple-negative breast cancer patients DS-survival HR [95% Cl] p value DS-survival HR [95% Cl] p value
Menopausal status Pre 1
Post 1.31 [0.56-3.06] 0.53
Tumor size (mm) <20 mm 1
>20 mm 2.36[1.01-5.48] 0.04
Tumor grade -l 1
1l 1.33[0.51-3.49] 0.56
Lymph node status 0 1
1 3.66 [1.65-8.11] 0.001
NPI score <34 1 1
34-54 1.36 [0.47-3.96] 0.57 1.55[0.53-4.51] 0.43
>5.4 10.69 [2.74-41.76] 0.001 12.03 [3.05-47.50] 0.0004
Cellularity Low 1
Moderate 1.91[0.54-6.71] 0.31
High 1.42[0.41-4.90] 0.58
P53 status Wild-type 1
Mutant 0.90 [0.17-4.63] 0.90
Immunity1 metagene expression High 1
Low 1.56 [0.76-3.19] 0.22
Immunity2 metagene expression High 1 1
Low 2.33[1.09-4.95] 0.03 2.42[1.13-5.16] 0.02
Proliferation/DNA damage metagene expression High 1
Low 1.14[0.56-2.32] 0.72
AR-like metagene expression High 1
Moderate 0.96 [0.42-2.20] 0.92
Low 0.74[0.28-2.00] 0.56
Matrix/Invasion1 metagene expression High 1
Low 0.48[0.23-1.01] 0.06
Matrix2 metagene expression High 1
Low 1.31 [0.64-2.66] 0.46

Abbreviations: NPI, Nottingham Prognostic Index; AR, androgen receptor; HR, hazard ratio; Cl, confidence interval.
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Table 2 B. Survival analysis (disease-specific survival). Chemotherapy-naive population. Univariate analysis. Combination of NPI score and Immunity2 meta-

gene expression.

115 triple-negative breast cancer patients

DS-survival hazard Ratio [95% Cl]

NPI score/Immunity2 metagene expression

NPI1-2/Highl2
NPI1-2/Lowl2
NPI3

1
2.13[0.95-4.78]

12.89 [4.07-40.82]

Abbreviations: NPI, Nottingham Prognostic Index; 12, Immunity2; HR, hazard ratio; Cl, confidence interval.

BC_CLs. The observed lack of reproducibility between classifiers
may reflect major differences in the methodology and aims of the
studies concerned. Further validation will be required before
these models can be used in routine clinical practice.

We developed a strategy for the definition of a GE signature
based on the analysis of biological networks for the most variant
genes. Within these networks, we then analyzed GE parameters,
to select the genes with the most strongly correlated patterns of
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Figure 5. (A) Boxplots of gene expression for the Immunity1 and Immunity2 metagenes, in each breast cancer cell line subtype from the CCLE. (B) Box-
plots of gene expression for the Immunity1 and Immunity2 metagenes in each breast cancer cell line subtype from the CGP.
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expression. The validation process showed that our gene matrix
identified similar GE patterns across 1,125 TNBC samples. This
first step in biological network analysis, which is probably less
sensitive to sample fluctuations than other methods, made it pos-
sible to capture strong biological signals that might be concealed
by the noise present in microarray data. Several studies have
reported that the incorporation of network information improves
the stability of gene selection and the biological interpretability
of biomarker signatures for a given prediction accuracy.' !>
The Immunity2 module was identified as a strong prognostic
factor for disease-specific survival (strong expression of this meta-
gene is correlated with a good outcome), regardless of the charac-
teristics of the tumor (NPI score, tumor size, tumor grade and
lymph node status). It clearly suggest the presence of an hemo-
poietic infiltrate, composed of activated cytotoxic T cells, B cells,
myeloid cells, natural killer cells and neutrophils. This module
includes adhesion molecule-associated genes (SELL, ITGB2),
and genes encoding proteins involved antigen processing and pre-
sentation (CD74 or ligand, HLA-DRA), B-lymphocyte cell sur-
face molecules (PTPRC, ITGB2, HLA-DRA), the caspase
cascade (CASP1), complement pathway (C1QA, C1QB), CTL-
mediated immune responses to target cells (ITGB2, CD3D,
GZMB), dendritic cell regulation of Th1 and Th2 development
(CD2, IL7R), granzyme-mediated apoptosis (GZMA, GZMB),
IL12-mediated signaling events (CD3D, HLA-DRA, GZMA,
LCK), the IL2 signaling pathway (LCK), interleukin-3, 5 and
GM-CSF signaling (HCK, BLNK, CSF2RB), T-cell surface
molecules (PTPRC, CD3D, CD2, ITGB2), and the T-cell
receptor signaling pathway (PTPRC, CD3D, HLA-DRA, LCK).
Burstein et al.” identified four different TNBC subtypes
(LAR, MES, BLIS, BLIA) with the identification of similar path-
ways and a prognostic value for the BLIA subgroup similar to
that for the signature identified in our study. This subgroup dis-
plays an upregulation of B-cell, T-cell, and natural killer cell
immune-regulating pathways and an activation of STAT tran-
scription factor-mediated pathways. The authors showed that the
prognosis was worse for basal-like immune-suppressed tumors
than for basal-like immune-activated tumors, for both disease-
free survival (p = 0.04) and disease-specific survival (p = 0.039).
Several recent studies have demonstrated the importance of
tumor-infiltrating lymphocytes (TILs) in controlling the clinical
progression of various epithelial cancers.”> In breast cancer,
recent advances in GE profiling have revealed an association
between immune signatures and favorable outcomes.””® A gene
signature enriched in cytotoxic CD8% T-cell genes and genes
associated with natural killer cell activity has been reported.’”
However, the ability of CD8" T cells to control human breast
cancer is probably counteracted by the presence of immunosup-
pressive cells, CD4™" T-regulatory cells or macrophages: immu-
nohistochemistry (IHC) analysis of tissue microarray data for
179 treatment-naive breast tumors revealed that high-levels of
macrophages and CD4™ T cells were correlated with poor overall
survival, whereas a combination of high-levels of CD8" T cells
and low-levels of macrophages and CD4" T cells was correlated
with higher overall survival.*® Intratumoral B cells have also been
associated with a favorable prognosis in breast cancer.”” In ER-
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negative breast cancers, a STAT1 signaling metagene,'® and a B-
cell metagene'® were found to be associated with better out-
comes. Another group identified an immune response-based
prognostic gene module (C1QA, XCL2SPP1, TNFRSF17, LY9,
IGLC2, HLA-F) associated with a better prognosis than for other
ER-negative breast cancers, regardless of lymph node status and
lymphocytic infileration.*” According to Bertucci et al.,*! the IM
subtype (overlapping with medullary breast cancers, a rare form
of TNBC with a prominent lymphocytic reaction) is associated
with a favorable prognosis. The two immune modules identified
in this study had many biological connections with other eight
immune prognosis signatures published for TNBC.'#%°

Neoadjuvant chemotherapy is increasingly being used for
TNBC, because these tumors have a poor prognosis, are assumed
to be chemosensitive and no alternative specific systemic treat-
ment is available. Patients with a complete pathologic response
(pCR) after neoadjuvant chemotherapy have a better outcome
than those with residual disease, and pCR is a good surrogate for
long-term survival and cure in this specific subgroup.9’42

The Immunity2 metagene was not found to be predictive of
response to neoadjuvant chemotherapy in TNBC (272 fine nee-
dle aspirations of TNBC samples for which information about
pCR or its absence was available from the cight datasets previ-
ously published by Ignatiadis et al. ') (data not shown). This
lack of relationship may have resulted from the use of fine needle
aspiration biopsy samples. The Immunity2 genes, which are
largely expressed in the stromal environment, were less strongly
expressed in fine needle aspiration samples than in tumor samples
(Fig. $23).

However, intratumoral immune responses are known to be
correlated with clinical outcomes in TNBC. This may reflect the
role of immune cells in the activity of cytotoxic chemotherapeutic
agents. Some chemotherapeutic drugs, such as anthracyclines, act
not only through direct cytotoxic effects, but also by activating
CD8™ T-cell responses. Conflicting results have been published
on the ability of other immune-based classifiers to predict out-
come in TNBC. High-intratumoral levels of CD8" T cells ** or
TILs >*% are associated with better clinical responses to anthra-
cycline-based chemotherapy. West et al. ** reported that high-
levels of lymphocyte GE were associated with a high rate (74%)
of complete pathological responses to neoadjuvant anthracycline-
based chemotherapy. In 2011, Sabatier et al. 20 showed, by gene-
expression profiling, that “Immune High” patients (59%) were
more likely to present pCR than “Immune Low” patients (43%),
but this difference was not significant (p = 0.29). In 2014,%¢
they showed that “PDLI mRNA expression high” (57%) patients
presented higher rates of pCR than “PDLI mRNA expression
low” (43%) patients (p < 0.001). Wimberley et al. 47 showed
that PDL1 protein levels in the epithelium and stroma were cor-
related with pCR only in hormone receptor-positive and HER2-
amplified breast cancers. Denkert et al. ** demonstrated the
importance of TIL and immune GE signatures for predicting
pCR in breast carcinoma. However no significant difference in
pCR rate was detected between lymphocyte-predominant breast
cancer (LPBC) and no-LPBC in the anthracycline-taxane
subgroup.
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However, the results of these studies suggest that clinical out-
comes in ER-negative breast cancers, including TNBC in partic-
ular, are strongly influenced by tumor immune responses and
are, thus, highly responsive to immunotherapies. The possible
use of immunotherapy approaches to treat TNBC (tumor vac-
cine approaches, immune-checkpoint inhibitors, antagonists of
immunosuppressive molecules and adoptive cell therapies)
should be investigated in detail.*®

The other metagenes studied had no significant prognostic or
predictive value. However, they identified sound biological net-
works providing opportunities for therapeutic intervention. The
Immunity]l metagene included genes involved in the interferon
a/B signaling pathway or cytokine signaling (STAT1, IRF7,
IRF27, OAS1, OAS2, PMSBS8, XAF1, IFIT1, IFITM1, ISG15,
1GS20, 1F6, MX1), the Toll-like receptor signaling pathway
(STAT1, CXCL9, CXCL10, CXCL11, CCL5, IRF?), cell-cycle
checkpoints and DNA synthesis (PSMB8, PSMB9). Patients dis-
playing strong expression of this metagene often also had high-
levels of Immunity2 and Proliferation/DNA damage metagene
expression, suggesting the possible existence of common path-
ways. The IDO1 (indoleamine 2, 3-dioxygenase 1) gene is a
particularly interesting potential target. It encodes a tryptophan-
degrading enzyme known to suppress antitumor CD8" T cells
and it contributes to the inhibition of anticancer immune
rf:sponses.48 This immunosuppressive enzyme is actually investi-
gated as a promising candidate target in cancer immunotherapy.

A subset of TNBC tumors strongly expresses AR-regulated genes.
AR expression has been reported to be lower in triple-negative breast
tumor cells than in other types of breast cancer. The overall frequency
of AR expression in carcinoma cells varies considerably between studies
(0-53%).>*>! We identified strong expression of AR pathway genes in
25% of our population. The biological role of androgens in TNBC
remains a matter of debate. Immunohistochemical studies investigat-
ing the presence of AR in tumor cells have reported conflicting results
for clinical outcome; some studies have suggested that AR expression is
advantageous for survival,”>>* whereas others found no significant
effect.” Lehmann et al. found that the LAR subtype of TNBC dis-
played the lowest frequency of pCR (10%). The presence of AR in a
subset of TNBC patients suggests that androgenic pathways in tumor
cells could be targeted in at least some TNBC patients. The widespread
availability of agents targeting the AR also makes this approach poten-
tally appealing, as it would be straightforward to incorporate such
treatment into clinical practice.

The Matrix/Invasion] metagene included genes associated
with B1 integrin cell surface interactions, ECM-receptor interac-
tion or integrin family cell surface interactions (NID1, TGFBI,
COL5A1, COL5A2, COL6A3, COL3A1, COL1A1, COL1A2,
COL11A1, FN1, FBN1, THBS1, THBS2), the TGF B signaling
pathway (DCN, COMP, THBS1, THBS2), the inhibition of
matrix metalloproteases (MMP2, TIMP3), and the AP-1 tran-
scription factor network (DCN, COL1A2, MMP2). Metallopro-
teinases (MMPs) and their tissue inhibitors are involved in
several key pathways of tumor growth, invasion and metasta-
sis.”®>” The expression and activity of MMPs has been linked to
advanced stages of breast cancer, greater tumor invasion and the
construction of metastatic formations.”®>**® Some studies have
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highlighted the importance of matrix MMP expression by stro-
mal cells as a prognostic factor in the TNBC subtype.®’ These
molecules are thus attractive targets for drug development.®?

The Matrix2 metagene included genes associated with the AP-
1 transcription factor network (FOS, EGR1, FABP4, DUSP1),
the EGR receptor signaling pathway (FOS, DUSP1, EGR1), the
Whnt or ALK signaling pathway (CAV1), the MAPK signaling
pathway (FOS, DUSP1) or Trk receptor signaling mediated by
the MAPK pathway (FOS, EGR1), the mTOR signaling path-
way (IGF1), the PPAR signaling pathway (ADIPOQ, CD36,
FABP4), and androgen-mediated signaling (FOS, EGR1). These
pathways may contribute to cell motility and tumor cell invasion®®
and play a prominent role in epithelial-mesenchymal transition
(EMT) and in stem cells. These metagenes are strongly expressed
in mesenchymal cells and metaplastic breast cancers.” Metaplastic
breast cancers have lineage plasticity, including spindle cell foci,
and display osseous or cartilaginous differentation.”* Some drugs
targeting the pathways relating to the metagenes identified here
may be of particular interest for the treatment of TNBC (PI3K/
mTOR inhibitor, Wnt/B catenin inhibitor).

Conclusion

In conclusion, our 167-gene TNBC molecular signature, con-
sisting of six metagenes, appears to be particularly robust for the
identification of TNBC subtypes. Furthermore, expression of the
Immunity2 metagene was strongly correlated with prognosis,
and many biological targets have been identified within the corre-
sponding biological network. These findings open up interesting
new possibilities for the development of new therapeutic
interventions.

Patients and Methods

Data normalization and quality control

We collected 21 publicly available datasets (described in the
supplementary data) containing raw GE data from microarray
analyses (Affymetrix© Gene Chip Human Genome HG-U133A
and HG-U133Plus2) of 3,247 primary human breast cancer
samples. The data were normalized by the robust multichip aver-
age (RMA) procedure from the EMA R package.®® The datasets
were split into training (HGU-133A Affymetrix© arrays, 12
datasets, » = 1,995) and validation (HGU-133Plus2
Affymetrix© arrays, (9 datasets, 7 = 1,014) sets. We also col-
lected two large datasets, to validate our classification: The Igna-
tiadis dataset (z = 996) and the METABRIC dataset (» =
1,992). Data processing for these two datasets has been described

elsewhere.'®1”

Determination and preprocessing of triple-negative breast
cancer samples

We identified the TNBC samples in each dataset, using a
bimodal mixture of two Gaussian distributions for ER and
HER?2 gene expression, and the median value for PR expression.
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The training, validation and Ignatiadis datasets

Batch effects were climinated by the median centering of each
probe-set across arrays and by a, independent quantile normaliza-
tion of all arrays for each dataset. We controlled for outliers with

the Array Quality Metrics R package.

The METABRIC set

We fitted a linear model (limma R package) to remove the
batch effect and probes were filtered according to three criteria:
probe quality,®® GC content and presence in more than 5% of
the samples. We centered expression values, using the R function

scale().

Gene selection process

Consensus clustering was applied to the training set, to deter-
mine the optimal number of robust gene clusters for the most
variant genes (standard deviation > 0.8). We investigated the
enrichment of each gene cluster in particular types of genes. We
then identified known biological networks, for each gene cluster
separately, using String®© database software version 9.1 (htep://
string-db.org/).*

We then applied a two-step selection process: (1) we selected
strong biological networks by retaining only genes for which con-
nection scores of at least 0.7 were obtained with String© database
software, (2) within each biological network, we selected groups
of genes with for which expression levels were correlated, with a
correlation coefficient of at least 0.5.

For each dataset (the training, validation, Ignatiadis and
METABRIC sets), we applied a hierarchical clustering procedure
to the TNBC GE profiles, using the selected genes to visualize
the optimal number of stable TNBC subtypes.

Prognostic analysis

Prognostic analysis was performed on the METABRIC set
published by Curtis et al.'”

Expression data were summarized by a metagene for each gene
cluster (details in the supplementary material). The clinical and
pathological variables available for each dataset are described in
the supplementary data. Qualitative variables were compared in
x> tests or Fisher's exact tests, as appropriate. Quantitative
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The study of Bonsang-Kitsis et al 2015 (79) introduced a novel signature to classify
TNBCs. We decided to conduct similar analysis on HER2-positive breast cancer, given

the interesting results presented in our previous analysis.

HER2+ breast cancer tumors are characterized by an amplification and high expres-
sion level of HER2 tyrosine kinase receptor gene. They are very aggressive tumors with
a high rate of early distant metastatis. Targeted therapy with a monoclonal antibody
targeting the HER2 receptor (trastuzumab) has considerably changed the patient out-
comes. However, a fraction of HER2+ tumors appears to be resistant to trastuzumab.
Robust classifiers are then required to find novel therapeutic strategies for these women.
Based on a collection of 21 publicly available datasets we applied the same biological
network-driven gene selection process used in Bonsang-Kitsis et al 2015. The gene signa-
ture was build on a training and validated on a validation set. The final gene signature
was composed of 138 genes that form six clusters of genes enriched in different gene
ontologies: Immunity, Interferon, Signal transduction, Hormonal/survival, Tumor sup-
pressors/Proliferation and Matrix. We further validated the six-metagene signature with
Ignatidis(89) and METABRIC (46) dataset.

We have demonstrated strong inverse interactions between immunity metagene and
estrogen, progesterone and androgene receptor (ER, PR, AR) hormonal pathways. The
ER, PR and AR genes are more expressed in samples with low Immunity metagene ex-
pression level than in the ”"Immunity high” subgroup in the four datasets.

A multivariate analysis was conducted to assess whether the 138-gene HER2+ signa-
ture associated with clinical characteristics was predictive of response to neoadjuvant
chemotherapy (NAC). It was performed on 82 HER2-positive samples from the Ignatiadis
dataset. Samples with ER positive status and high expression of Immunity metagene
were associated with pathological complete response (pCR). The ”Immunity2” metagene
described in Bonsang-Kitsis et al 2015 was not predictive of pCR in TNBCs although

both immune metagene (from HER2+ samples and TNBC samples) were strongly cor-
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related in the four sets of data (correlation coefficients greater than 0.94 in the training
and validation sets, Ignatidis and METABRIC). We applied both signatures to the whole
population for the Ignatiadis dataset, and we analyzed the pCR rates as a function of
breast cancer subtype and Immunity metagene status. The results showed that the high
expression of the two metagenes was significantly associated with higher pCR, rates in
ER+/HER2- and HER2+. For TNBC only the Immunity metagene was significant.
The prognostic value of the signature was assessed on 248 HER2+ samples from the
METABRIC dataset. High expression level of the Immunity metagene was significantly
associated with good prognosis only in ER~ samples.

To complete our analysis associated with the immune process, we investigated the corre-
lation between Immunity metagene expression and lymphocyte infiltration. We analyzed
an independent set of HER2+ tumors for which both histology and gene expression data
were available (n = 27). We demonstrated that the high expression level of the Immunity
metagene was significantly correlated with the amount of both intratumoral and stromal

lymphocyte infiltration.

Our work reports one of the first immune signatures identified as both predictive and
prognostic, reflecting histological immune infiltration in HER2+ breast cancers. Given
the key role played by the immune processes, immunotherapies may represent a therapy

with a high impact for such cancers.
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Abstract

Introduction

HER2-positive breast cancer (BC) is a heterogeneous group of aggressive breast cancers,
the prognosis of which has greatly improved since the introduction of treatments targeting
HER2. However, these tumors may display intrinsic or acquired resistance to treatment,
and classifiers of HER2-positive tumors are required to improve the prediction of prognosis
and to develop novel therapeutic interventions.

Methods

We analyzed 2893 primary human breast cancer samples from 21 publicly available data-
sets and developed a six-metagene signature on a training set of 448 HER2-positive BC.
We then used external public datasets to assess the ability of these metagenes to predict
the response to chemotherapy (Ignatiadis dataset), and prognosis (METABRIC dataset).

Results

We identified a six-metagene signature (138 genes) containing metagenes enriched in dif-
ferent gene ontologies. The gene clusters were named as follows: Immunity, Tumor sup-
pressors/proliferation, Interferon, Signal transduction, Hormone/survival and Matrix
clusters. In all datasets, the Immunity metagene was less strongly expressed in ER-positive
than in ER-negative tumors, and was inversely correlated with the Hormonal/survival meta-
gene. Within the signature, multivariate analyses showed that strong expression of the
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“Immunity” metagene was associated with higher pCR rates after NAC (OR = 3.71[1.28—
11.91], p=0.019) than weak expression, and with a better prognosis in HER2-positive/ER-
negative breast cancers (HR = 0.58 [0.36-0.94], p = 0.026). Immunity metagene expression
was associated with the presence of tumor-infiltrating lymphocytes (TILs).

Conclusion

The identification of a predictive and prognostic immune module in HER2-positive BC con-
firms the need for clinical testing for immune checkpoint modulators and vaccines for this
specific subtype. The inverse correlation between Immunity and hormone pathways opens
research perspectives and deserves further investigation.

Introduction

HER2-positive breast carcinomas (BCs) are defined by amplification and overexpression of the
HER?2 tyrosine kinase receptor gene (17q12). The tumors of this subgroup have aggressive
pathological features and a high rate of early distant metastatic events. They are routinely
treated with a combination of docetaxel plus a monoclonal antibody targeting the HER2 recep-
tor (trastuzumab). Other drugs also appear to be of major interest and will probably be made
available for routine treatment in the near future (lapatinib, pertuzumab and T-DM1).

HER2-positive BCs constitute a heterogeneous group of tumors differing in histological fea-
tures, gene expression profiles, clinical behavior, overall prognosis, and response to conven-
tional systemic cytotoxic therapy. Trastuzumab-based treatments have been used for the last
decade and have substantially improved outcomes in patients with early or metastatic HER2-
positive BC. However, some HER2-positive tumors display intrinsic or acquired resistance to
trastuzumab. Robust classifiers are required, both to improve our understanding of the molec-
ular basis of HER2-positive BC and to develop novel therapeutic interventions.

We developed a two-step biological network-driven gene selection process: 1) identification
of the most variable genes displaying highly correlated patterns of expression, 2) direct connec-
tion of these genes within known biological networks. This method has been shown to con-
struct molecular signatures efficiently [1-3]. We defined a HER2-positive molecular subtype
classification and identified a stromal immune module gene expression profile strongly corre-
lated with predicted response to chemotherapy, prognosis and lymphocytic infiltration. This
classification provides considerable biological insight, and has potential for use in the develop-
ment of therapeutic interventions, such as novel immunotherapies in particular.

Material and methods
Data normalization and quality control

Training, validation and Ignatiadis datasets. We collected 21 publicly available datasets
(described in the S1 File) containing raw gene expression data for 2893 primary human breast
cancer samples. The data were normalized by the robust multichip average (RMA) procedure
from the EMA R package [4]. The datasets were split into training (HGU-133A Affymetrix*
arrays, 12 datasets, n = 1921) and validation (HGU-133Plus2 Affymetrix* arrays (9 datasets,

n = 972) sets. Batch effects were eliminated by the median centering of each probe-set across
arrays and by an independent quantile normalization of all arrays for each dataset. We con-
trolled for outliers with the Array Quality Metrics R package. We also collected two large
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datasets to validate our classification: The Ignatiadis dataset (Affymetrix data n = 996) [5] and
the METABRIC dataset (Illumina data n = 1992) published by Curtis et al. [6].

Determination and preprocessing of HER2-positive breast cancer
samples

We identified the HER2-positive samples in the training and validation datasets, on the basis
of transformed ERBB2 mRNA expression, as described by Gong et al. [7], and using the
bimodal distribution of ERBB2 expression for the Ignatiadis and the METABRIC dataset.

Gene selection process

Consensus clustering with the ConsensusClusterPlus R Package was applied to the training set
with a ward inner, final linkage and Pearson distance, to determine the optimal number of
robust gene clusters for the most variable genes (standard deviation>0.8). We investigated

the enrichment of each gene cluster in particular types of genes, and categorized and labeled
genes clusters according to the different gene ontologies. We then identified known biological
networks, for each gene cluster separately, using String* database software version 9.1 (http://
string-db.org/) [8]. We then applied a two-step selection process: 1) we selected strong biologi-
cal networks by retaining only genes for which connection scores of at least 0.7 were obtained
with String* database software, 2) within each biological network, we selected groups of genes
with correlated expression patterns and a correlation coefficient of at least 0.5.

For each dataset (the training, validation, Ignatiadis and METABRIC sets), we applied a
hierarchical clustering procedure with a ward inner, final linkage and Pearson distance to the
HER2-positive gene expression (GE) profiles, using the selected genes to visualize the optimal
number of stable HER2-positive subtypes.

Metagene construction

We defined a metagene as an aggregate patterns of gene expression. Metagene expression was
assessed by calculating the median normalized expression values of all probe sets in the respec-
tive gene clusters for each sample. The metagene value for each sample was then discretized on
the basis of the median value, as “high” or “low”.

Association between expression of the Immunity metagene and that of
ESR1, PGR, and AR

All the analyses were performed on all four datasets (training, validation, Ignatiadis, METAB-
RIC). The levels of expression of ESR1, PGR and AR were compared between “Immunity low”
and “Immunity high” samples, by ANOVA. Levels of Immunity metagene expression were
compared between samples positive and negative for ER, PR, and AR, by ANOVA. We also
performed ANOVA for each gene of the Immunity metagene as a function of ER status.

Analysis of the predicted response to NAC

We analyzed the predicted response to chemotherapy in the datasets published by Ignatiadis

et al. [5]. Expression data were summarized by defining a metagene for each gene cluster. The
clinical and pathological variables available for each dataset are described in S1 File. Qualitative
variables were compared with logistic regression models.
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Prognostic analysis

Prognostic analysis was performed on the METABRIC set. Expression data were summarized
by defining a metagene for each gene cluster. The clinical and pathological variables available
for each dataset are described in S1 File. Survival analyses were performed for the whole popu-
lation, and separately for ER-positive and ER-negative patients, by calculating Kaplan-Meier
estimates of the survival function. The endpoint of these analyses was breast cancer-specific
survival (BCSS). Survival curves were compared in log-rank tests. Hazard ratios were esti-
mated with Cox’s proportional hazard model. Predictive and prognostic analyses were per-
formed with the R survival package. Variables associated with pCR or BCSS with a P-value
<0.10 in univariate analysis were included in the multivariate model. Variables with P-values
<0.05 in multivariate analysis were considered statistically significant.

Correlation with tumor-infiltrating lymphocyte levels

We downloaded the gene expression data from the REMAGUS 02 trial [9] and retrieved 27
samples for which paraffin-embedded tissue sections were available at our institution. All
patients enrolled in this study gave their informed written consent. Histologic microbiopsy
specimens were evaluated independently for the presence of a lymphocytic infiltrate (intratu-
moral TILs and stromal TILs by one BC pathologist (ML) and one breast physician (ASH)
unaware of the gene expression classification. Percentages of TLs and StrL were compared, as
a function of Immunity metagene status, in ANOVA. The correlations between Immunity
metagene expression and the percentages of TLs and StrL were assessed by calculating Pear-
son’s correlation coefficient.

Expression of the gene signature in human breast cancer cell lines

We downloaded the gene expression profiles of the human cancer cell lines from the Cancer
Cell Line Encyclopedia (CCLE) [10] of Novartis/the Broad Institute and the Cancer Genome
Project (CGP) [11] of the Sanger Institute. We normalized the data for all the cell lines from
different tissues together.

Statistical analysis

Data were processed and statistical analyses were carried out with R software version 3.1.2 [12]
(www.cran.r-project.org).

Results
HER2-positive gene expression profiles identify six main gene clusters

HER2-positive BC samples were selected from 21 publicly available datasets (n = 3,247 breast
cancer samples) and separated into a training set and a validation set (S1 File and S1 Fig). In
the training set, we applied a gene selection process based on biological networks (Fig 1A to
1C), to decrease the instability intrinsic to molecular classification methods (see S1 File), as
previously described for triple-negative breast cancers (TNBCs) [3]. We selected a final set of
138 genes (S1 Table), composed of six gene clusters enriched in different gene ontologies:
Immunity (n = 28), Interferon (n = 11), Signal transduction (n = 20), Hormonal/survival

(n = 22), Tumor suppressors/Proliferation (n = 36), Matrix (n = 21) (Fig 1D). We defined a
metagene for each of the six gene clusters identified in this way (S1 File). The Immunity and
Interferon metagenes displayed similar patterns of expression. The Immunity and Hormonal/
survival metagenes displayed the strongest inverse correlation for expression (coefficient of
-0.46) (Fig 1E and 1F). The correlations between the 138 genes and the metagenes are

PLOS ONE | DOI:10.1371/journal.pone.0167397 December 22, 2016 4/19

140 Chapter 5



5.2 A Stromal Immune Module Correlated with the Response to
Neoadjuvant Chemotherapy, Prognosis and Lymphocyte Infiltration in
HERZ2-Positive Breast Carcinoma Is Inversely Correlated with Hormonal

Pathways
D
@ : PLOS | ONE Immune Module in HER2+ Breast Cancer Is Predictive of Response to Chemotherapy and Prognosis
aroups A - C
I . :,‘. ‘ a
o . 7 S5
£
cluster S1 Ll

cluster S2
cluster $3
cluster $4
cluster S5

negative
positive

Immunity

Signal transduction
Hormonal/Survival
Tumor suppressors
Matrix

Lo oo )
D F

ER status
Groups
\ | i Centroid 1
Centroid 2
Centroid 3
Centroid 4
Centroid 5

negative
positive Immunity_metagene

Immunity (28)

Tumor suppressors/Proliferation (36) 5)
Interferon (11)

Signal transduction (20)
Hormonal/survival (22)

Matrix (21) Hormone_survival_metagene

=
o
g ‘6 Immunity
3 (4 Tumor Suppressor/
o g 0.17 Proliferation E
2 =1 0.39 -0.1 Interferon
[ % 0.21 -0.4 0.23 Signal transduction
S E[ 046 0 -0.04 0.4 Hormonal/Survival |
S 8[ou 0.17 0.13 0.24 0.01 [Matrix]

Fig 1. Gene selection process. A Heatmap showing the 616 most variable genes in the 448 HER2-positive samples (training set). B String
database software confidence view of the Matrix genes cluster. Stronger associations between genes are represented by thicker lines. C
Cytoscape View for the Immunity gene cluster. GE correlations between genes are indicated by edges (edge color varies from green to red
and edge size increases with increasing correlation) and gene expression variance is represented by node color (node color varies from
green to red and node size increases with increasing variance). D Heatmap showing the relative expression of 138 selected genes in 448
HER2-positive samples from the training set. E Table of Pearson’s correlation coefficient values for the correlations between the 6
metagenes. F Heatmap showing the anticorrelation between the Immunity and the Hormone/Survival metagene.

doi:10.1371/journal.pone.0167397.9001

described in more detail in S1 File. For validation, we applied hierarchical clustering methods
to three additional independent HER2-positive datasets; a validation set (1 = 194), the Ignatia-
dis dataset (n = 82) and the METABRIC dataset (n = 248) (S1 File and S2 Fig).

The expression of the Immunity metagene is strongly associated with ER
status, PR, and AR status

Given the inverse correlation between Immunity metagene and the Hormonal/survival meta-
gene expression (Fig 2A) and with the strong correlation of Hormonal/survival metagene
expression with ESR1 expression (Pearson correlation coefficient = 0.77), we compared levels
of ESR1, PGR and AR expression as a function of Immunity metagene status (Fig 2B). These
three genes were consistently more strongly expressed in the “Immunity low” subgroup than
in the “Immunity high” subgroup (p< 107*%, p< 107%, p = 0.002 respectively). Similar results
were obtained with the other three datasets, although less consistently for PR and AR (S1 File).
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Fig 2. Association between Hormone genes expression and Inmunity genes expression. A Correlation of Immunity metagene and
Hormone/Survival metagene expression (training set). Pearson’s correlation coefficient is -0.46 (95% ClI [-52.7-38.0], p<10~'®). B Boxplots
of global gene expression and ESR1, PGR and AR expression by Immunity metagene status, “low” versus “high” in the training set (A).
P-values for ANOVA are p=10""6, p= 10"® and p = 0.0002, respectively. C Boxplots of Immunity metagene and immune gene (CTLA4 and
PD1) expression levels by ER, PR and AR status in the training set (A). The p values for ANOVA were p<10~'¢, p=0.002 and p = 0.008 for
the Immunity metagene, CTLA4 and PD1 by ER status, respectively; p=0.0001, p=0.05 and p=0.001 by PR status, respectively; and
p<10"® p=0.006 and p = 0.23 by AR status, respectively. The statistical significance (p-value) of the difference between gene expression
values is indicated by black stars (p-value < 0.05: *; p-value< 0.01: **; p-value< 0.001: ***),

doi:10.1371/journal.pone.0167397.9002

We then compared the levels of expression of our Immunity metagene with those of two
other immune genes (CTLA4 and PD1; PDL1 was not available on the HGU133a Chip) as a
function of ER, PR, and AR status. The Immunity metagene and CTLA4 were significantly
more strongly expressed in the ER-negative, PR-negative, and AR-negative subgroups (Fig
2C). PD1 was significantly more strongly expressed in ER-negative and PR-negative tumors,
but the difference in expression levels according to AR status was not significant for this gene.
Similar findings were obtained when we compared each of the genes of the Immunity meta-
gene separately as a function of ER status, and across the three other datasets. The results were
less consistent for PR and AR (see S1 File). The proportions of tumors in the Immunity
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metagene “low” and “high” subgroups as a function of ER status differed significantly in three
of the four datasets. ER-positive samples were more likely to be in the Immunity metagene
“low” group, whereas ER-negative samples were more likely to be in the Immunity metagene
“high” group (S1 File).
These findings suggest that there are strong inverse interactions between immune pathways
that are captured by the Immunity metagene and ER, PR, and AR hormonal pathways in
HER2-positive breast cancer tumors.

Predictive value of the Immunity metagene in HER2-positive breast

cancers

We assessed the value of the six metagenes for predicting the response to neoadjuvant chemo-
therapy (NAC) on 82 HER2-positive samples from the Ignatiadis dataset. Univariate analysis
identified four factors (ER status, tumor grade, and Immunity and Hormone/survival meta-
gene expression) correlated with pathological complete response (pCR) (Table 1). In multivar-
iate analysis, both ER status and the Immunity metagene were significantly associated with
PCR (ER-positive: OR = 0.29 [0.09-0.82] versus ER-negative (reference class), p = 0.02; Immu-
nity metagene “high” expression: OR = 3.71, 95% CI [1.28-11.91], versus “low” expression

Table 1. Association of clinical factors and gene cluster expression with pathological response rates after neoadjuvant chemotherapy in the Igna-
tiadis dataset, univariate and multivariate analysis.

n Univariate analysis Multivariate analysis
OR IC pval OR IC pval
Age <50y.0. 39 1
>=50y.0 43 1.1 [0.42-2.9] 0.84
ER status ER negative 38 1 1
ER positive 44 0.23 [0.08-0.63] 0.006 0.29 [0.09-0.82] 0.023
PR status PR negative 78 1
PR positive 4 NA NA* 0.99
Tumoral size T1and T2 34 1
T3 21 0.34 [0.08—1.14] 0.096
T4 27 0.41 [0.12—1.23] 0.122
Nodal status NO 12 1
N1,N2 or N3 55 1.02 [0.26-5.1] 0.974
Tumor grade Grade lorll 24 1
Grade Il 51 4.16 [1.22—19.26] 0.037
Immunity metagene low 41 1 1
expression high 41 4.57 [1.65-14.2] 0.005 3.71 [1.28-11.91] 0.019
Tumor suppressor/proliferation low 41 1
metagene high 41 1.61 [0.62—4.3] 0.333
Interferon metagene low 41 1
expression high 41 0.49 [0.18-1.27] 0.149
Signal transduction metagene low 41 1
expression high 41 1.27 [0.49-3.33] 0.628
Hormone/survival metagene low 41 1
expression high 41 0.22 [0.07-0.61] 0.005
Matrix metagene low 41 1
expression high 41 1.27 [0.49-3.33] 0.628
*: OR not available, no pCR in the PR-positive group
doi:10.1371/journal.pone.0167397.1001
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Fig 3. pCR and DSS outcomes in the Ignatiadis and the METABRIC dataset. A: pCR rates by ER and Immunity metagene status (low
versus high in the Ignatiadis dataset). B: Kaplan-Meier plots. Disease-specific survival of the ER-negative population (n= 138) according to
Immunity metagene expression (low/high) and nodal status in the METABRIC dataset.

doi:10.1371/journal.pone.0167397.9003

months

(reference class), p = 0.02) (Fig 3A). Analyses in the subset of patients that did not receive tras-
tuzumab (n = 75) yielded similar results (S1 File).

We compared the predictive value of the Immunity metagene with that of nine immune sig-
natures or metagenes already validated as predictors of the response to chemotherapy for
breast cancer, notably in HER2-positive BCs [13-18]. In multivariate analysis, the Immunity
metagene and six of the other signatures or metagenes tested were identified as predictive of
the response to chemotherapy. The smallest p-value obtained was that for our Immunity meta-
gene (p = 0.019), OR =3.71, 95% CI [1.28-11.91] (S2 Table).

We then investigated the reasons for which the Immunity metagene (28 genes) was predic-
tive of pCR in HER2-positive BCs, whereas the Immunity2 metagene (47 genes) published by
Bonsang et al. [3] was not in a TNBC population [3], despite the strong correlation between
these two signatures in three independent datasets (correlation coefficients: 0.96; 0.94 and 0.96
in the training set, METABRIC and Ignatiadis dataset, respectively). We applied both signa-
tures to the whole population for the Ignatiadis dataset, and analyzed pCR as a function of
breast cancer subtype and Immunity metagene status. We found that pCR rates were signifi-
cantly higher in the “Immunity high” subgroup in HER2-negative/ER-positive (16.7% versus
8.4%, OR = 2.17, p = 0.05), HER2-positive (43.6% versus 16.7%, OR = 3.84, p = 0.01), and
TNBC breast cancers (37.3 versus 22.6%, OR = 2.08, p = 0.03) (S3A Fig). A similar pattern was
observed for the Immunity2 metagene (HER2-negative-ER positive: 16.5% versus 8.1%,

OR =2.22, p = 0.05), HER2-positive (45.5% versus 18.7%, OR = 3.57, p = 0.01), and TNBC
breast cancers (36.3 versus 24.6%, OR = 1.75, p = 0.08; S3B Fig), but the difference was not sta-
tistically significant (p = 0.08) in the TNBC subgroup. Interestingly, Inmunity metagene status
appeared to have a larger effect on pCR rates in the HER2-positive subgroup (OR = 3.84 and
3.57, respectively) than in the ER-positive (OR = 2.17 and 2.22, respectively) and TNBC

(OR = 2.08 and 1.75, respectively) subgroups. The Immunity metagene therefore seems to be
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associated with the response to NAC in all breast cancer subtypes, with a marked effect in
terms of both the strength and magnitude of the association in the HER2-positive subgroup.

Prognostic value of the Immunity metagene in HER2-positive breast
cancers

The prognostic value of the 138-gene HER2-positive signature was assessed with 248 HER2-
positive samples from the METABRIC dataset. Univariate analysis identified five factors (men-
opausal status, tumor size, nodal status, Immunity and Signal transduction metagene expres-
sion) significantly correlated with a poor outcome (disease-specific survival) (Table 2).

In multivariate analysis, nodal status (node-negative versus node-positive) was significantly
associated with a poor outcome (HR = 3.29 [2.14-5.06], p<0.001), and there was a trend
towards association between high levels of Inmunity metagene expression and better disease-
free survival (DFS; HR = 0.70 [0.48-1.01], p = 0.054). In the ER-negative population, the
Immunity metagene was found to be of significant prognostic value in multivariate analysis
(n=138) (HR = 0.58 [0.36-0.94], p = 0.026; Fig 3B), but was not associated with DFS in the
ER-positive population (1 = 110) (p = 0.43). We compared the prognostic value of the Immu-
nity metagene with that of nine previously published immune signatures or metagenes known
to predict survival in several breast cancer subtypes [14,17-22]. None of the signatures or
metagenes described above was significantly associated with prognosis (S2F Table).

The Immunity metagene is correlated with tumor-infiltrating lymphocytes
(TILs) in HER2-positive breast cancer

We then investigated the correlation between Immunity metagene expression and lymphocyte
infiltration. We analyzed an independent set of HER2-positive tumors for which both histol-
ogy and gene expression data were available (n = 27). Intratumoral TILs (TLs) and stromal
TILs (StrL) were evaluated separately. Intratumoral TIL percentages were significantly higher
in patients with strong Immunity metagene expression than in those with weak Immunity
metagene expression (24% and 9%, respectively, p = 0.001) (Fig 4A). The same pattern was
observed for the percentage of stromal TILs (36% versus 16.6%, p = 0.009) (Fig 4B). The coeffi-
cients of correlation between Immunity metagene expression level on the one hand and the
percentage of intratumoral TILs (Fig 4C) or stromal TILs (Fig 4D) on the other hand were
high (r = 0.60, p<0.001 and r = 0.69, p<0.00001 respectively). Lymphocyte infiltration is
shown for two specimens, one with weak (Fig 5A and 5B), and the other with strong lympho-
cyte infiltration (Fig 5C and 5D). The Immunity metagene was therefore strongly correlated
with the amount of lymphocyte infiltration in both the stromal compartment and the tumor
bed.

The Immunity metagene corresponds to the B-cell, T-cell and CD8 cell
pathways

The Immunity metagene was strongly correlated with several published immune signatures
(S4 Fig and S1 File), suggesting the use of similar immune pathways (see S1 File). We analyzed
the correlation between expression of the Immunity and Interferon metagenes and expression
of the metagenes defined by Gatza et al. [23] (IFN-alpha, IFN-gamma, STAT3, TGF-beta,
TNF-alpha) and Palmer et al. [24] (LB, LT, CD8, GRANS, LYMPHS). This analysis was per-
formed on the METABRIC dataset. The Immunity metagene was highly correlated with the B-
cell, T-cell and CD8 cell metagenes (Pearson correlation coefficients: 0.89, 0.86, and 0.90,
respectively; S5 Fig). We also assessed the correlations between the expression of PD1, PDL1,
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Table 2. Survival analysis (disease-specific survival) in the METABRIC dataset (univariate and multivariate analysis); whole population and ER-
negative population.

Whole population (n = 248) ER negative population (n = 138)
n Univariate analysis Multivariate analysis n Univariate analysis Multivariate analysis
HR IC pval | HR IC pval HR IC pval | HR IC pval
Age at <=45y. | 52 | 1 - 25| 1
diagnosis o.
45-55 | 59 | 0.67 | [0.4-1.14] 0.142 19 | 0.65 [0.36-1.18]| 0.153
>55 130 0.66 | [0.43-1.04] | 0.071 23 | 0.62 | [0.35-1.1] | 0.103
Menopausal Pre 74 | 1 - 32 1
status Post | 167 0.68 [0.46-1] 0.051 33 | 0.67 [0.41-1.09] 0.11
Tumoral size <20mm | 68 1 - 15 1
>=20 173 /1.87 | [1.18-2.96] @ 0.008 52 | 1.51 [0.85-2.69]  0.159
mm
Tumor grade | 3 1 - 10 1 - -
1l 53 | 1.66 | [0.22-12.19] | 0.621 55 | 0.942 | [0.48-1.85] | 0.863
1l 178 1 1.81 [0.25-13.05] | 0.554 10 | NA NA NA
ER status negative | 135| 1 -
positive | 108 | 0.74 | [0.51-1.07] | 0.108
PR status negative | 193 | 1 - 65 1
positive | 50 | 0.84 | [0.53-1.34] | 0.46 2 | 2.3 [[0.56-9.49] 0.25
Nodal status N- 105 1 - 1 13 1 1
N+ 138 |3.26 | [2.13-5.01] | <0.001 | 3.29 | [2.14-5.06] | <0.001 | 54 | 3.55 |[1.93-6.51] | <0.001 | 3.57 | [1.94-6.55] | <0.001
NPI GP 38 | 1 - 6 1
P 155|1.26 | [0.71-2.25] | 0.433 35 | 1.01 | [0.42-2.4] | 0.988
PP 50 | 3.32 | [1.78-6.19] | <0.001 26 | 2.81 [1.15-6.84] | 0.023
Metagene expression
Immunity low 122 1 - 1 54 1
high 121/0.71 | [0.49-1.03] | 0.073|0.70 | [0.48-1.01] | 0.054 | 81 | 0.58 |[0.36-0.94] | 0.028 | 0.58 |[0.36-0.94] 0.026
TS low 121 1 - 50 1
/proliferation high |122]1.04 | [0.72-1.51] | 0.828 85 | 0.84 | [0.51-1.38] | 0.491
Interferon low 122 1 - 78 1
high 121/1.23 | [0.85-1.78] | 0.278 57 | 1.28 | [0.79-2.07] | 0.316
Signal low 121 1 - 72 1
transduction high 122 1.48  [1.02-2.14] | 0.04 63 | 1.34 [0.83-2.17]| 0.232
Hormone/ low 122 1 - 114 1
survival high 121/0.94 [0.65-1.36] | 0.751 21 | 1.35 [0.72-2.52] | 0.351
Matrix low 121 1 - 69 1
high |122|1.05| [0.73-1.52] | 0.785 66 | 1.03 | [0.64-1.67] | 0.889

Abbreviations: GP: good prognosis, IP: intermediate prognosis, PP: poor prognosis; TS: tumor suppressor

doi:10.1371/journal.pone.0167397.t002

CTLA4, and that of their respective metagenes. The PD1 and CTLA-4 metagenes were con-
structed from the genes most strongly correlated with the PD1 and CTLA-4 genes, respectively
(Pearson’s correlation coefficient > 0.8). The PDL1 metagene was defined by Sabatier et al.
[25]. Pearson’s correlation coefficients for the relationships between the Immunity metagene
and each individual gene were strong for PD1 and CTLA-4 (Pearson’s correlation coefficient:
0.75 and 0.84, respectively), and weaker for PDL1 (0.36), but the expression of all three meta-
genes was strongly correlated with that of the Immunity metagene (Pearson’s correlation
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Fig 5. Lymphocytic infiltration in breast tumors. A and B: Tumor specimen with weak lymphocytic
infiltration (A: zoom x10 B: zoom x 40). Abbreviations: S = stroma, T = tumor, L = lymphocytes. Intratumoral
TILs are indicated by a black star. C and D: Tumor specimen with prominent lymphocytic infiltration. (C: zoom
x10 D: zoom x 40). Abbreviations: S = stroma, T = tumor, L = lymphocytes. Intratumoral TILs are indicated by
a black star; stromal TILs are indicated by a blue star.

doi:10.1371/journal.pone.0167397.9005
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coefficient: PD1: 0.89, PDLI: 0.95, CTLA-4: 0.93), opening up new possibilities for therapeutic
intervention.

The Immunity metagene is probably expressed by stromal cells

In breast cancer cell lines (CCLE and CGP datasets), the Immunity metagene displayed very
low levels of expression, similar to those of the CD8 metagene (S6A and S6B Fig), consistent
with expression only in the tumor stromal compartment. This pattern was observed for all cell
lines and breast cancer cell lines tested. The Interferon module genes had higher median
expression levels and a broader range of expression than those of the Immunity metagene in
breast cancer cell lines, consistent with their expression by tumor cells. We also explored the
contributions of stromal and cancer cells to the expression of the Immunity and Interferon
metagenes in detail, by comparing our gene lists with the “stromal contribution to global gene
expression evaluated in PDX RNAseq data”, as defined by Isella ef al. [26]. The stromal frac-
tion of the Immunity metagene was high, although lower than those of the Matrix and the
Tumor suppressor/proliferation metagenes. The Interferon metagene had a low stromal frac-
tion, like the Hormone/survival and Signal transduction metagenes (S6C Fig). Although these
data relate to the colon cancer PDX model, they provide support for the stromal expression of
the Immunity metagene.

Discussion

By analyzing the gene expression profiles of 448 HER2-positive breast cancers, we identified a
six-metagene signature (138 genes) in which each of the various metagenes was enriched in a
different gene ontology. Within these metagenes, we identified an immune stromal module
inversely correlated with the ER and hormonal pathways and strongly associated with the pre-
dicted response to chemotherapy, prognosis, and tumor lymphocyte infiltration. We report
here one of the first immune signatures identified as both predictive and prognostic, reflecting
histological immune infiltration in HER2-positive breast cancers. We also provide a relevant
analysis by HR status.

We previously developed a strategy for defining gene expression signatures based on the
analysis of biological networks for the most variable genes [3]. Since the early 2000s, a molecu-
lar classification of breast cancers has emerged that is continually being refined. Several
authors have proposed TNBC subclassifications [3,27,28] but, to our knowledge, only one clas-
sifier has been published, but was not subsequently validated in HER2-positive BC [18]. The
various metagenes in our signature were enriched in different gene ontologies: two clusters
were enriched in immunity genes, one in signal transduction genes, one in hormonal/survival
genes, one in tumor suppressor/proliferation genes and one in matrix genes. Unlike several
other teams [29-31], we did not identify a subgroup to tumors overexpressing androgen recep-
tor pathways in HER2-positive BCs by our biology-driven approach. The expression of the
Immunity and Hormone/survival metagenes accurately predicted the response to NAC, but
the expression of the Hormone/survival metagene had no significant effect in multivariate
analysis, because the information it provided largely overlapped with ER status. Moreover,
only the Immunity metagene was found to be of significant prognostic value.

Several authors have previously identified immunity patterns in HER2-positive BC. The
Immunity module identified in our study had many biological connections with other predic-
tive or prognostic immune signatures published for HER2-positive breast cancers [13-21], but
it outperformed previous classifiers. This module includes genes encoding chemokines for T
cells (CXCL10, CXCL9, CCL5), B cells (CXCL13), both B and T cells (CCL19) or other
immune cells (CXCL13, CCL5); chemokine receptors (CCR7); cytokines (LTB); adhesion
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molecule-associated genes (SELL), and genes encoding proteins involved antigen processing
and presentation (HLA-DRA), B-lymphocyte cell surface molecules (PTPRC, HLA-DRA),
complement pathway proteins (C1QB), and proteins involved in CTL-mediated immune
responses to target cells (CD3D), dendritic cell regulation of Th1l and Th2 development (CD2,
IL7R), granzyme-mediated apoptosis (GZMA), IL12-mediated signaling events (CD3D,
HLA-DRA, GZMA, LCK), the IL2 signaling pathway (LCK), T-cell surface molecules
(PTPRC, CD3D, CD2), and molecules of the T-cell receptor signaling pathway (PTPRC,
CD3D, HLA-DRA, LCK). It was also strongly correlated with the B-cell, T-cell and CD8 cell
pathways.

There was a marked significant inverse association between ESR1 expression and that of
the Immunity metagene. Similar inverse associations were found between PGR, AR and
immunity, but these associations were weaker and less consistent. There is growing evidence
for sex-based differences in the innate and adaptive immune responses underlying susceptibil-
ity to infectious diseases and the prevalence of autoimmune diseases. A higher proportion of
men than of women display infectious diseases and their severity is also greater in men than in
women [32]. By contrast, many autoimmune diseases predominantly affect women [33].
There are also difference between men in terms of humoral and cellular responses to infection
and vaccination, with women often displaying higher response rates and mounting stronger
humoral responses [34]. Estrogen receptors are expressed in most of the cells of the innate and
adaptive immune system, including T cells, B cells, neutrophils, macrophages, dendritic cells
(DC), and natural killer (NK) cells [35]. The effects of major sex steroid hormones were
reviewed by Giefing-Kr6ll [36]. Estradiol and testosterone have opposite effects on the cells of
the adaptive and innate immune systems, with estradiol having mostly enhancing and testos-
terone mostly suppressive effects. Estrogens affect the expression of some chemokine receptors
(CCRI1 and CCRS5) by T cells [37]. They also affect B-cell development [38], decrease the cyto-
toxicity of NK cells [39] and regulate DC development [40]. TReg-cell frequencies within the
CD4" population change considerably during the ovarian cycle, with potential effects on
immunoregulation [41]. Unlike the differences between the sexes in terms of infection and
auto-immunity, the relationships between tumor immunology, sex and steroid hormones have
remained largely unexplored. In two phase III trials, immunotherapy had a significant benefi-
cial effect on survival only in male patients [42,43]. However, it remains unclear whether there
is a true “sex” effect on the efficacy of immunotherapy or whether these findings are purely
incidental.

The interaction between the ER, immunity and HER2 pathways is complex. There is
increasing evidence to suggest that interactions between HER2 and hormone-receptor path-
ways play an important role in disease progression and that there is extensive, complex, bidi-
rectional, crosstalk between the HER2 and ER pathways [44]. Immune signatures have been
reported to have a predictive or prognostic role mostly in ER-negative breast cancers [45-48].
In HER2-positive breast cancer subtypes, Rody found that an immune T-cell metagene was of
predictive value in both ER-positive and ER-negative HER2-positive BC [49]. The prognostic
value of HDDP was demonstrated in both subgroups (11), but its value for predicting the
response to NAC was not evaluated as a function of ER status. Conversely, the IRSN-23 [15]
was not predictive in the ER-positive subpopulation. However, few authors determined the
predictive [18] or prognostic value of their metagene or signature as a function of ER status
within HER2-positive breast cancers [5,13,14,19-21]. The inverse association observed
between ESR1 expression and immunity genes may be an important piece of the puzzle, and
merits further investigation.

Consistent with previous reports [13,15,16], we found that the Immunity metagene was
predictive of the response to NAC in HER2-positive BC. However, despite the similar gene
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module identification methods used and the strong correlation between the Immunity meta-
gene and the Immunity2 metagene previously described by our team for TNBC [3], the Immu-
nity metagene was predictive of the response to chemotherapy in HER2-positive BC, whereas
the Immunity2 metagene was not predictive of the response to chemotherapy in TNBC. This
finding was reported in the princeps report by Ignatiadis, in which high immune module
scores were strongly and independently associated with a higher probability of pCR probability
in HER2-positive tumors, whereas this association, although still significant, was weaker in
TNBC [5]. ER-positive tumors have long been described as chemoresistant, with low pCR
rates after NAC. Taking Immunity metagene expression into account, pCR rates ranged from
7.4 t0 29.4%, with the highest rates close to those of ER-negative tumors.

The Immunity metagene was also prognostic in HER2-positive ER-negative breast cancer.
The impact of immunity on prognosis has been reported before [21](Alexe et al., 2007)
[21]"[18,20,21]. Together with our work, these findings suggest that immunity gene expres-
sion is highly predictive and of prognostic value in HER2-positive breast cancer. Nevertheless,
the HER2-positive patients of the METABRIC dataset did not receive targeted anti-HER2 ther-
apies, and our results would probably be influenced by adjuvant trastuzumab treatment.

We also demonstrated a correlation between Immunity metagene expression and stromal
and intratumoral lymphocyte infiltration. The significance of TILs has recently become appar-
ent, with advances in tumor immunology and the availability of cancer immunotherapies. TIL
levels are strongly correlated with breast cancer subtype, and are higher in HER2-positive BCs
than in ER-positive BCs, but lower than in TNBCs [50]. TIL levels are consistently higher in
ER-negative tumors than in ER-positive tumors [51]. This was also found to be the case when
the analysis was limited to HER2-positive BC only [52], [50]. The value of TIL levels for pre-
dicting pCR after NAC is less clear in HER2-positive BC than in TNBC. Stromal TILs and the
lymphocyte-predominant breast cancer phenotype (LPBC) were strongly associated with treat-
ment response in the GeparSixto trial [13]. However, this effect was found to be nonlinear in
the NeoALTTO trial, and the optimal cutoff value remains unclear [52]. Two large studies in
the adjuvant setting gave conflicting results. A positive association between higher levels of
TILs and greater benefit from trastuzumab in HER2-positive disease was found in a retrospec-
tive analysis of the FinHER trial [50], whereas the opposite result was reported in the ALLI-
ANCE N9831 study [53]. No difference in DFS between chemotherapy and chemotherapy
plus trastuzumab was found in LPBC, whereas benefits of trastuzumab in addition to chemo-
therapy were observed only in non-LPBC. Thus, the prognostic impact of TILs on survival
remains a matter of debate in HER2-positive BC. A few authors have reported a correlation
between TIL and stromal lymphocyte levels and gene expression in HER2-positive breast can-
cers [13,15,21]. If this correlation is further validated, TIL levels could be used as a surrogate
marker for the Inmunity metagene, as TIL assessment is carried out in routine practice and is
currently undergoing standardization [54].

Conclusion

Our work opens up a number of exciting therapeutic perspectives in HER2-positive breast can-
cers. Due to the high immunogenicity of HER2-positive breast cancers and the considerable
predictive and prognostic impact of immunity in this subtype, immunotherapies may soon
become part of the therapeutic arsenal for such cancers. Preclinical models have suggested that
there is synergy between anti-HER2 monoclonal antibody and anti-PD-1 [55] or anti-CTLA4
antibodies [56]. The PANACEA phase Ib/II trial is currently investigating the use of pembroli-
zumab (KEYTRUDA™) in combination with trastuzumab, to determine whether the addition
of an anti-PD-1 treatment can overcome trastuzumab resistance in patients with HER2-
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positive breast cancer whose cancer spread whilst they were on trastuzumab. Future challenges
in the field of immunity and HER2-positive breast cancers include:

1. The public accessibility of large sets of gene expression data for tumors from patients
treated with HER2-targeting treatments. As treatments are constantly changing for this
breast cancer subtype, it is important for expression data to be shared promptly, to facilitate
comprehensive research and the identification of predictive and prognostic markers in
patients treated with cutting edge care.

2. Improvements in our understanding of hormone and immunity pathways in HER2-positive
breast cancers. In particular, it would be very useful to determine whether a subset of
patients with HER2-positive ER-positive cancers could be effectively treated by a combina-
tion of endocrine therapy/immune checkpoint blockade/ targeted therapy, without the
need for chemotherapy.

3. Drug positioning strategies in HER2-positive BC, because, by contrast to other breast can-
cer subtypes, the HER2-targeting drug pipeline contains many candidates despite the com-
parative rarity of this particular disease.

4. The selection criteria for the candidates most likely to benefit from immune checkpoint
blockade is a key point. The use of PD-L1 as a surrogate marker of anti-PD-1 efficacy
remains controversial, even in cancers for which immunotherapy treatments have proved
effective, and few data are available for breast cancer. The standardization and demonstra-
tions of the reproducibility of published immune signatures would be useful, as would
improvements in our understanding of the prognostic value of TILs in HER2-positive
breast cancers. Moreover, it remains to be determined whether and how the immunogenic
power of tumors with low expression of immunity genes could be enhanced.

Once these challenges have been overcome, given the outstanding results of immunother-
apy for other cancers (e.g. melanoma, lung cancer) and the expected efficacy of such treatment
for HER2-positive disease, such therapies could revolutionize the course of HER2-positive
breast cancer in the near future.
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tions between genes are represented by thicker lines. Associations between genes with a
coefficient < 0.9 are shown in green. Associations between genes with a coefficient > 0.9 are
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S5 Fig. Distribution histograms for our Immune metagenes and immune pathways. Distri-
bution histograms for our Immune metagenes (Immunity and Interferon) and the immune
pathway metagenes published by Gatza et al. (Interferon alpha, Interferon gamma, STAT3,
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cytes), Pearson correlation coefficient values and pairwise scatter plots.
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S6 Fig. Gene expression for the Inmune metagenes and pathway, in cell lines and xeno-
grafts. A. Boxplots of gene expression for the Immune metagenes, the immune pathway meta-
genes (published by Gatza et al. and Palmer et al.) and the PD1, PDL1, CTLA4 metagenes in
breast cancer cell lines from the CCLE (A) and the CGP (B). C: Boxplots of the stromal contri-
bution to global gene expression evaluated with PDX RNAseq data (Isella et al.), for each of
the gene clusters for our signature.

(PDF)

S1 File. Supplementary methods and results.
(PDF)

S1 Table. 138-gene signature.
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S2 Table. Association of published immune signatures or metagenes with response to che-
motherapy and prognosis. Response to chemotherapy is assessed in the Ignatiadis dataset
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Collaborations outside of RT'2
Lab

6.1 No evidence for TSLP pathway activity in human breast

cancer

In this collaboration with the team of Vassili Soumelis, I conducted the analysis of gene
expression data in cell lines from the Cancer Cell Line Encyclopedia (CCLE) and hu-
man tumors from the Cancer Genome Atlas, TCGA database. I also contributed to the

interpretation of the results.

Thymic stromal lymphopoietin (TSLP) is a cytokine derived from epithelial cells
involved in initiating the differentiation of T-helper type 2 (Th2) cells. Th2 cells are
essential in the activation and growth of cytotoxic T cells by releasing T cell cytokine.
The presence of Th2 type responses in some tumors lead previous studies to investigate
the role of TSLP and reported that it is a key cytokine produced by tumor epithelial
cells in breast cancer (131, 135). The team of Vassili Soumelis has been studying for
several years the expression of TLP in various tumor types by by immunohistochemistry
and especially in human breast tumors. Their results do not agree with previous studies
because they do not detect TSLP staining in breast adenocarcinomas. They decided
to systematically assess the presence of TSLP at mRNA and protein levels, in several
human breast cancer cell lines, large-scale public transcriptomics data sets and human

primary breast tumors.

Expression of TSLP in breast cancer cell lines (BCCLs) was first conduct by quan-
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titative PCR in 11 BCCLs of different molecular subtypes. Lung fibroblast sarcoma
cell line MRC5 and peripheral blood mononuclear cell (PBMC) were used respectively
as positive and negative control. All breast cancer cell lines were negative for TSLP
expression. We extended the analysis by looking at TSLP expression in a set of 58 BC-
CLs from the CCLE (16). Expression of IL-8 and SDF1 were used as controls. In this
dataset, TSLP was absent or expressed at a very low level in the BCCLs. These results
suggest that BCCLs do not express TSLP mRNA.

We used the 591 samples of primary breast cancer and normal breast tissue from TCGA
(183) to investigate the level of expression of TSLP in tumors. TSLP was significantly
more expressed only in normal breast tissue than in any breast cancer molecular sub-
types. We can not conclude that TSLP expression is a specific feature of breast tumor
since it was observed at higher levels in normal breast tissue.

Breast tumors from Institut Curie Pathology Department were available to perform
quantitative PCR, analysis for TSLP mRNA on 19 independent tumors coupled to their
juxta-tumor non-involved counterpart. TSLP expression was negative or very low (< 20
%) in all tumor samples, and was systematically lower in the tumor as compared to the
juxta-tumor non-involved counterpart. These results are concordant with those derived
from normal TCGA samples.

Finally, we investigated the amount of TSLP proteins in breast cancer tissue. 19 primary
tumor samples were analyzed by ELISA. Only three tumor samples released TSLP at
very low levels. In addition, only two of the 16 breast tumors appeared to be slightly

positive for TSLP when evaluated by immunohistochemistry.

Our results suggest that TSLP is not expressed by breast tumors, unlike previous
studies reporting TSLP expression in breast cancer (131, 135). The presence of TSLP
in normal breast suggests that TSLP may contribute to physiological mechanisms and is
not a feature developed by breast tumors. Our negative results should encourage further
work to assess TSLP pathway activity in different types of cancer, as well as the relative

contribution of Th2-promoting factors in individual tumor samples.
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ABSTRACT

Thymic stromal lymphopoietin (TSLP) is an epithelial cell-derived cytokine that primes dendritic cells for Th2
induction. It has been implicated in different types of allergic diseases. Recent work suggested that TSLP could
play an important role in the tumor microenvironment and influence tumor progression, in particular in breast
cancer. In this study we systematically assessed the production of TSLP at the mRNA and protein levels in
several human breast cancer cell lines, large-scale public transcriptomics data sets, and primary human breast
tumors. We found that TSLP production was marginal, and concerned less than 10% of the tumors, with very
low mRNA and protein levels. In most cases TSLP was undetectable and found to be expressed at lower levels
in breast cancer as compared to normal breast tissue. Last, we could not detect any functional TSLP receptor

ARTICLE HISTORY
Received 22 January 2016
Revised 8 April 2016
Accepted 8 April 2016

KEYWORDS

Breast cancer; cytokines;
dendritic cells; thymic
stromal lymphopoietin;
tumor microenvironment

(TSLPR) expression neither on hematopoietic cells nor on stromal cells within the primary tumor
microenvironment. We conclude that TSLP-TSLPR pathway activity is not significantly detected within human
breast cancer. Taken together, these observations do not support TSLP targeting in breast cancer.

Introduction

Within the tumor microenvironment, a diversity of immune-
modulating factors can shape antitumor immunity, either by
inducing and strengthening it, or by shifting a protective cytotoxic
response toward an inappropriate regulatory response.' In partic-
ular, cytokines mediate complex cross talks between tumor cells
and immune cells. Immune cell-derived cytokines may affect
tumor cell differentiation, invasion and metastasis, hence partici-
pating in the oncogenic process. For example inflammatory cell-
derived TNF can promote tumor epithelial cell survival through
the induction of genes encoding NF-xF—dependent antiapoptotic
molecules.” Conversely tumor cell-derived cytokines are critical to
shape the state and effector functions of tumor-infiltrating
immune cells. IL6 produced by renal cell carcinoma inhibits den-
dritic cell function and differentiation.” Tumor-derived TNF may
contribute to different functions related to the type of tumor and
the timing.* We have shown that tumor-derived GM-CSF pro-
motes plasmacytoid pre-dendritic cell (pDC) survival and activa-
tion, with subsequent priming of a regulatory Th2 response.”
Thymic stromal lymphopoietin (TSLP) is an epithelial cell-
derived cytokine that promotes Th2 polarization through den-
dritic cell activation.*” TSLP is central to the physiopathology of
allergic inflammation, such as atopic dermatitis and asthma.>®®
Recently, it was shown to contribute to autoimmune inflamma-
tion, in particular in psoriasis."’ Because of its role in linking epi-
thelial cells to immune cells, TSLP has been explored in the past

few years as potentially contributing to the tumor-immune cell
crosstalk.''™* TSLP investigation in cancer was also motivated by
the presence of Th2 type responses in some tumors, raising the
hypothesis that Th2 promoting factors may be produced by tumor
cells. Based on this rationale, TSLP was suggested to play a role in
human breast cancer as a key cytokine produced by tumor epithe-
lial cells and promoting T helper cells to produce IL-13, a proto-
typical Th2 cytokine.'>"* TSLP was also implicated in pancreatic
cancer where it was shown to be secreted by tumor-infiltrating
fibroblasts."" In these two clinical settings and in a mouse model
of breast and pancreatic cancer, TSLP was associated with tumor
progression and metastasis.">'®> In contrast, a recent study
reported systemic TSLP impairs breast cancer and pancreatic
development in mice through direct stimulation of Th2 cells.'® In
these studies, association between TSLP and prognosis in clinical
cohorts of breast cancer patients was not assessed. In addition,
results obtained in various skin cancer models suggested that
TSLP may be of good prognosis and favor tumor regression.'”'*
Hence, the role of TSLP in cancer and the underlying mechanisms
of action remain controversial.

In an effort to map TSLP expression in various tumor types,
we had initiated several years ago a screening by immunohis-
tochemistry in human primary tumors. Breast cancer was used
as a main model for adenocarcinomas and head and neck can-
cer as a model for epidermoid tumor. While we observed high
TSLP expression in head and neck tumors (see Guillot-Delost
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et al., companion paper), we did not detect TSLP staining in
breast adenocarcinomas. Because of the conflicting data pub-
lished in breast cancer, we sought to analyze in depth, in a sys-
tematic manner, the TSLP-TSLP receptor axis in human breast
cancer at different levels and using a variety of methods.
Although low TSLP was found in few tumor samples, most
results indicated a lack of TSLP expression, both at the mRNA
and protein levels, ex vivo and in situ. We also observed a lack
of TSLP-receptor expression in the breast cancer microenviron-
ment. We therefore, conclude that there is no evidence for
TSLP pathway activity in human breast cancer.

Results
Breast cancer cell lines do not express TSLP mRNA

First, we screened TSLP mRNA expression in breast cancer cell
lines using quantitative PCR (Fig. 1A). The lung fibroblast sar-
coma cell line MRC5, which was initially used to clone human
TSLP," was used as a positive control for TSLP mRNA, with
PBMC being our negative control (Fig. 1A). In comparison, we
analyzed 11 breast cancer cell lines of different molecular subtypes.
All breast cancer cell lines were negative for TSLP expression
(Fig. 1A). In order to further increase the diversity of cell lines in
an unbiased manner, we mined the Cancer Cell Line Encyclope-
dia, CCLE public database, which includes RNAseq expression
data of about 1036 human cell lines from different anatomical
sites.”” We analyzed TSLP expression, and also assessed IL-8 and
SDF1 expression as controls (Fig. 1 B-D). TSLP was absent or
expressed at very low level in breast cancer cell lines (Fig. 1B, right
panel). Higher levels were observed in triple negative (TN) cell
lines, as compared to luminal A (ER*Her2™) and Her2™ cell lines,
although expression remained close to detection limit for most cell
lines (Fig. 1B, right panel). In addition, these gene expression
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levels were marginal as compared to cell lines expressing signifi-
cant levels (>2 ) of TSLP (Fig. 1B, left panel). IL-8 expression was
detected at low levels in the different cell lines, with again a slightly
higher expression in TN breast cancer cell lines (Fig. 1C). In com-
parison, SDF1 was most significantly expressed in luminal A and
TN breast cancer cell lines (Fig. 1D). In summary, although our
own assessments of TSLP expression by quantitative PCR was
negative on all 11 breast cancer cell lines tested, data mining of
transcriptomic profiles in 58 breast cancer cell lines raised the pos-
sibility of a very low TSLP expression in TN breast cancer subtype.

Transcriptomic analysis reveals that TSLP mRNA level is
higher in normal breast than in primary breast cancer
tissue

In order to get closer to primary tumors, we went on data min-
ing The Cancer Genome Atlas, TCGA database, comprising
transcriptional profiles of about 591 primary breast tumors.”!
Importantly, this large-scale data set also included normal
breast tissue, which is key to interpret any results related to a
neoplastic tissue. Surprisingly, we found significant TSLP
expression only in normal breast tissue, which was statistically
higher than in any of the three breast cancer molecular sub-
types (Fig. 2A). In this primary tumor expression dataset,
higher TSLP in TN tumors was not observed, since all three
tumor types had expression levels close to zero (Fig. 2A). By
comparison IL-8 expression was significantly higher in luminal
A and TN tumors, as compared to Her2" tumors and normal
breast tissue (Fig. 2B). SDF1 was higher in normal breast tissue,
parallel to TSLP (Fig. 1A and C). These results do not support
significant TSLP expression in primary breast cancer, and
excluded TSLP expression as a specific feature of the breast
tumor inflammation since it was observed at higher levels in
normal breast tissue.
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Figure 1. Breast cancer cell lines do not express TSLP mRNA. (A) TSLP mRNA expression quantified by quantitative PCR (TagMan) in 11 breast cancer cell lines. PBMC and
MRC5 correspond to negative and positive control respectively. N = 4. (B, C, D) Boxplots in the left panels represent mRNA expression in 1036 cancer cell lines from CCLE
of TSLP, IL-8 and SDF1 respectively. (B, C, D) Boxplots in the right panels show the gene expression of TSLP, IL-8 and SDF1 respectively for breast cancer cell lines, which
were grouped according to their corresponding molecular subtype. p values were calculated with a t test comparing different cancer cell subtypes.
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Figure 2. TSLP mRNA level is higher in normal breast than breast cancer tissue. (A, B, C) mRNA expression in 58 breast cancer patients from TCGA of TSLP, IL-8 and SDF1
respectively. Boxplots represent data of tumors classified in three different subtypes, namely Luminal (ER"Her2 "), Her2" and Triple negative (TN) and normal breast tis-
sue as indicated. p values were calculated with a t test comparing different clinical groups.

qPCR analysis reveals that TSLP mRNA expression is higher
in juxta-tumor tissue than primary breast cancer tissue

In order to get a more reliable and controlled assessment of TSLP
expression in primary breast cancer, we prospectively collected
and analyzed primary breast tumors obtained from the Institut
Curie Pathology Department. We performed quantitative PCR
analysis for TSLP mRNA on 19 independent tumors coupled to
their juxta-tumor non-involved counterpart (Fig. 3A). As for the
cell lines, PBMC were used as negative control and MRC5 as a
positive control for TSLP (Fig. 3A). TSLP expression was negative
or very low (<20 %) in all tumor samples, and was systematically
lower in the tumor as compared to the juxta-tumor non-involved
counterpart (Fig. 3A). This result was in accordance with the
higher levels observed in normal breast tissue from the TCGA
database (Fig. 2A). Considering all tumor samples, higher TSLP
levels were observed in the non-involved tumor counterpart in a
statistically significant manner (Fig. 3B).

Breast cancer tissue do not express detectable amount of
TSLP protein

In order to get a first assessment of TSLP protein expression
levels, we cultured for 24 h each of the 19 primary tumor sam-
ples, as well as their juxta-tumor counterpart, and analyzed the
tissue-conditioned supernatants for TSLP secretion by ELISA
(Fig. 3C). Three tumor samples out of 19 (15%) released TSLP,
although at very low levels, slightly above detection limit, which
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was set by the ELISA manufacturer at 32.5 pg/mL (Fig. 3C).
Surprisingly, juxta-tumor samples did not release any detect-
able TSLP protein while they expressed TSLP at the mRNA
level. This could be due to TSLP retention within the cytoplasm
in this tissue type (Fig. 3C), as was noted in skin TSLP studies.”

As tissue culture performed in serum-containing medium
could artificially alter TSLP expression, we decided to next
assess TSLP expression in situ. TSLP expression was assessed
by immunohistochemistry on 16 primary breast tumors that
were frozen within 15 min following resection. We used a pre-
viously validated monoclonal antibody (by us and others).'**
On human tonsil sections, we could verify that the majority
(>80 %) of epithelial cells were TSLP positive, as previously
published® (Fig. 4A and C). On the contrary only two out of 16
breast tumors (12.5%) showed a slight positivity for TSLP, with
less than 10% of the tumor cells harboring a specific staining
pattern (Fig. 4B and C). For each tumor, pathological examina-
tion and hematoxylin-eosin-safran (HES) staining in consecu-
tive tissue sections confirmed the presence of epithelial tumor
cells (Fig. 4B). Thus, using two complementary approaches, we
showed that only a minority of tumors was positive for TSLP
protein and the TSLP levels we could detect remained marginal.

TSLP receptor is not expressed in the breast cancer
microenvironment

Considering the possibility that low levels of TSLP protein
may be secreted in some tumors, downstream function would
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Figure 3. TSLP mRNA expression is higher in juxta-tumor tissue than breast cancer tissue. (A) TSLP transcripts were measured by quantitative PCR (TagMan) in 19 breast
cancer tissues (black bars) and 19 corresponding juxta-tumor tissues (gray bars). White bars represent TSLP levels detected in MRC5 and PBMC used as positive and nega-
tive control respectively. (B) Quantification of TSLP mRNA transcripts shown as percentage of housekeeping gene expression. Four housekeeping genes were used for
these experiments: Actin Beta (ACTB), Hypoxanthine Phosphoribosyltransferase 1 (HPRT1), Ribosomal Protein L31 (RPL31) and Beta-2-Microglobulin (B2M). Lines represent
mean +/— the Standard Error of the Mean (SEM). Wilcoxon matched pairs test was used to calculate p value. N = 19. (C) Quantification of soluble TSLP measured by
ELISA in the supernatants generated from primary breast tumor tissues and corresponding juxta-tumor samples as described in the Material and Methods section. ELISA
sensitivity detection limit, which is represented by the dashed line, was 31 pg/mL as recommended by the manufacturer instructions. N = 40.

depend on the expression of the TSLP receptor within the
tumor microenvironment. TSLP signals through its receptor
only when the TSLP receptor specific chain (TSLP-R) dimer-
izes with the IL-7 receptor « chain (IL-7-Rer). We thus ana-
lyzed by flow cytometry the co-expression of TSLP-R and IL-
7-Ra on different cellular compartments. A single cell suspen-
sion was obtained from freshly resected primary breast
tumors after tissue digestion (Fig. 5). Virtually no IL-7-Re
and TSLP receptor co-expressing cells were detected within
the CD45% compartment, similar to the CD45%Lineage”
compartment (Fig. 5A). To exclude the possibility that a very
low percentage of rare dendritic cells could express the recep-
tor, we also gated on CD45" Lineage " CD11c"HLA-DR" den-
dritic cells (Fig. 5B quadrant 6) and quantified the expression
of the TSLP receptor heterodimer in six independent tumors
(Fig. 5C). TSLP-R and IL-7-Ra double positive dendritic cells
ranged from 0 to 0.03%, which we can consider not signifi-
cant, and close to background (Fig. 5B). Similar levels were
found on dendritic cells from juxta-tumor non-involved sam-
ples (Fig. 5C). Comparing digested and non-digested DC
showed that the tumor sample digestion protocol did not
affect the detection of the two TSLP-R chains (Fig. 5D). We
conclude that even if few tumors may show low TSLP positiv-
ity, the absence of TSLP receptor-expressing cells in the breast
tumor microenvironment excludes the possibility of down-
stream TSLP functionality.

Discussion

In the present study, we systematically assessed the presence of
TSLP at the mRNA and protein levels, in several human breast
cancer cell lines, large-scale public transcriptomics data sets
and human primary breast tumors. We found that TSLP pro-
duction was marginal, and concerned less than 10% of the
tumors, with very low mRNA and protein levels. In most cases,
TSLP was undetectable and found to be expressed at lower lev-
els in breast cancer as compared to normal breast tissue. Last,
we could not detect any functional TSLPR expression neither
on haematopoietic cells nor on stromal cells within the primary
tumor microenvironment. We conclude that TSLP-TSLPR
pathway activity is not significantly detected within human
breast cancer. Those results are in contrast with previous stud-
ies reporting TSLP expression in breast cancer.'>"?

Expression of immune modulating cytokines in the tumor
microenvironment is most of the time interpreted as being
associated to the tumoral process, and being part of pro- or
antitumor immune mechanisms. This view only stands if the
normal tissue counterpart is devoid of expression of that spe-
cific cytokine, or harbors a much lower expression, implying
that the cytokine expression is a specific feature of the tumor.
In our results, we analyzed normal breast TSLP mRNA expres-
sion from public databases, and found that TSLP levels were
higher than in breast tumors. This is in accordance with recent
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Figure 4. Breast cancer tissues do not express TSLP. (A) Tonsil sections were used as positive control tissue to validate TSLP staining by immunohistochemistry. TSLP and
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slides of four representative breast cancer specimens. Arrows indicate positive staining. All tissue sections are shown at 20x and 40x magnification. (C) Percentages of

TSLP staining in epithelial cells. Each symbol represents a different sample.

reports detecting TSLP protein in breast milk** with a potential
role in the intestinal immunity of the neonates.”” The presence
of TSLP in normal breast suggests that TSLP may contribute to
physiological mechanisms in this context, and is not a feature
developed by breast tumors or related to breast cancer inflam-
mation. This is an important aspect to take into consideration
in the interpretation of TSLP role in cancer.

TSLP assessment in situ in inflamed tissue has provided a very
efficient and unbiased manner to detect TSLP in various dis-
eases.>® Using immunohistology, we and others have shown
strong TSLP staining in the keratinocytes of atopic dermatitis and
psoriasis®'®* as well as in the tonsillar epithelial cells.® Con-
versely, normal skin has repeatedly been found as negative for any
TSLP staining.*'®*” Such TSLP positive and negative tissue types
constitute valuable controls for any study of TSLP expression in
disease. In the present study, we have systematically compared
TSLP analysis in breast cancer to human tonsils, and the TSLP
levels we could detect remained marginal in terms of percentage
of TSLP positive epithelial cells, as well as in the intensity of TSLP
staining. In a previous study about TSLP role in breast cancer,
TSLP expression was analyzed by immunofluorescence and was
found positive on most tumor epithelial cells,”> in discrepancy
with our own results. However, that study lacked a negative con-
trol, and used normal skin as a positive control, when other stud-
ies could not detect any TSLP expression in this context.*'®
This raises questions on the interpretation of the results. In
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contrast, in our companion paper, we report that TSLP is highly
expressed in head and neck squamous cell carcinoma, at levels
similar to atopic dermatitis. This indicates that although TSLP is
absent from the breast cancer microenvironment, it can be
expressed in other cancer types.

Assessing the protein expression of cytokines in human pri-
mary tumors has many intrinsic difficulties, and multiple comple-
mentary strategies should be considered. Analysis of tumor-
derived supernatants has been used extensively to analyze the sol-
uble tumor microenvironment. It has the potential drawback that
tissue culture manipulation may induce the secretion of factors
that are not being spontaneously secreted. Culture conditions may
also influence the amounts of cytokine production. In this study,
we have used basic serum-containing medium without any activa-
tor in order to avoid as much as possible artificial induction of
cytokine synthesis and secretion. Other studies have used PMA/
ionomycin in order to stimulate immune cells, which may gener-
ate direct and indirect effects promoting cytokine production
within the tumor microenvironment.”* Although such immune
activators may be helpful to analyzed T cell-derived cytokines,*®
they may also have effects on non-immune cells, either directly or
through paracrine activating loops. For example PMA/ionomycin
may induce TNF production by T cells,”® which can subsequently
activate TSLP production by neighboring epithelial cells.** Hence,
tumor-conditioned media obtained in the presence of any type of
activating signal should be interpreted with caution.
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to detect DC in primary breast cancer. DC were defined as DAPI~CD45*Lin "HLA-DR"9"CD11c"9". The expression of TSLP-R and IL-7-Ra was assessed in DC (Q6) as well as
HLA-DR™I"CD11c¢™ (Q5) and HLA-DR"CD11c™ (Q8). (C) Percentages of TSLP-R*IL-7-Ra* DC in tumors, corresponding juxta-tumor tissues and in the dermis of normal skin.
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gray. Quantification of TSLP-R*IL-7-Ra*DC in undigested and digested enriched DC is shown in the left panel. N = 3.

Signaling pathway activity requires expression of all its com-
ponents: ligand, receptor and downstream signaling molecules.
In the case of TSLP, a functional pathway would require the
presence not only of TSLP but also of TSLP receptor hetero-
dimer (TSLP-R/IL7Ra). However, in previous studies suggest-
ing a TSLP role in human cancer, TSLP receptor heterodimer
expression in the tumor microenvironment was not
assessed' " raising the possibility that this pathway is not
functional despite the presence of TSLP itself. Along this line,
we show in our companion paper that although head and neck
tumors express high levels of TSLP, TSLP-R-expressing cells
are absent from the tumor microenvironment. These observa-
tions highlight that such a dissociated ligand-receptor expres-
sion can result in an inactive TSLP pathway. Here, we report
for the first time that TSLP-R is not present in the microenvi-
ronment of human breast primary tumors. This suggests that
even if low levels of TSLP are present (below the detection
threshold, or at low levels in rare cases), TSLP pathway is
unlikely to be active as its signaling is disrupted by the absence
of TSLP receptor.

Th2 cytokines were reported to contribute to tumorigenesis
in several mouse models.”**> Human breast cancer has also
been associated to a Th2 response, which was shown to be pro-
moted by TSLP.'? However, in that study, a large proportion of
tumors (61%) were negative for TSLP expression. In our study,
TSLP could not be detected in the vast majority of breast

tumors and its receptor was also absent. Those observations
raise the question of parallel or alternative pathways to induce
Th2 response. We have recently shown that GM-CSF produced
by tumor epithelial cells activates pDC to promote a regulatory
Th2 response in human primary breast tumors.” Concomitant
increase of GM-CSF and pDC was found in 11.8% of breast
tumors studied (14 out of 118), and associated to more aggres-
sive breast cancer subtypes. In addition, CCL5 was also
reported to promote Th2 polarization in breast cancer. Indeed
CCL5 depletion in MMTV-PyMT mouse model leads to a defi-
cit in Th2 cell associated with reduced tumor burden and
metastasis.>® Furthermore, CCL5 and IL-4 expression were cor-
related and associated with aggressiveness of human luminal
breast cancer.”® Further studies will be needed to evaluate the
relative role of these pathways within the breast cancer micro-
environment and their corresponding roles in supporting Th2
cells.

Our work has potential implications for therapy and drug
development. Indeed, it does not support TSLP as a relevant target
in breast cancer as we do not detect any evidence of TSLP-TSLPR
pathway activity in this clinical setting. Although it is almost
impossible to completely rule out a biological pathway implication
in disease, our negative results should encourage further work to
assess TSLP pathway activity in different types of cancer, as well
as the relative contribution of Th2-promoting factors in individual
tumor samples.
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Table 1. Clinical information of patients included in the study.

N %
Demography
Female 44 100
Age
<40 3 6.8
41-55 17 386
>56 24 545
Extension
Size
<20 18 40.1
21-40 24 545
> 41 2 45
Lymph nodes involvement
LN* 14 318
LN~ 28 63.6
Unknown 2 45
Histological subtype
Invasive ductal 28 63.6
Invasive lobular 12 273
Mixed ductal/lobular 4 9.1
Elston Ellis (Ee) grade
| 6 13.6
I 18 40.9
i 20 455
Molecular subgroup
Triple negative (TN) 8 18.2
HER2™ 0 0
Luminal B (LB) 3 6.8
Luminal A (LA) 33 75

Material and methods
Human samples and patients’ characteristics

Tumor and juxta-tumor (adjacent to the tumor and exempt of
malignant tumor cells) tissues were collected during standard
surgical procedures as surgical residues from untreated breast
cancer patients, from the department of Pathology (Institut
Curie, Paris). Patients signed an informed consent after
approval of the study. This study was approved by the Internal
Review Board and Clinical Research Committee of the Institut
Curie. Patient characteristics are summarized in Table 1.

Tonsils sections were obtained after surgical resection from
children undergoing tonsillar resection (Necker Hospital, Paris)
after informed consent of the parents. Tissues were transported
in CO2-independant medium (Gibco) and processed within
the next 3 h after resection.

Healthy donor human blood buffy coats were obtained from
“Etablissement Frangais du Sang,” Paris, Saint-Antoine Crozat-
ier blood bank through an approved convention with the Insti-
tut Curie.

Normal skin samples considered as surgical wastes were
obtained from healthy donors undertaking esthetic or recon-
structive surgery and processed within 6 h of resection. This
discarded human surgical material was obtained anonymously
according to the institutional regulations, in compliance with
French legislation.

Cell line culture

All cell lines were cultured without stimulation at the density of
0.5 x10° cells/mL in complete RPMI GlutaMAX (Gibco) con-
taining 10% FBS (HyClone) for 48 h. Cells were then washed
with PBS, detached with trypsin (Gibco), pelleted and lysed in
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RLT buffer (Qiagen) to allow RNA extraction. All cell lines
were mycoplasma-free.

Large-scale public database mining

The gene level expression of TSLP, IL8 and SDF1 have been ana-
lyzed using the Breast Cancer Cell Lines Encyclopedia. Data were
downloaded from the CCLE website (http://www.broadinstitute.
org/ccle)® and normalized with RMA. This data set was com-
posed of 1036 cell lines from 24 tissues. Patient data were retrieve
from a sample of 591 breast cancer patients from TCGA (Level
3).>* Breast cancer subtypes were defined using a bimodal mixture
of 2 gaussian distributions for ER, PR and HER2 gene expression.
TN breast cancer samples were defined by the absence of estrogen
and progesterone receptor expression and a lack of HER2 overex-
pression/amplification. In CCLE dataset, breast cancer cell lines
were composed of 31 TN, 12 ER*Her2™ and 15 Her2™. Breast
tumors from TCGA data set were composed of 26 ER"Her2™,
410 Her2", 94 TN and 61 Normal.

Primary tumor processing for RNA extraction

Tumor and juxta-tumor tissues were cryopreserved in Tissue-
Tek (Sakura Finetek USA, Inc., Torrance, Calif) at —80°C. Tis-
sues were cryosectioned with a Cryostat. Ten sections of 20 um
thickness were collected for every tissue sample. Tissues were
lysed in RLT buffer (Qiagen) supplemented with -mercaptoe-
thanol (Sigma) immediately after cutting. RNA was extracted
using RNAeasy mini kit (Qiagen) following manufacturer
instructions and processed as described above.

Quantitative PCR

RNA was extracted from cell line and tumor section lysates using
RNeasy micro and RNeasy mini kit (Qiagen) respectively follow-
ing manufacturer instructions including on-column DNase diges-
tion. RNA concentration and absence of protein contamination
were determined using the NanoDrop instrument. All RNA sam-
ples had 260 nm/280 nm absorbance ratios between 1.9 and 2.1,
indicating high purity. RNA quality was assessed using RNA 6000
Nano chips on the Agilent 2100 Bioanalyzer. Only samples with
RIN>7 were further processed for reverse transcription. cDNA
was synthesized with a mix containing random hexamers (Prom-
ega), oligo(dT)15 (Promega) and SuperScript II reverse transcrip-
tase (Invitrogen). TSLP mRNA transcripts, as well as ACTB
(Actin B), B2M (Beta-2 Microglobulin), HPRT (hypoxanthine
phosphoribosyltransferase 1) and RPL34 (ribosomal protein L34),
which were used as housekeeping genes were quantified by real-
time quantitative reverse transcription PCR on Light Cycler 480
(Roche) with Applied Biosystems predesigned TagMan Gene
Expression Assays and Absolute gPCR ROXmix (Thermo Fisher
Scientific).

Primary breast tumor and juxta-tumor digestion for flow
cytometry analysis and generation of tissue-conditioned
supernatants

Breast tumor and juxta-tumor tissues were cut in three pieces.
One piece was frozen in Tissue-Tek (Sakura Finetek USA, Inc.,



Downloaded by [78.192.20.96] at 10:57 22 August 2017

6. COLLABORATIONS OUTSIDE OF RT2 LAB

€1178438-8 (&) C.GHIRELLIET AL

Torrance, Calif) for further histological analysis. The second
piece was carefully minced into smaller pieces in CO, indepen-
dent medium (Gibco) containing 5% FBS (HyClone). Those
pieces were digested with collagenase (1 mg/mL; Roche) and
DNAse (25 png/mL; Roche) in a total volume of 3 mL CO, inde-
pendent medium (Gibco) for 1 h at 37°C under agitation at
180 rpm. Cell suspension was then filtered through a 40 um
nylon cell strainer (Falcon BD) and washed twice in cold PBS
containing 5% of human serum (Biowest) and EDTA 2 mM
(Gibco). Skin digestion was performed as described in ref.'’.
Cells were stained with the following mouse anti-human anti-
bodies and corresponding matched isotype controls: CD3-
FITC, CD16-FITC, CD45-APC-Cy7, CD11c-PE-Cy5 (BD Bio-
sciences), CD14-FITC, CD20-FITC (Miltenyi Biotec), HLADR-
Alexa700, TSLPR-APC (Biolegend), IL-7Ra-PE, (eBiosciences).
Dead cells were excluded based on side and forward scatter
characteristics and positivity for 4,6-diamidino-2-phenylindole
(DAPI) (Invitrogen). Sample acquisition was performed on a
LSRII flow cytometer (Becton Dickinson) and data analysis was
performed using Flow]Jo software version 9.4.7. The third piece
of tissue was cut in smaller pieces of 40 mg. Each piece of tissue
was put in one well of a 48 well plate in 250 ul of complete
RPMI GlutaMAX (Gibco) containing 10% FBS (HyClone)
without any stimulation. Supernatants were harvested after
24 h of culture and tissues were discarded. Supernatants were
spun for 5 min at maximum speed to remove dead cells and
debris and stored at —80°C for further ELISA measurements.

Soluble TSLP quantification

Soluble TSLP was quantified using the DuoSet Kit from R&D
following manufacturer instructions. Detection limit was set at
31.25 pg/mL as recommended.

Immunohistochemistry

Tissues were embedded in Tissu-Tek (Sakura Finetek USA,
Inc., Torrance, Calif) and cryopreserved at —80°C. Acetone-
fixed cryosections of 4 pum thickness were stained with mono-
clonal rat anti-human TSLP 5 pug/mL (kind gift from Pr.
Yong-Jun Liu), and corresponding matched isotype control
antibody (BD Pharmigen), followed by a biotinylated goat
anti-rat secondary antibody (Vector Laboratories). The stain-
ing was revealed using a Vectastain ABC peroxidase system
(Vector Laboratories) and it was detected using 3-3(E-dia-
mino-benzidine-tetrahydrochloride (DAB) revelation (Vector
Laboratories). The sections were counterstained with haema-
toxylin and mounted with Perthex mounting media (Histo-
lab). Tonsil sections were treated using the same procedure
and they served as positive control for TSLP staining. The
staining was performed using the Autostainer 480 (Labvision).
Tissue images were taken on the Philips Digital Pathology
Ultra-Fast Scanner.

DC enrichment from human blood

Peripheral blood mononuclear cells (PBMC) were isolated
using Ficoll-gradient (GE Healthcare). DC were enriched using

the EasySep ™ human Pan-DC Pre-Enrichment kit (Stem Cell
Technologies) following manufacturer instructions.

Statistical analysis

Unpaired f tests were used to determine statistical significance.
Statistical significance was retained for p values lower than
0.05. Symbols used: NS, not significant.
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stability and favors breast tumorigenesis

In this study, I contributed to the analysis of METABRIC copy number data. We com-
pared the prognosis of the patient according to EZH2 gene copy number status and tried
to define the region surrounding EZH2 showing a correlation between genetic loss and

outcome.

Epigenetic changes are by now a well-recognized cancer hallmark. One of the main
epigenetic mechanisms is DNA methylation which modifies the ability of DNA to be
transcribed. The gene EZH2 is in charge of the methylation activity of Polycomb Repres-
sive Complex 2 (PRC2) which plays a key role in maintaining transcriptional programs
during development. PRC2 was assumed to be related to cancer when its function is
deregulated (29). In addition, EZH2 is involved in the methylation of Lys27 of histone
H3 (H3K27me3), a mark linked to transcriptional silencing. Several studies have sug-
gested that a high level of EZH2 in prostate and breast tumors is associated with a poor
prognosis (95, 192). However, recent studies have shown that the levels of H3K27m3
are low in these cancers and although high expression of EZH2 is correlated with a poor
prognosis, high levels of H3K27me3 correlate with a good prognosis (12, 80). This has led
several groups to propose that EZH2 could play PRC2-independent roles in carcinomas
and that abnormally high levels of this enzyme contribute to malignant transformation.

Thus, the role of EZH2 in solid tumors remains unclear.

This work investigates the role of EZH2 in solid tumors in mouse and human sam-
ples. We have shown that EZH2 plays a key role in the development of carcinomas
and tumorigenesis increases when the enzyme is absent. We have studied precisely the
prognostic value of EZH2 expression by correcting for proliferation and demonstrating
that in this case, low EZH2 expression is associated wit poor prognosis in breast cancer.
We have further showed that mutations in PRC2 genes can be found in breast cancer
metastases and associated with poor prognosis. Finally, we demonstrated that altered
PRC2 activity promotes transcriptomic instability with irreversible consequences on the
gene expression program. Our study suggests that high expression of EZH2 is a conse-
quence rather than a cause of cancer. Moreover, our results report that the alteration

of the PRC2 machinery is likely to favor the development of the tumor.
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Alterations of chromatin modifiers are frequent in cancer, but their functional consequences often remain unclear.
Focusing on the Polycomb protein EZH2 that deposits the H3K27me3 (trimethylation of Lys27 of histone H3) mark,
we showed that its high expression in solid tumors is a consequence, not a cause, of tumorigenesis. In mouse and
human models, EZH2 is dispensable for prostate cancer development and restrains breast tumorigenesis. High EZH2
expression in tumors results from a tight coupling to proliferation to ensure H3K27me3 homeostasis. However, this
process malfunctions in breast cancer. Low EZH2 expression relative to proliferation and mutations in Polycomb
genes actually indicate poor prognosis and occur in metastases. We show that while altered EZH?2 activity consis-
tently modulates a subset of its target genes, it promotes a wider transcriptional instability. Importantly, tran-
scriptional changes that are consequences of EZH2 loss are predominantly irreversible. Our study provides an
unexpected understanding of EZH2’s contribution to solid tumors with important therapeutic implications.
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Eukaryotic cells have developed sophisticated mecha-
nisms to prevent or correct genetic mutations that could
result in cell transformation. These mechanisms are often
altered during tumor progression, leading to increased
genome instability. In addition to genetic lesions, the
chromatin undergoes dramatic changes that are routinely
used by pathologists to characterize tumor aggressiveness.
Consistently, key determinants of chromatin structure
and gene regulation are mutated or misregulated in nu-
merous cancer types (You and Jones 2012). Hence, both ge-
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netic and epigenetic alterations seem to contribute to
deregulation of gene expression programs, favoring the
malignant evolution of transformed cells.

The Polycomb group of proteins plays a key role in
maintaining transcriptional programs during develop-
ment (Simon and Kingston 2013), and deregulations of
its function has been hypothesized to be involved in can-
cer (Bracken and Helin 2009). Two multiprotein complex-
es, Polycomb-repressive complex 1 (PRCI1) and PRC2,
catalyze a specific modification on the histone tails. The
PRC2 complex, through its enzymatic subunits EZH1
and EZH2, is in charge of di- and trimethylation of

©2015 Wassef et al.  This article, published in Genes & Development, is
available under a Creative Commons License (Attribution 4.0 Internation-
al), as described at http://creativecommons.org/licenses/by/4.0/.
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Lys27 of histone H3 (H3K27me3), a mark linked to tran-
scriptional silencing. Several types of alteration of PRC2
have been reported in tumors. Heterozygous gain-of-func-
tion mutations in EZH2 are found in follicular lymphoma
and diffuse large cell B-cell lymphoma (Morin et al. 2010),
in which the mutant enzyme is proposed to cooperate
with its wild-type counterpart to increase the levels of
H3K27me3 (Sneeringer et al. 2010). Conversely, loss-of-
function mutations in PRC2 genes occur in malignant pe-
ripheral nerve sheath tumors (MPNSTs), myelodysplasia,
and T-cell acute lymphoblastic leukemia (T-ALL) (Niko-
loski et al. 2010; Ntziachristos et al. 2012; De Raedt
et al. 2014).

More relevant to the present work, previous studies re-
ported high levels of EZH2 in carcinomas such as prostate
and breast cancer (Varambally et al. 2002; Kleer et al.
2003). In these tumor types, high levels of EZH2 are asso-
ciated with advanced stages of cancer and poor prognosis.
Subsequent studies extended these observations to many
other tumor types (for review, see Chase and Cross 2011).
Overexpression of EZH2 in cancer was proposed to result
from gene amplification (Bracken et al. 2003), down-regu-
lation of microRNA 101 (miRNA-101) (Varambally et al.
2008), and stimulation of its expression by the pRB-E2F
(Bracken et al. 2003) and MEK-ERK pathways. In addition,
the MYC oncogene can also stimulate EZH2 expression
(Koh et al. 2011) and has been suggested to interact
with the Polycomb machinery at multiple levels in can-
cer (for review, see Benetatos et al. 2014). Overexpressed
EZH2 was proposed to participate in aberrant silencing
of tumor suppressor genes such as DAB2IP (Min et al.
2010), ADRB2, and SLIT2.

Paradoxically, recent studies have reported that the lev-
els of H3K27me3 are decreased in several solid tumor
types, including breast and prostate (Wei et al. 2008;
Holm et al. 2012; Xu et al. 2012; Healey et al. 2014; Bae
et al. 2015). Even more surprising, the levels of the en-
zyme and the mark were found to be anti-correlated be-
tween the different breast cancer subtypes (Holm et al.
2012), and, while high expression of EZH2 correlates
with poor prognosis, high levels of H3K27me3 correlate
with good prognosis (Holm et al. 2012; Bae et al. 2015).
This has led several groups to propose that EZH2 might
play PRC2-independent roles in carcinomas (Lee et al.
2011; Xu et al. 2012). However, no clear picture has
emerged from these studies on the involvement of EZH2
in solid tumors. Thus, whether elevated expression of
EZH2 in carcinomas actively contributes to tumor pro-
gression or is simply a consequence of malignant evolu-
tion remains an open question.

Here, we set out to investigate the role of EZH2 in car-
cinomas using genetic tools in mouse and human model
systems. We discovered that Ezh2 is largely dispensable
for development of solid tumors and that the absence of
the enzyme can actually enhance tumorigenesis. Consis-
tently, when corrected for proliferation, the prognostic
value of EZH2 expression is inverted; low EZH2 ex-
pression relative to proliferation is associated with poor
prognosis in breast cancer. In addition, we found that mu-
tations in PRC2 genes are linked to poor prognosis and are
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found in breast cancer metastases. Importantly, we
showed that impaired PRC2 activity promotes transcrip-
tomic instability with irreversible consequences on the
gene expression program. Altogether, our study sheds a
new light on the interplay between the Polycomb machin-
ery and cancer and calls for caution concerning disruption
of PRC2 as a therapeutic strategy.

Results

Ezh?2 is dispensable in genetically engineered mouse
models of prostate and breast cancers

Given the prior links made between Ezh2 overexpression
and the more aggressive forms of prostate cancer (Varam-
bally et al. 2002, 2008), we used genetically engineered
mouse models of prostate cancer to investigate the role
of the enzyme in carcinogenesis. Both amplification of
the c-MYC oncogene and loss of the PTEN tumor suppres-
sor are common features of human prostate cancer, and
corresponding alterations in the mouse prostate result in
adenocarcinomas.

We first examined 9- to 12-mo-old Hi-Myc mice, driv-
ing c-Myc expression in the prostate, which developed in-
vasive prostate adenocarcinomas with 100% penetrance
(n =6). These mice exhibited high levels of Ezh2 and pro-
liferation marker PCNA relative to normal prostates, as
shown by both Western blot and immunohistochemistry
(IHC) (Fig. 1A,B). Unlike Ezh2, the expression of Ezhl
did not significantly change, while Eed and Suzl2, two
core PRC2 components, were modestly up-regulated
(Fig. 1A; Supplemental Fig. S1A). This Hi-Myc mouse
line was then crossed to an Ezh2 conditional knockout
mouse (Su et al. 2003), and genetic deletion of Ezh2 was
induced in prostate epithelium with a Probasin-driven
Cre recombinase (PB4-Cre) (Wu et al. 2001). Of note, pre-
sumably due to the postnatal expression of the Cre, pros-
tate-specific deletion of Ezh2 in PB4-Cre;Ezh2" males
had no noticeable consequences on normal prostate tissue
(data not shown). Ezh2 was efficiently depleted in Hi-Myc;
PB4-Cre;Ezh2™" as assessed by IHC (Fig. 1B) and Western
blot (Supplemental Fig. S1B). Importantly, although
H3K27me3 was heavily reduced in tumors lacking Ezh2
in 9- to 12-mo-old mice (Fig. 1B), invasive adenocarcino-
mas still formed with full penetrance (n = 6). The invasive-
ness is evidenced by the disruption of the fibromuscular
layer stained by smooth muscle actin (SMA) (Fig. 1B). In
addition, Ezh2 knockout tumors, like Ezh2 wild-type tu-
mors, retained high levels of PCNA (Fig. 1B), androgen re-
ceptor (AR) (Supplemental Fig. S1C), and the epithelial
marker E-cadherin (Supplemental Fig. S1C) and were neg-
ative for the expression of the tumor suppressor Nkx3.1
(Supplemental Fig. S1C), as previously shown for Hi-
Myc tumors (Ellwood-Yen et al. 2003). To determine
whether tumors progressively adapt to lack of Ezh2 or
whether Ezh2 is overall dispensable in this model, we
knocked down Ezh2 through shRNA interference in a
cell line derived from advanced Hi-Myc tumors (Myc-
CaP) (Watson et al. 2005). Despite strong down-regulation
of H3K27me3, proliferation was unimpaired. Prior studies
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Ezh2 is dispensable in genetically engineered mouse models of prostate and breast cancers. (A) Western blot on whole-tissue

lysates from dorso-lateral (DL), anterior (A), and ventral (V) lobes of a normal prostate and a Hi-Myc invasive prostate cancer. The specific
antibodies used are indicated at the left. (B) Hematoxylin and eosin (HE) and IHC staining of different proteins, as indicated, in a normal
mouse prostate (wild type) and Hi-Myc and Hi-Myc;PB-Cre;Ezh2™! invasive prostate cancer. (C) Impact of Ezh2 knockdown in Myc-CaP
cells (derived from Hi-Myc mouse prostates) on Ezh2, H3K27me3, HDAC, and H3 (Western blot; left panel) as well as cell proliferation
(right panel). Mean + SD. n = 3. (D, left panel) RT-qPCR analysis of p16, p19, and p21 expression in Myc-CaP cells. RT-qPCR values indi-
cate relative expression in sh-Ezh2 compared with sh-scramble cells after normalization to TBP. (Right panel) Enrichment of H3K27me3
by chromatin immunoprecipitation (ChIP) and qPCR (ChIP-qPCR) at the corresponding loci. actin and foxfla were used as negative and
positive controls, respectively. ChIP-qPCR values indicate relative enrichment compared with histone H3. Mean + SD. n = 3. (E, left panel)
Western blot showing loss of Ezh2 protein in MMTV-Cre; N1IC;Ezh2"/ FACS-sorted luminal cells. MMTV-Cre;N1IC;Ezh2""" cells were
used as a control. Right panel| Representative HE staining on mammary glands of wild-type, MMTV-Cre;N1IC;Ezh2"*", and MMTV-Cre;
N1IC;Ezh2"" mice showing the presence of tumors in the presence or absence of Ezh2.

suggest that Ezh2 can control cell proliferation in part
through silencing of the Ink4a/Arf and p21 tumor sup-
pressor loci (Bracken et al. 2007; Seward et al. 2013). How-
ever, the levels of p16/p19 transcripts, already detectable
in sh-scramble Myc-CaP cells, were not affected upon
Ezh2 knockdown in this model (Fig. 1C,D; data not
shown). The p21 transcript was nevertheless significantly
up-regulated (Fig. 1D). H3K27me3 was present at low,
close to background, levels at the Ink4a/Arflocus in com-
parison with foxfla (an established PRC2 target) and p21
loci (Fig. 1D, right panel). Thus, in the context of c-Myc-
induced prostate cancer, cell proliferation and malignant
evolution appear unaffected by the absence of Ezh2.

We analyzed a second model of prostate cancer, generat-
ed by deletion of the Pten tumor suppressor. Conditional
deletion of this gene in mouse prostates leads to prostate
adenocarcinomas with varying degrees of severity (Wang
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et al. 2003; Ma et al. 2005), presumably due to differences
in the genetic background and/or mutant allele used. In
our mixed strain, PB4-Cre-induced deletion of Pten led
to intraepithelial neoplasia at 6-9 mo of age showing no
sign of invasion (n=7) (Supplemental Fig. S1D). Relative
to normal prostates, Ezh2 expression was nonetheless
up-regulated in these tumors (Supplemental Fig. S1D,
left panel). However, similar to the Hi-Myc model, dele-
tion of Ezh2 did not prevent tumor development (n=7)
(Supplemental Fig. S1D, right panel).

Since high EZH2 expression has also been reported in
breast cancer (Kleer et al. 2003), we next turned to a mouse
model eliciting mammary tumors upon mammary-specif-
ic expression of the activated form of Notchl (N1ICD).
Aberrant Notch signal activation is a common feature of
human breast cancers (Stylianou et al. 2006) and has
been shown to induce mammary tumors in mice (Bolos
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et al. 2013). We induced ectopic Notch activation by tar-
geting an inducible Rosa26°*N1I1CD"°* allele (Murtaugh
et al. 2003) to the mammary epithelium with MMTV-Cre
mice, as previously described (Bolos et al. 2013). Rosa26-
NI1ICD;MMTV-Cre compound female mice developed
hormone-dependent mammary tumors. They were sub-
jected to one or three rounds of pregnancy and analyzed
for the presence of tumors. In this model, penetrance of tu-
mor development was incomplete even after three rounds
of pregnancy. Mammary-specific deletion of Ezh2 did not
impair tumor development but in fact resulted in an in-
creased penetrance of tumor formation (Fig. 1E).

Altogether, our findings based on three different mouse
models indicate that solid tumors can develop in the ab-
sence of Ezh2.

H3K27me3 homeostasis is compromised in breast cancer

Since Ezh2 is dispensable for mouse prostate and mamma-
ry cancer development, we wondered why the enzyme is
nonetheless highly up-regulated in tumors. High EZH2
expression has been repeatedly found to be associated
with proliferating tissues (e.g., Margueron et al. 2008),
and its expression was shown to be under the influence
of key cell proliferation pathways (Bracken et al. 2003).
In addition, EZH2 expression in several solid tumor types
was shown to be correlated with proliferation (Bachmann
et al. 2006). Thus, elevated expression of EZH2 in cancer
may simply result from abnormally high cell proliferation
rates in tumors rather than deregulated expression.

To obtain further insight into the expression of EZH2 in
cancer, we analyzed transcriptome data from a publicly
available study on 131 primary prostate tumors and 19
metastases (Taylor et al. 2010). As expected, hierarchical
clustering of the transcriptome data revealed that the
EZH?2 transcript is part of a cluster of genes highly ex-
pressed in metastatic prostate cancer (Fig. 2A). Important-
ly, cell cycle and proliferation genes (e.g., Ki67 and PCNA)
are overly represented in this cluster. It is noteworthy that
several transcripts (e.g., Ki67) (Supplemental Fig. S2A) dis-
play stronger differential expression between primary and
metastatic cancer than EZH2. This further suggests that
association of high EZH2 with cancer aggressiveness
might reflect the increased cell proliferation occurring in
advanced stages of prostate cancer (e.g., see Tomlins et
al. 2007). A similar analysis on a breast cancer cohort
comprising 146 samples from the four main molecular
subtypes (Maire et al. 2013) confirmed that EZH2 expres-
sion correlates with proliferation markers (Supplemental
Fig. S2B). In addition, analysis of copy number data from
the same cohort revealed that amplification of EZH2 is a
rare event, since no instances were found in this data
set. Gains occur in proportions similar to losses (Supple-
mental Fig. S2C; data not shown), arguing against a major
role for copy number gains or amplifications in driving
high EZH2 levels. Thus, high EZH2 expression seems to
be predominantly linked to proliferation.

To assess why EZH2 expression is associated with cell
proliferation, we turned to a cell-based system allowing
modulation of proliferation rate through increased serum
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concentration and addition of growth factors. Modulation
of Myc-CaP proliferation in vitro revealed that, while
Ezh2 expression shows a near-perfect correlation to the
rate of cell division, H3K27me3 remains constant (Fig.
2B, left). This result is consistent with a previous study
monitoring EZH2 and H3K27me3 upon serum stimula-
tion of quiescent cells (Hansen et al. 2008). It further sug-
gests that proliferation-induced Ezh2 levels may serve to
oppose cell division-mediated dilution of H3K27me3. To
test this hypothesis, we altered Ezh2 expression using
shRNA-mediated knockdown. Ezh2 expression was re-
duced as expected, but, more importantly, the rate of in-
crease of Ezh2 with proliferation was also diminished
(Supplemental Fig. S2D). This resulted in a gradual drop
of H3K27me3 (Fig. 2B, right), suggesting that the increase
of Ezh2 was no longer sufficient to counteract cell divi-
sion-mediated dilution of the mark. Thus, while Ezh2 is
not an obligate modulator of cell proliferation, the tight
coupling of Ezh2 expression levels to the rate of cell divi-
sion is required to ensure homeostatic maintenance of
H3K27me3.

This result prompted us to hypothesize that the anti-
correlated levels of EZH2 and H3K27me3 observed in
several solid tumor types might stem from a failure to
properly counteract cell division-mediated dilution of
the histone mark. We thus sought to assess the impact
of modulating proliferation on the levels of EZH2 and
H3K27me3 in the context of human breast cancers. We
analyzed EZH2 and H3K27me3 levels by IHC in two pre-
viously characterized patient-derived xenografts (PDXs) of
estrogen-positive breast cancer (Cottu et al. 2014). The en-
grafted mice were treated with various combinations of
endocrine therapies and the mTOR inhibitor everolimus,
the impact of which on tumor proliferation was evaluated
by Ki67 staining (Cottu et al. 2014). As previously reported
(Supplemental Table S1; Cottu et al. 2014), some drug
combinations led to a near complete inhibition of cell
proliferation (e.g., everolimus + fulvestrant), while other
treatments only reduced proliferation (e.g., everolimus
alone or everolimus + tamoxifen) or failed to impair prolif-
eration (e.g., ovariectomy). Quantification of EZH2 signal
revealed that it was highly correlated to Ki67 (Fig. 2C, left;
Supplemental Table S1), confirming that, in the context of
tumors, EZH2 expression is under the control of prolifer-
ation cues. Importantly, though, H3K27me3 signal was
significantly anti-correlated to both Ki67 (Fig. 2C, right)
and EZH2 (Supplemental Fig. S2E).

Although the drugs used are likely to impact processes
other than proliferation, which might lead to confounding
effects on H3K27me3 homeostasis, these data suggest
that, in spite of higher EZH2 levels, the PRC2 complex
might not be able to match the abnormally high prolifer-
ation of breast cancer cells, leading to down-regulation
of H3K27me3.

Genetic loss of EZH2 is linked to poor prognosis
in breast cancer

Our results question the contribution of proliferation
to EZH2's prognostic value. Indeed, such an association
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Figure 2. Coupling of EZH2 expression to proliferation is required for H3K27me3 homeostasis but perturbed in breast cancers. (A, left
panel) Heat map of hierarchical clustering of the most significantly varying transcripts in primary and metastatic (Met.) prostate cancers
(PCa). Data are from Taylor et al. (2010). Samples are arranged horizontally, and transcripts are arranged vertically. The cluster containing
the EZH2 transcript is shown in greater detail at the right. (Right panel) Gene ontology (DAVID, http://david.abcc.ncifcrf.gov) of the EZH2
cluster showing the 20 most significantly enriched categories, their fold enrichment, and corresponding P-values. (B) Western blot probed
with antibodies recognizing Ezh2, H3K27me3, Lamin B1, or histone H3 in sh-scramble (left panel) and sh-Ezh2 (right panel) Myc-CaP cells.
In order to modulate proliferation in vitro, cells were cultured in the presence of 0.5%, 2%, or 10% fetal calf serum (FCS) or 10% FCS me-
dium plus a cocktail of growth factors (bovine pituitary extract, insulin, and epidermal growth factor, indicated as +GFs in the last lane).
Corresponding dot plots show signal quantification of Ezh2 (blue) and H3K27me3 (red) abundance (arbitrary units) as a function of the
growth rate (number of divisions per cell per hour), as assessed by proliferation assays carried out in parallel for each culture condition.
(C) EZH2 and H3K27me3 IHC staining quantifications across two patient-derived xenografts (PDXs) treated with various combinations
of drugs. Correlation plots of EZH2 versus Ki67 and H3K27me3 versus Ki67 signal intensities are shown. Intensity values were normalized
to the control (untreated) condition (green triangles). The everolimus + fulvestrant-treated PDXs show strongly reduced proliferation (red
triangles). Each dot corresponds to the mean of six measurements (two stainings on three biological replicates). The corresponding coeffi-
cient of determination (R?) and P-value of the linear regression are shown. Representative IHC staining for EZH2 and H3K27me3 in untreat-
ed and everolimus + fulvestrant treated PDXs are shown. Nuclei are counterstained in blue/purple.

was found in many gene expression-based signatures asso- vestigated the prognostic value of the EZH2 transcript
ciated with clinical outcome (Venet et al. 2011). in comparison with that of the ORC6 transcript (a pro-
To address this issue, we used transcriptome/CNV data liferation-associated transcript used as a control) and a
from the Molecular Taxonomy of Breast Cancer Interna- proliferation metagene consisting of the median expres-
tional Consortium (METABRIC) (Curtis et al. 2012), sion of 54 proliferation-associated transcripts used as a
which collected information on transcript levels and molecular readout for proliferation (Nagalla et al. 2013).
copy number as well as long-term clinical follow-ups As expected, all three variables displayed a significant as-
from 2000 breast cancers (Curtis et al. 2012). We first in- sociation with outcome as assessed by Receiver Operating
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Characteristic (ROC) analysis (Supplemental Fig. S3A) or
Kaplan-Meier analysis (Fig. 3A, top panels), although the
prognostic value of EZH2 expression was the least power-
ful. We then sought to evaluate the prognostic value of the
EZH2 and ORC6 transcripts independently of prolifera-
tion. For this purpose, we calculated residual (“adjusted”)
values of EZH2 and ORC6 to the proliferation metagene
(shown for EZH2 in Fig. 3A, left panels). Strikingly, adjust-
ed EZH2 was now negatively associated with outcome
(Fig. 3A, bottom middle panel; Supplemental Fig. S3B),
suggesting that low EZH2 expression relative to prolifera-
tion is linked to a poor prognosis. By comparison, the ad-
justed ORC6 transcript no longer bore any association
with outcome (Fig. 3A, bottom right panel; Supplemental
Fig. S3C), confirming that its prognostic value is mainly
proliferation-dependent. Thus, the association of EZH2
expression with prognosis comprises both a positive com-
ponent linked to proliferation and a negative component
independent of proliferation.

Copy number variations seemed to largely account for
variations of EZH2 levels independently of proliferation
(Fig. 3A). We therefore stratified tumors according to the
copy number status of the gene. Hemizygous loss of
EZH2 was indeed linked to a significantly worse prognosis
in comparison with normal EZH2 copy number (Fig. 3B).
Conversely, gain of EZH2 was associated with better prog-
nosis than normal EZH2 copy number. Association of
EZH2 CNV with outcome was independent of estrogen
status (Supplemental Fig. S3D,E), although more pro-
nounced in estrogen-positive tumors. In order to deter-
mine the size of the region surrounding EZH2 showing a
correlation between genetic loss and outcome, we ana-
lyzed the prognostic association of all annotated genes
on chromosome 7. Loss of the long arm of chromosome
7 was significantly linked to poor prognosis, with the
end of the arm (encompassing the EZH2 locus) having
the strongest association (Fig. 3C).

We next assessed alterations of EZH2 or other genes en-
coding core PRC2 components by targeted sequencing in
breast cancer metastases previously analyzed by Affyme-
trix CytoScan arrays (Le Tourneau et al. 2014). Inter-
estingly, in addition to metastases having missense
mutations in SUZ12 (two samples) and EZH2 (one sam-
ple), one metastasis harbored a critical splice site muta-
tion in EZH2 in the -1 position relative to exon 11 (Fig.
3D; Supplemental Table S2). This mutation is predicted
to abolish splicing at this intron/exon junction and to re-
sult in a truncated protein lacking the catalytic SET
domain. Since it is found in a metastasis having a hemizy-
gous loss of EZH2, this mutation could drive a complete
PRC2 loss of function.

Finally, we investigated the presence of homozygous
loss or mutation of PRC2 core component genes in The
Cancer Genome Atlas (TCGA) breast cancer cohort. Strik-
ingly, the group of tumors harboring such mutations (3%
of all tumors) (Fig. 3E) displayed a significantly worse
prognosis than the non-PRC2 mutant tumors (Fig. 3F).

In summary, our data show that the association of
EZH2 expression to prognosis results from its correlation
to proliferation. Strikingly, low levels of EZH2 relative to
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proliferation, resulting from genetic loss of the gene and
mutations in PRC2 genes, are in fact associated with
POOT prognosis.

Genetic disruption of EZH2 in a breast cancer cell line
promotes tumorigenesis

Since our analyses indicated that impaired PRC2 function
is associated with poor prognosis, we used CRISPR/CAS9-
based genome engineering tools to delete EZH2 in a cellu-
lar model of human breast cancer. We chose the MDA-
MB-231 cell line, a widely studied near-triploid cell line
derived from a metastatic triple-negative (estrogen-, pro-
gesterone-, and HER2-negative) breast cancer. We sequen-
tially targeted all three alleles of EZH2 and confirmed that
the resulting cell line no longer expressed EZH2 when
compared with the parental clone carrying only one
mutant allele, leading to a near-complete erasure of
H3K27me3 (Fig. 4A). In contrast to a previous report using
RNAI (Gonzalez et al. 2009), loss of EZH2 did not have an
impact on cell proliferation (Fig. 4B). However, we ob-
served an increased three-dimensional (3D) cell migration
through type I collagen, indicative of metastatic potential
(n=52 for control cells, and n=45 for EZH2-null cells)
(Fig. 4C). Importantly, we confirmed these results on pro-
liferation and 3D cell migration using an inhibitor target-
ing both EZH1 and EZH2 (Supplemental Fig. S4; Konze
et al. 2013), indicating that genetic deletion of EZH2 reca-
pitulates pharmacological inhibition of the enzyme and
that EZH1 does not compensate for loss of EZH2 in this
model. Finally, we analyzed the consequences of EZH2
deletion on orthotropic tumor growth in mammary fat
pads of immune-deficient host mice. Strikingly, tumors
originating from EZH2-null xenografts were significantly
bigger than the control tumors (n=12 for control xeno-
grafts, and n = 13 for EZH2-null xenografts) (Fig. 4D).

These results suggest that PRC2-mediated gene si-
lencing might have a protective function in breast
tumorigenesis.

Impaired PRC2 function selectively affects
H3K27me3-low genes

Our analysis suggests that partial impairment of PRC2
might be sufficient to promote tumorigenesis. We there-
fore analyzed how incomplete disruption of PRC2 affects
transcription of Polycomb target genes. For this purpose,
we used a ¢c-Myc transformed, Ezh2 conditional mouse
embryonic fibroblast (iMEF) clonal cell line. This model
allows OHT-dependent deletion of Ezh2 and results in a
drastic reduction of H3K27me3 and subsequent up-regu-
lation of a small cohort of H3K27me3-positive genes,
which we refer to as direct responsive targets (Fig. 5A).
To assess the impact of a milder down-regulation of
H3K27me3, we analyzed gene expression at an early
time point after OHT treatment such that the mark was
only partially depleted (day 5 after OHT treatment) (Fig.
5B). Only a subset (9%) of responsive genes was up-regu-
lated at this time point (Fig. 5C; Supplemental Fig. S5A).
Strikingly, early responsive genes were characterized by
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tween the highest and lowest survival groups and P-values are displayed on Kaplan-Meier plots. (B) Kaplan-Meier plot of breast
cancer-specific survival for patients with primary tumors with normal EZH2 or hemizygous loss or gain of EZH2. (C) Univariate analysis
showing the association between genetic loss and death from breast cancer on all genes of chromosome 7. False discovery rate (FDR)-
corrected P-values (log;, scale) are plotted for all chromosome 7 genes, and significant values are highlighted in red (threshold of
0.15). A dashed green line indicates the position of the EZH2 locus. The analyses shown in A-C were performed on data from 2000 pri-
mary breast cancers of the METABRIC cohort. (D, top) Oncoprint generated on the cBioPortal OncoPrinter showing genomic alterations
and mutations in genes encoding PRC2 core components in 58 breast cancer (BCa) metastases. Only altered cases are shown. (Bottom)
Schematic representation of the EZH2 locus showing the position of a splice site mutation in position —1 of exon 11. (E) Oncoprint (cBio-
Portal) showing loss-of-function (LOF) mutations of core PRC2 genes in The Cancer Genome Atlas (TCGA) breast cancer data set. (F)
Kaplan-Meier plot of overall survival associated with the corresponding tumors compared with the remaining (PRC2 wild-type) tumors.
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a low level of H3K27me3 specifically in the promoter re-
gion as compared with late responsive genes (Fig. 5D).
This result suggests that accumulation of the mark in
the promoter region controls the robustness of transcrip-
tional repression.

To confirm that partial loss of H3K27me3 indeed releas-
es the silencing of a subset of PRC2 target genes, we per-
formed a complementary experiment in which we
rescued the loss of Ezh2 by Ezh1, an enzyme that was pre-
viously reported to have a reduced enzymatic activity rel-
ative to Ezh2 (Margueron et al. 2008). In this experiment,
Ezh1 or Ezh2 was stably expressed in cells before OHT-in-
duced deletion of endogenous Ezh2. As expected, the glob-
al level of H3K27me3 was significantly lower in the Ezh1
rescue condition than in the control Ezh2 rescue condi-
tion (Fig. 5E, cf. lanes 5 and 6), and the genomic distribu-
tion of H3K27me3 was uniformly weaker in the Ezhl
rescue condition (Supplemental Fig. S5B). Responsive
genes that could not be rescued by Ezhl (26%) (Fig. 5F)
had an initial lower enrichment of the mark in their pro-
moter region compared with genes for which expression
was rescued (Fig. 5G), thus corroborating our time-course
analysis (Fig. 5D). Altogether, these results indicate that
H3K27me3 accumulation in the promoter region is linked
to robustness toward depletion of the mark; a mild
decrease of H3K27me3 selectively impairs silencing of
genes that have a low level of the mark in their promoter.
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MDA-MB-231 xenografts
EZH2-null

Figure 4. Genetic disruption of EZH2 in a breast
cancer cell line promotes tumorigenesis. (A) Western
blot showing loss of the EZH2 protein and
H3K27me3 mark in the EZH2 full knockout MDA-
MB-231 cell line (indicated as EZH2-null) compared
with the parental clone mutant for one allele out of
three. (B) Proliferation curve of control and EZH2-
null cells. (C) Multicellular spheroids of control or
EZH2-null MDA-MB-231 cells were embedded in
3D acid-extracted type I collagen (TO) and further in-
cubated for 2 d (T2). Images show representative phal-
loidin-labeled spheroids collected at TO (inset) or T2.
Bars, 200 pm. Data represent mean invasion area in
type I collagen at T2 normalized to the mean inva-
sion area at TO +SEM. n = 3; 15-20 spheroids were an-
alyzed for each cell line, with a total of 52 and 45
measurements for control and EZH2-null cells, re-
spectively. Red bars indicate mean = SD. The P-value
of the two-tailed unpaired t-test is indicated. (D) Rep-
resentative pictures of orthotopic tumor xenografts
developed from the control MDA-MB-231 clone and
EZH2-null clone (top panel) and a plot showing corre-
sponding tumor volumes (bottom panel). Red bars in-
dicate mean+SD. The P-value of the two-tailed
unpaired t-test is indicated.

EZH2-null

Impaired PRC2 function leads to transcriptional
instability

Alterations of PRC2 have been observed in cancers of dif-
ferent origin, indicating a fundamental, tissue-indepen-
dent role in tumor suppression. However, disruption of
PRC2 only results in the detectable up-regulation of a mi-
nority of tissue-specific genomic targets (Fig. 5A; Ezhkova
et al. 2009; Woodhouse et al. 2013). We reasoned that, in
addition, low-frequency (e.g., stochastic) responses might
occur at the level of nonresponsive targets, leading to in-
creased transcriptional instability. We thus asked how re-
sponsive and nonresponsive targets would be expressed in
the presence or absence of Ezh2 at the level of individual
cells. RNA FISH analysis indicated that responsive targets
are expressed at low frequency in the presence of the en-
zyme (Fig. 6A). Single-cell RT-qPCR confirmed this obser-
vation and revealed that responsive target genes are
detected in a subset of Ezh2 wild-type cells expressing a
low level of the enzyme (Fig. 6B). Interestingly, while
some nonresponsive genes were insensitive to Ezh2 status
(Fig. 6B, bottom genes), a number of genes became activat-
ed in Ezh2-low cells in a sparse fashion (Fig. 6B, middle
genes). Deletion of Ezh2 resulted in a full derepression of
responsive genes, while the frequency of expression was
increased for nonresponsive genes. Remarkably, while re-
sponsive targets were expressed in a concerted—i.e.,
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Figure 5. Impaired PRC2 function selectively affects H3K27me3-low genes. (A) Venn diagram showing the overlap between up-reg-
ulated transcripts upon Ezh2 deletion and Ezh2 targets defined by the presence of H3K27me3 in the promoter of wild-type versus
Ezh2%/% iMEFs. Up-regulated transcripts were identified with a minimum adjusted P-value of 15% and a minimum fold change of
two. Targets that are H3K27me3-enriched and up-regulated upon loss of Ezh2 (n=217) are defined as “responsive targets” as opposed
to H3K27me3-enriched “nonresponsive targets” (n=3974). Genes that are up-regulated but are H3K27me3-negative (n=226) corre-
spond to indirect targets. (B) Time-course analysis by Western blot of Ezh2 and H3K27me3 before (time 0) and at different times after
OHT-induced Ezh2 deletion. A two-point titration is provided for each condition. Tubulin and H3 were used as loading controls. (C)
Time-course expression analysis of Ezh2-responsive direct targets. Red represents early responsive targets, and blue indicates late re-
sponsive genes. All values were normalized to initial (time 0) values. (D) H3K27me3 density plot around the transcription start site
(TSS) of early responsive (in red) and late responsive targets (in blue). (E) Western blot of control, Ezh1-overexpressing, and Ezh2-over-
expressing iMEFs untreated or treated with OHT to remove endogenous Ezh2 expression. Specific antibodies are indicated at the left.
(F) Heat map representing the mean-centered expression of Ezh2-responsive targets in wild-type, Ezh2*/%, and Ezh2*/% iMEFs overex-
pressing either Ezh2 or Ezhl. (G) H3K27me3 density plot around the TSSs of genes for which the absence of endogenous Ezh2 is res-
cued by Ezhl (blue line) or not (red line). Analyses presented in C, D, F, and G were performed using measurements on two biological
replicates.

deterministic—fashion (e.g., cells expressed either all or
none of the responsive targets), the expression of non-
responsive targets seemed probabilistic, with each cell
expressing a different combination of genes. Since Poly-
comb target genes represent on the order of 3000-4000
genes, the observed effects of PRC2 disruption are ex-
pected to translate into widespread transcriptional insta-
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bility. Thus, gene expression analysis at the single-cell
level reveals that changes occurring at the level of Poly-
comb target genes are much more profound than previous-
ly appreciated.

We next asked whether disruption of PRC2 would
translate into a long-lasting impact on gene expression.
We therefore inquired whether reintroduction of Ezh2
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Figure 6. Impaired PRC2 function leads to transcriptional instability. (A) Nascent RNA FISH analysis of two responsive Ezh2 targets in
Ezh2 wild-type and Ezh2 mutant iMEFs. The Cpa6 gene is autosomal, while the Tspan7 gene is localized on the X chromosome and thus
only presents in one copy in this male cell line. The top panel shows representative examples of RNA FISH signals, and the bottom graph
shows relative proportions of nuclei with no signal, one pinpoint (monoallelic), and two pinpoints (biallelic) over a minimum of 50 nuclei.
(B, top) Experimental scheme for the single-cell analysis of PRC2 target genes. (Bottom) Single-cell analysis of the Ezh2 transcript and
selected responsive (res.) and nonresponsive genes. Forty-nine Ezh2 wild-type and 37 Ezh2 mutant cells were analyzed by RT-qPCR on
a Biomark-HD system. Ezh2 mRNA level in individual cells is plotted at the top; red diamonds represent Ezh2 wild-type cells (Dil-pos-
itive), and green diamonds indicate Ezh2%/% cells (DiO-positive). A heat map representing the mean-centered, log, transformed expression
of selected target genes is displayed at the bottom. (C) Western blot of Ezh2, H3K27me3, and Lamin B1 as a loading control in different
conditions as indicated at the top of each lane. (D) Heat map showing hierarchical clustering of transcripts in Ezh2 wild-type, Ezh2%/4, and
pre- and post-deletion rescue conditions.

in Ezh2 knockout iMEFs could revert loss of gene
silencing. We compared Ezh2 wild-type, Ezh2 knockout,
and Ezh2 rescue before and after deletion of the endoge-
nous gene (hereafter called predeletion and post-dele-
tion rescues). In both pre- and post-deletion rescue
conditions, the global levels of Ezh2 and associated
H3K27me3 were similar to that of wild-type cells (Fig.
6C). Strikingly, although the predeletion rescue prevented
most transcriptional changes resulting from the absence
of endogenous Ezh2, the post-deletion rescue failed to
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revert the transcriptional status of the majority of tran-
scripts and clustered with the Ezh2 knockout condition
(Fig. 6D). This indicates that transient disruption of
PRC2 results in a permanent epigenetic switch in gene
expression.

Thus, PRC2 safeguards genome-wide silencing through
fine-tuned H3K27me3. Perturbation of this equilibrium
results in both predictable, deterministic responses and
stochastic loss of gene silencing with irreversible conse-
quences on gene expression programs.
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Discussion

The current paradigm concerning the role of EZH2 in sol-
id tumors postulates that abnormally high levels of this
enzyme contribute to malignant transformation. Our
study challenges this hypothesis. We present evidence in-
dicating that high expression of EZH2 is a consequence
rather than a cause of cancer and that, in breast cancer,
disruption of the PRC2 machinery is likely to promote tu-
mor development.

Using two mouse models of prostate cancer and one
model of mammary tumorigenesis, we found that EZH2,
although highly up-regulated in cancerous tissue, is dis-
pensable for tumor progression. The strong correlation
of EZH2 levels with proliferation markers in transcrip-
tome analyses and in our tumorgraft series suggest that
high EZH2 expression in cancers is predominantly a con-
sequence of increased cell proliferation rate. Through fine-
tuning of Ezh2 expression in vitro, we demonstrate that
the tight coupling of Ezh2 expression to proliferation is
required to oppose cell division-mediated dilution of
H3K27me3, as previously hypothesized (Hansen et al.
2008). This is evidenced by the failure to maintain
H3K27me3 with rising proliferation rates when the in-
crease of EZH2 is not sufficient. These data imply that rel-
ative levels compared with the proliferation rate rather
than absolute levels of EZH2 are a key factor in determin-
ing H3K27me3 levels. It also suggests that anti-correlated
levels of the enzyme and the mark can be caused by a rel-
ative reduction of PRC2 activity compared with prolifera-
tion. Our analysis of EZH2 and H3K27me3 levels in
our PDX series indeed suggests that this is likely to be
the case, since proliferation, although positively influ-
encing EZH2 levels, negatively modulates H3K27me3
abundance. Thus, PRC2 activity might not be sufficient
to maintain the mark in rapidly dividing breast cancer
cells. We propose that these observations reconcile con-
tradictory data reporting inverse variations of EZH2 and
H3K27me3 in several tumor types (Wei et al. 2008;
Holm et al. 2012; Xu et al. 2012; Healey et al. 2014; Bae
et al. 2015).

In addition, we found that while high EZH2 expression
is overall correlated to a poor prognosis in breast can-
cer, this association can be subdivided into two opposite
components. The first component, originating from the
coupling of EZH2 expression to proliferation, associates
high EZH2 with an adverse outcome. However, we found
that copy number-driven, proliferation-independent ex-
pression of EZH2 displays an inverse association with
tumor outcome, with low expression of EZH2 being
linked to a poor prognosis. This finding emphasizes the
need to carefully account for the effect of proliferation
when assessing the prognostic value of a given marker
in cancers. In addition, this result suggests that decreased
levels of EZH2 relative to proliferation might accelerate
tumor development. In support of a protective role for
PRC2 in breast cancer, we found that mutations in
PRC2 core components are associated with a poor progno-
sis and documented several mutations in EZH2 and PRC2
core component SUZ12 in breast cancer metastases. One
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mutation in EZH2 is predicted to profoundly affect its
function. Finally, inactivation of EZH2 in a prototypi-
cal human breast cancer cell line promotes in vitro
invasion and in vivo tumor growth. Together, our find-
ings indicate that EZH2 is likely to constrain breast
tumorigenesis.

Although several studies have assessed the role of EZH2
in prostate and breast tumorigenesis, our study is, to our
knowledge, the first to use genetic tools in both mouse
and humans models. Of note, a recent study investigat-
ing the role of Ezh2 in a Brcal deficiency-based model
of mammary tumorigenesis found that deletion of Ezh2
shortens the latency of tumor formation (Bae et al.
2015), further reinforcing the view that the enzyme might
inhibit breast tumorigenesis.

In addition to leukemia and MPNST, a tumor-suppres-
sive role for PRC2 has been suggested in a mouse model of
pancreatic cancer (Mallen-St Clair et al. 2012) and in renal
cancer (Vanharanta et al. 2013). Moreover, in pediatric
glioblastomas, point mutations resulting in a change
from lysine to methionine at position 27 of histone H3
(H3K27M) have been shown to inhibit PRC2 activity
(Lewis et al. 2013), suggesting that disruption of the Poly-
comb machinery might be a recurring theme in cancers.
However, how PRC2 impairment is linked to tumor pro-
gression is currently unclear. Our transcriptomic analysis
revealed that alterations of PRC2 activity result in both a
deterministic activation of a subset of PRC2 target genes
and a broader stochastic activation of gene expression.
While the former is expected to control the immediate bi-
ological response to Ezh2 inhibition, the latter, by increas-
ing the plasticity of gene expression programs, might lead
to long-term responses. Such a distinction between early
and late response to Ezh2 inhibition was recently reported
in a model of glioblastoma in which prolonged knock-
down of Ezh2 results in the emergence of “escaper”
tumors characterized by an aggressive phenotype (de Vries
et al. 2015). It is tempting to speculate that the transcrip-
tional instability of Polycomb targets as a consequence of
Ezh2 knockdown might have fueled the emergence of es-
caper tumors. Given the high mutation rates reported for
other chromatin regulators in cancer, it will be interesting
to determine whether they also results in increased tran-
scriptomic instability.

Several EZH2 inhibitors are entering clinical trials. It
is expected that tumor types in which EZH2 gain-of-
function mutations occur (e.g., DLBCL and FL) (Campbell
et al. 2015) as well as tumors harboring mutations in
SWI/SNF components (Wilson et al. 2010; Knutson et al.
2013; Bitler et al. 2015) might benefit from these mole-
cules. However, the long-term impact of such inhibition
should be carefully examined in light of transcriptional in-
stability and irreversible changes resulting from PRC2
disruption.

Finally, our analysis prompts a careful examination of
the contribution to tumorigenesis of genes whose expres-
sion is linked to proliferation. We propose that applying a
similar analysis to other proliferation-associated genes,
including key players of epigenetic modifications, could
help clarify their contribution to cancer.
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Materials and methods

Plasmids

The MSCVhygro-Flag-Ezh2 retroviral vector was obtained from
Addgene (24926). MSCVhygro-Flag-Ezh1 was generated by sub-
cloning. Following retroviral infection, cells were selected with
400 pg/mL Hygromycin B (Life Technologies). pLKO.1-shEzh2
was purchased from Dharmacon (clone ID TRCN0000039042;
antisense sequence TTTCTTTCAGTTCTTCTGCGG). Oligo-
nucleotides corresponding to a scramble shRNA (antisense se-
quence CGAGGGCGACTTAACCTTAGG) were cloned into
the pLKO.1 vector. Following lentiviral infection, cells were se-
lected with 2 pg/pL puromycin (Life Technologies).

Cell lines

iMEF cells were grown in DMEM supplemented with 10%
FCS, 100 mM nonessential amino acids, 1 mM L-glutamine.
Ezh2/o¥/0x, ROSA26-CreERT2 or Ezh2/¥/*,ROSA26-CreERT2
MEF cells were isolated from 13.5-d-o0ld embryos and subse-
quently infected with the following retroviral constructs:
pMXs-he-MYC (Addgene, 17220) to generate c-Myc iMEFs,
pBABE-hygro p53 DD (Addgene, 9058) to generate p53-DN
iMEFs, and Ndy1-MigR1 (kindly provided by Philip N. Tsichlis)
to generate Ndyl iMEFs. A clone was obtained by limiting dilu-
tion of a pool of c-Myc Ezh2°/%,.ROSA26-CreERT2 iMEFs. For
conditional deletion of Ezh2, cells were treated with 4-hydroxyta-
moxifen (Sigma) at a final concentration ranging from 1 nM to 1
uM. For Ezhl and Ezh2 rescue experiments, cells were infected
with MSCVhygro-Flag-Ezh1 or MSCVhygro-Flag-Ezh2 ecotropic
retroviruses.

The Myc-CaP mouse prostate cancer cell line was generously
provided by Charles L. Sawyers, and cells were grown in
DMEM supplemented with 10% FCS, 100 mM nonessential ami-
no acids, and 1 mM L-glutamine. To obtain optimal growth con-
ditions, the growth medium was supplemented with a growth
factor cocktail composed of 25 pg/mL bovine pituitary extract
(Life Technologies), 5 pg/mL bovine insulin (Sigma), and 6 ng/mL
recombinant human epidermal growth factor (Sigma).

Cell growth assay

Twenty-thousand cells were plated in six-well dishes in tripli-
cates and counted every 24 h over 4 d using a Vi cells counter
(Beckman-coulter).

Mice

All animals used in the studies were handled with care, and exper-
iments were done according to the guidelines from French legis-
lation (Pten and Nlic models) or U.S. legislation (Hi-Myc
model) and institutional policies. For the prostate cancer study,
PB4-Cre (kindly provided by M. Chen), Pten™¥/* (kindly provided
by O. Lantz), Hi-Myc (Jackson laboratory), and Ezh2°/* (gener-
ously provided by A. Tarakhovsky) mice were used. For the breast
cancer study, MMTV-Cre, Rosa-N1ic, and Ezh2°*/* mice were
used.

For xenografting experiments, 6-wk-old female CB17-SCID
mice were purchased from Janvier Laboratories. MDA-MB-231
cells (1 x10° were orthotopically injected into the mammary
fat pads of 20 mice. Control cells (one of three alleles of EZH2 mu-
tated) were grafted on the left side of each mouse, and EZH2™ cells
were grafted on the right side of each mouse. Mice were sacrificed
10 wk after injection, and the resulting tumors were measured
and collected.
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Constitutive knockout of EZH2 in the MDA-MB-231
cell line

Mutation of all three alleles of EZH2 in the MDA-MB-231 cell
line was performed using CRISPR/CAS9 technology. A donor
template encoding a puromycin selection cassette was nucleo-
fectedata 1:1:1 ratio with CAS9 (Addgene, 41815) and EZH2-spe-
cific guide RNA (gRNA; build from gRNA cloning vector;
Addgene, 41824). Homology-directed repair of the double-strand
break resulted in the insertion of an FRT-flanked puromycin
resistance gene in-frame with the first exon of EZH2. The first al-
lele of EZH2 was targeted using the following guide sequence:
GTATACCTAATTCCTGTAAT. Sequencing of the remaining
alleles revealed a single nucleotide insertion at the target site.
Consequently, after flippase-mediated excision of the puromycin
resistance cassette from the first allele, the remaining alleles were
targeted using the following guide sequence: GTATACC
TAATTCCTGTTAA. The resulting clone was thus used as a con-
stitutive EZH2 knockout, using the parental clone (one allele tar-
geted) as a control in all experiments.

Inhibition of EZH1 and EZH2

Inhibition of EZH1 and EZH2 was achieved by a treatment with
1 pM UNC1999 (Sigma.

Formation of the spheroids and type I collagen invasion assay

Multicellular spheroids of MDA-MB-231 cells were prepared us-
ing the hanging droplet method (Kelm et al. 2003), with 3 x 10°
cells in 20-uL droplets in complete L15 medium + 1% volume
of collagen T for 3 d. Next, spheroids were embedded in
2.2 mg/mL type I collagen gel (TO) prepared from acid extract of
rat tail tendon (from BD Biosciences) and incubated for 2 d (T2).

Imaging and quantification of the area of invasion

Samples were fixed at TO and T2 and costained with fluorescent
phalloidin to label F-actin and DAPIL Images were taken with a
confocal LSM 510 (Zeiss) microscope with a 5x dry objective, col-
lecting stacks of images along the Z-axis with 10-pum intervals be-
tween optical sections.

Quantification of invasion was done with Image] software
(http:// rsb.info.nih.gov/ij) by estimating the diameter of spher-
oids at TO and T2 as described (Rey et al. 2011). These values
were averaged and used to calculate the mean invasion area
(nr?). The mean invasion area at T2 was normalized to the
mean invasion area at TO.

Antibodies

Antibodies against Ezhl, Ezh2, Eed, Suzl2, and H3K27me2/3
(Western blot and ChIP [chromatin immunoprecipitation]/
ChIP-seq [ChIP combined with deep sequencing]) were previously
described (Margueron et al. 2008); total H3 (39163) and
H3K27me3 (39155) for ChIP-seq were purchased from Active Mo-
tif; Lamin B1 (ab16048) was purchased from Abcam; Ezh2 (NCL-
L-EZH2) for IHC on PDXs was purchased from Novocastra;
H3K27me3 (C36B11) for IHC on PDXs was purchased from Cell
Signaling; Flag M2 was purchased from Sigma (F1804); Nkx3.1
antibody was a generous gift from Dr C. Abate-Shen; SMA anti-
body was purchased from Dako; PCNA, AR, and Sirt] antibodies
were purchased from Santa Cruz Biotechnology; and tubulin an-
tibody was purchased from Sigma.
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Nuclear extracts

For nuclear extract preparation, cells were incubated with buffer
A (10 mM Hepes at pH 7.9, 2.5 mM MgCl,, 0.25 M sucrose, 0.1%
NP40, 0.5 mM DTT, 1 mM PSMF) for 10 min on ice, centrifuged
at 8000 rpm for 10 min, resuspended in buffer B (25 mM Hepes at
pH 7.9, 1.5 mM MgCl,, 700 mM NaCl, 0.5 mM DTT, 0.1 mM
EDTA, 20% glycerol), sonicated, and centrifuged at 14,000 rpm
for 15 min.

Western blot quantification

Image acquisition of Western blots was performed on a LAS 4000
imager (Leica), and signal intensity was measured using Image]
software.

Tissue extracts

Protein extracts from tissues were prepared as previously de-
scribed (Margueron et al. 2008).

RT-gPCR

Total RNA was isolated using the RNeasy minikit (Qiagen).
c¢DNA was synthetized using the High-Capacity cDNA RT kit
(Applied Biosystems, 4368814), and qPCR was performed with
technical triplicate using SYBR Green reagent (Roche) on ViiA7
equipment (Applied Biosystems). At least three independent bio-
logical experiments were performed for each assay, and negative
control RTs were always included. Primers sequences are in Sup-
plemental Table S3.

IHC

THC on mouse tissue was performed as previously described (Mar-
gueron et al. 2008).

THC analysis on PDXs was performed on tissue microarrays ob-
tained from treated xenografts as described in Cottu et al. (2014).
Samples were dewaxed, and antigen retrieval was performed for
20 min in pH 6 citrate buffer. Developing was performed with
the “Bond refine detection” kit (Leica biosystems); samples
were incubated with diaminobenzidine for 7 min followed by
counterstaining with hematoxylin for 4 min.

IHC quantification

THC images were first processed with the Image] Colour Decon-
volution plug-in (http://www.mecourse.com/landinig/software/
cdeconv/cdeconv.html) in order to separate HE and DAB sig-
nals. For each tissue microarray (TMA), signal intensity of DAB
signal over HE signal was then calculated. Alternatively, when
the level of background was too high (i.e., for EZH2, showing ar-
eas of nonspecific staining), staining intensity was scored on a
scale of 0 to 3 in a blind fashion. Importantly, both software-assis-
ted and visual scoring yielded highly correlated results.

ChIP

ChIPs were performed as described previously (Margueron et al.
2008). Cell confluence and amount of starting material were
kept constant by plating a defined number of cells the day before
cross-linking. Quantification was done as described for the
RT-qPCR. Primers sequences are in Supplemental Table S3.

ChlIP-seq

ChIP was performed as described above, starting from 25 pg of
chromatin; magnetic Dynabeads coupled to Protein A were
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used for the immunoprecipitation (Invitrogen). Incubation with
micrococcal nuclease was performed to obtain mostly mononu-
cleosome-sized fragments (150 base pairs [bp]). Libraries were pre-
pared according to the manufacturer’s instructions (TruSeq ChIP
sample preparation kit, Illumina). High-throughput sequencing
was performed on a SOLiD 5500 and an Illumina Hi-Seq 2500.
Single-end 75-bp (SOLiD) or 100-bp (Illumina) reads were mapped
on the mouse reference genome (mm9) using Bowtie 2 (version
2.1.0) (Langmead and Salzberg 2012), allowing one mismatch in
the seed (22 bp) and reporting one location in case of multiple
mapping hits. PCR duplicates were then removed using Picard-
Tools (version 1.65; http://picard.sourceforge.net).

ChlIP-seq analysis

Chip-seq data for H3K27me3 were generated in duplicates by the
next-generation sequencing (NGS) platform at the Institut Curie
(T. Rio Frio). From ~50 million SOLiD 5500 75-bp reads per sam-
ple, 50% were uniquely mapped (minimum mapQ = 10) onto the
mouse reference genome (mm9) using Bowtie (parameters: -S -C
-p 8 -q -y —col-keepends -1 28 -n 2 -¢ 70 -a -best —strata -m 1).
From 50 million Illumina HiSeq 2500 100-bp reads per sample,
~98% were uniquely mapped onto the mouse reference genome
(mm9) using Bowtie 2, allowing one mismatch in the seed
(22 bp long). Given the high proportion of mapped read duplicates
observed (until 22%), the duplicates were removed using the
rmdup function of SAMTools. The mapped read data were then
normalized to the total number of reads (25 million) by perform-
ing a down-sampling with Picard, and a coefficient factor was ap-
plied in some conditions (Ezh27/~: 0.05; Ezhl rescue: 0.25)
according to the amount of immunoprecipitated DNA obtained
during the ChIP preparation. Peak calling for each sample was
done with MACS 2 (2.0.10) with default parameters for histone
analysis by specifying a fragment size of 150 bp and the input
DNA as control. From the significant peak regions, the differen-
tial binding analysis was performed with the R package DiffBind.
Only reproducible peaks between replicates were kept for read
counting. Significant differential peaks were identified with a
maximum false discovery rate (FDR) of 1 % and a minimum value
of fold change equal to 2 for each comparison. Peaks were quanti-
fied using HOMER.

Transcriptome data analysis

Microarray data were generated in duplicates by the microarray
core facility of the Institut Curie (D. Gentien) using Affymetrix
Mouse Gene 1.1 ST arrays (targeting 21041 genes). Raw data
were normalized with the Robust Multiarray Average (RMA)
method available in the Bioconductor R package oligo and the
“pd.mogene.1.1.st.vl1” annotation package. For rescue experi-
ments, given the observed batch bias between the first and second
replicates, the data were then batch-corrected using a linear mod-
el (Limma R package). Differential gene expression analysis was
done using the RankProduct R package, and significantly under-
expressed or overexpressed genes were identified with a mini-
mum adjusted P-value of 15% and a minimum value of fold
change equal to 2. Hierarchical clustering analysis was performed
using Cluster 3.0, and heat maps were generated with TreeView.

Gene expression, copy number, and survival analysis
of breast primary tumors

This study makes use of data generated by METABRIC (first
described in Curtis et al. (2012). Funding for the project was
provided by Cancer Research UK and the British Columbia
Cancer Agency Branch. Upon access request, single-nucleotide
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polymorphism (SNP) 6.0 copy number and Illumina HT-12
expression data for nearly 2000 primary breast tumors
were available through the European Genome-Phenome
Archive (http://www.ebi.ac.uk/ega) under accession number
EGAS00000000083.

For survival analyses, disease-specific survival was used as the
end point. Follow-up time was defined as time from diagnosis un-
til death from breast cancer or time of last follow-up if the patient
was not known to have died. Kaplan-Meier and ROC analyses
were performed using Prism 6. Statistical significance was evalu-
ated with the log-rank test. The hazard ratio of the highest to the
lowest survival rate was calculated using the log-rank method.
For survival analysis on all genes located on chromosome 7, the
univariate Cox model was applied to each gene by comparing
the outcome linked to tumors with genetic loss with that of the
remaining samples. A FDR was used to correct for multiple
testing.

Targeted sequencing of PRC2 genes in breast cancer metastases

The coding sequences of the EED, EZH2, and SUZ12 genes were
analyzed using a targeted NGS approach. Experiments were per-
formed on the NGS platform of the Cochin Hospital, Paris (Assis-
tance Publique, Hopitaux de Paris, France). Briefly, the custom
primer panel targeting the three genes (coding exons and IVS
boundaries) was designed using AmpliSeq Designer (Life Technol-
ogies). For NGS library preparation, the Ion AmpliSeq 2.0 library
kit was used according to the manufacturer’s instructions. Ampli-
fied libraries were purified using Agencourt AMPure XP beads
(Beckman Coulter). Prior tolibrary pooling and sequencing sample
preparation, amplified libraries were quantified using the Qubit
fluorometer system (Agilent Technologies). Emulsion PCR and
enrichment were performed on the Ion OneTouch and Ion One-
Touch ES instruments with the Ion PGM template OT2 400 and
Ton PGM sequencing 400 kits (Life Technologies). The template-
positive ion sphere particles were loaded on Ion 318 chips and se-
quenced with an Ton PGM system (Life Technologies). Sequence
alignment and extraction of SNPs and short insertions/deletions
were performed using the Variant Caller plug-in on Ion Torrent
suite version 4.4 and Ion Reporter version 4.4 (Life Technologies).
DNA sequences were visualized using the Integrated Genomics
Viewer (version 2.3.3) from the Broad Institute.

RNA FISH

RNA FISH was performed as described elsewhere (Chaumeil
et al. 2008). The following BAC probes (CHORI) were used:
RP23-333D4 (Cpa6) and RP23-40H14 (Tspan?7).

Single-cell RT-gPCR analysis

To discriminate OHT and vehicle-treated Ezh2-conditional
iMEFs, Dil (vehicle-treated) or DiO (OHT-treated) was added in
growth medium for 4 h. Cells were then trypsinized and counted
on a Vi cells counter (Beckman-Coulter). The average diameter of
iMEFs was 13 pm. After mixing OHT- and vehicle-treated cells in
equal proportions, 250,000 cells per milliliter were mixed at a 3:2
ratio in C1 cell suspension reagent (Fluidigm) before being loaded
on a primed C1 Single-Cell Auto Prep Integrated Fluidic Circuit
(Fluidigm). Cells were then visualized under an inverted fluores-
cent microscope (Leica) to assess viability and assignment of red
(OHT-treated) and green (vehicle-treated) cells. Lysis, RT, and pre-
amplifications were performed according to the manufacturer’s
protocol using Ambion Single Cell-to-CT kit (LifeTechnologies).
Preamplified cDNA was analyzed by high-throughput qPCR on
a Biomark-HD system (Fluidigm). The complete list of primers
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is in Supplemental Table S4. A qPCR primer pair designed on
the region of the set domain that is deleted upon OHT treatment
served as an independent genotype assignment and was found to
closely match the color assignment. Only single cells with match-
ing genotype/color assignments were considered for analysis.

Data access

All ChIP-seq data sets have been deposited in the Gene Expres-
sion Omnibus repository (GSE59427).
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7

Discussion and Conclusion

Different contribution to understand triple-negative breast cancer drug response and
computational biology were presented here. We will discuss in the following chapter our

three main contributions.

7.1 Large scale pharmacogenomic studies

Our first contribution was to develop analytical approaches to exploit large pharmaco-
genenomic dataset. We introduced a new cell line classification based on transcriptomic
profiles of cell lines, according to a biological network-driven gene selection process.
The identified clusters appeared robust in two large-scale cell line panels and we also
demonstrated that our clustering is more relevant than tissue of origin when the drug
sensitivity is considered. We further robustly associated cell line cluster with pharmaco-

logical data in four different dataset, independently of the drug sensitivity measure used.

The findings of Haibe-Kains et al. study on variation in drug sensitivity data should
not be minimized. The lack of standardization in the biological assays is a major chal-
lenge for two main reasons. First, from the point of view of bioinformatics and bio-
statistics. The main goal of these studies is to develop predictive models that could lead
to therapeutic strategies according to the genomic profile of the patient’s tumor. The
poor correlation of these studies is a major obstacle to the identification or validation of
predictive markers of the response to treatments. Important works are urgently needed
to standardize the biological assays, otherwise it would be unwise to reliably identify
genomic drug response predictors. While our study is encouraging, these are limitations

that the bioinformatic and biostatistics can not overcome alone. From the biological
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point of view, one can ask how reliable the results of these studies are. Preclinical mod-
els are essential for finding and developing new drugs, but it is important to keep in
mind the strengths and weaknesses of each model. One might consider that cell-line
pharmacological data should only be used for hypothesis generation and for elaborating
on existing hypotheses. If we wish to continue this kind of predictive pharmacogenomic
study, it is essential to carry out important standardization work of pharmacological
assays among researchers. The identification of an effective drug in cell lines, which
is validated in mice for use in humans, remains very challenging. Many studies have
proposed to explain this high attrition rate by the difference in complexity and repre-
sentativeness of each of the model. However, if major differences are found in a model
as simple and robust as cell line, it is not surprising to have discrepancies with more

complex models.

The published results of Haibe-Kains et al. have caused numerous reactions in the
biomedical community. The authors of CCLE and GDSC proposed a novel analysis of
their data and reported a "reasonable” agreement between their respective studies and
the predictors that can be derived (172). However, Safikhani et al. (from Haibe-Kains’
lab) (154) have demonstrated fundamental differences with their initial study (72) . One
of their main criticisms concerns the analytical design to identify the predictors of drug
sensitivity found with each dataset. Stransky at al. have used an ElasticNet using only
the CCLE genomic data across the two datasets that were trained with different mea-
sures of drug sensitivity (Csp and AUC, see Figure 1 in (154)). These analytical choices,
which have not been explained, may contribute to an artificial concordance of biomarkers
between the two studies. In our work, we used the molecular data and drug sensitivity
data specific of each dataset. We demonstrated that our cell line clustering is able to
find significant and meaningful associations with drugs efficacy in four different datasets,
using three different drug sensitivity measures. The goal of our study was not to iden-
tify molecular predictors of drug sensitivity. Nevertheless, the identification of sensitive

or resistant populations constitutes a meaningful insights for pharmacogenomics studies.

Pharmacogenomics studies are likely to remain a crucial preclinical source for gen-
erating hypotheses about the mechanism of drugs and their potential molecular targets.
We have demonstrated that groups of cell lines from different tissue of origin may have
a common drug response if they share similar transcriptomic profiles. This classification
seems particularly interesting to identify the mechanism of drugs. Therapeutic agents

frequently act by unknown mechanisms or have hidden phenotypes that result from un-
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expected activities. Such unexpected activities can be harmful, leading to toxicity or
beneficial effects, suggesting new therapeutic indications. Off-targets are challenging
and often linked to toxicity, which is responsible for the high failure rate of the drug
development. Methods to identify these unexpected effects are needed. By comparing
cell line profiles within and between clusters, pathways contributing to drug activity can
be obtained and hidden phenotypes can be studied. These strategies can help to better

understand the mechanism of drug action and improve their development.

Finally, one might wonder if it was worth the effort to devote so much time and money
to these two studies 7 I do not have the answer but it raises several issues. First, we do
not know which pharmacological assay represents the ‘truth’ ? The probable answer is
either both or neither. Each biological assay measures a different reaction and it is likely
that some are more sensitive to the reaction induced by a specific drug. However, these
data have provided a huge amount of information to the scientific community that should
not be minimized. The complementary study of Haibe-Kains et al. raised the important
issue of the publication of negative results. To quote Matosin et al. (116) : 'negative
findings are a valuable component of the scientific literature because they force us to
critically evaluate and validate our current thinking, and fundamentally move us towards
unabridged science”. There has been a lot of enthusiasm at the time of publication of
the CCLE and GDSC that has lagged one year later with the publication of Haibe-Kains
et al. (207, 208). Although it is necessary to encourage this kind of initiative, which are
the CCLE and the GDSC, we must not lose our critical thinking about them. We can
see in this story that it is important to have several datasets emerging from different
sources. Diversity is necessary to validate our results, which forces us to question the

degree of confidence in the results obtained by other large-scale omic databases.

7.2 Challenges in our understanding of neoadjuvant-resistant

triple-negative breast cancer

These last years have been marked by an unprecedented increase in our understanding
of the molecular landscape of TNBCs. Similarly to the breast cancer which has long
been considered a unique disease, TNBCs today appear to be composed of many differ-
ent pathological entities. The studies of Lehmann et al. (100) and Burstein et al. (31)
dedicated to the study of TNBCs have identified distinct molecular subtypes based on
several hundred tumors. Although the greater molecular heterogeneity of TNBCs limits

the reproductibility between different classification methods, four main subtypes were
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recurrently found: (i) androgen receptor (AR), (ii) mesenchymal (MES), (iii) basal-like
(BLS) and (iv) immunomodulatory (IM). The presence of the AR subtype suggests that
the agents targeting AR could benefit a subgroup of TNBC patients. Likewise, immune-
based therapies (e.g., PD1 antibodies) may be useful treatments for IM tumors. However,
no reliable predictive marker has yet been identified. Lehmann et al. have developed a
website (http://cbc.mc.vanderbilt.edu/tnbc/) for the classification of TNBC sam-
ples on the basis of their gene expression profiles. The authors used a very large number
of genes (2,188 genes) to establish their molecular signature, which can be a source of
instability, because of the noise potentially introduced. In addition, their tool begins by
normalizing the gene expression of the studied cohort. Many discrepancies can then be
observed for the same tumors depending on the set of samples used as input. Several
potentially therapeutically important TNBC subgroups are emerging but further anal-

ysis to defined robust markers and the evaluation of their clinical relevance is still needed.

Most of the biological changes occurring under NAC are largely unknown. So far,
we do not know whether the resistance of TNBCs to the NAC is innate or acquired: for
this, we will need large cohorts of core biopsies with their residual disease to follow the
molecular evolution during treatment. If resistance is innate, studies comparing sensi-
tive and resistant primary tumors are well suited. If resistance is acquired, the study
of primary tumors and their residual diseases should be favored. In both cases, larger
cohorts of tumors are essential. First, evaluate the proportion of tumors with innate and
acquired resistance, and secondly, clearly define their heterogeneity. All studies agree
that resistant tumors appear to have a unique molecular profile. If several hundred pa-
tients were needed to evaluate the heterogeneity of all TNBCs, it is likely that at least
as many patients will be needed to define the different TNBC subtypes resistant to NAC.

Whole exome sequencing may not be well suited for this type of study. By studying
only about 1% of the genome, it is likely that we underestimate the subclonal diversity
present in tumors. In addition, breast cancer and TNBC are known to have more chro-
mosomal rearrangements than mutational events. Detection of subclonal copy number
events could reveal more meaningful information. Previous work has sought to investi-
gate the resistance of TNBC to NAC with gene expression and genomic data. The study
of noncoding element, the epigenome or the proteome could make important contribu-

tions on the evolution and the heterogeneity of the tumors, unidentified until then.
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7.3 Post hoc approaches to large-scale multiple testing

7.3 Post hoc approaches to large-scale multiple testing

Our last main contribution provides a tool to integrate RNA-seq results of the differen-
tial alternative exon analysis with information of RBP motif binding sites. This work
proposes to use an innovative multiple testing procedure to control the proportion of
false discoveries. Post-hoc inference calculates the error rates that are not invalidated
by multiple looks at the data, and the user is free to study the data in every possible

way before finally deciding what rejections to make.

This kind of problem is frequently encountered in genomics. Indeed, the emergence of
high-throughput technologies generates huge amount of data easily and quickly, leading
scientist to a different way of thinking. We have moved from hypothesis-driven research
to data-driven research. Hypothesis-driven (or confirmatory) research consists of for-
mulating a hypothesis and then testing it to refute or not the hypothesis. It consists
of a structured and rigorous data analysis. Data-driven research is explorative rather
than confirmatory and therefore more open-minded. The findings are not meant to be
reported as end results but help scientists formulate hypotheses to be followed up by
independent validation experiments.

In addition, it is common to refine the results of a differential analysis using prior knowl-
edge, once the list of candidates is established. Most of us are also interested by looking
for differential expressed genes in a set of genes corresponding to a specific biological
process before investigating other related pathways. Classical methods based on FWER
or FDR have been developed for confirmatory analysis and their use is limited in ex-
ploratory research. These methen dépit ods assume that all data analysis decisions must
be made before seeing the data, otherwise no formal risk assessment can generally be

performed on the resulting set of markers.

In a context where the problem of poor reproducibility of the scientific research
has been recognized by the statistical community (91, 158), it is important to promote
dedicated methods that avoid reporting spurious findings as “significant”.

7.4 Conclusion

The studies presented in this thesis explored different aspects of cancer research and

computational biology.
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As a first step, we analyzed data from the Genomics of Drug Sensitivity in Cancer
and Cancer Cell Line Encyclopedia studies. We propose a novel classification based
on transcriptomic profiles of cell lines, according to a biological network-driven gene
selection process. Our robust molecular classification displays greater homogeneity of
drug sensitivity than cancer cell line grouped based on tissue of origin. We identified
significant associations between cell line cluster and drug response robustly found be-
tween both datasets. We further demonstrate the relevance of our method using two
additional external datasets and distinct sensitivity metrics. Some associations were still

found robust, despite cell lines and drug responses’ variations.

Our second contribution studies the resistance of triple negative breast cancer to
neoadjuvant chemotherapy. Molecular analysis of 16 paired samples before and after
treatment revealed large-scale heterogeneity in transcription, mutation, and copy num-
ber, with no frequently recurring mutations other than TP53. Consistent with this
molecular heterogeneity, no systematic pathway was associated with the tumor before
or after treatment. However, we observed numerous changes specific to each patient
suggesting a clonal evolution and showed that several patients were eligible for targeted

therapy.

The third main contribution presented here concerns motif enrichment analysis,
through improvement of the rMAPS method. Our method identifies RBPs whose pat-
tern is overrepresented in a given set of regulated sequences as well as with their precise
binding site to guide biological validations. We have demonstrated that post hoc ap-
proaches are adapted to this type of problem, in order to control the proportion of false
discoveries. We hope that this study will contribute to the diffusion of post hoc ap-

proaches in order to avoid erroneous results.
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A. NEW INSIGHT FOR PHARMACOGENETICS STUDIES FROM
THE TRANSCRIPTIONAL ANALYSIS OF TWO LARGE-SCALE
CANCER CELL LINE PANELS
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Figure A.1: Gene ontology analysis for gene clusters identified in CCLE and
GDSC.
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Figure A.2: Distribution of IC50 values for each cluster in CCLE and GDSC. Ordered
according to mean IC50 for the cluster. From resistant (left) to sensitive (right).

ERLOTINIB LAPATINIB

) o)
8 65~ T 65- °
8 3
s s o o
= L 2
=z o = °
2 b 2 °
Q 6o- °© ° Q 6o0- o ©
5 o o o 5
g o ° ® H i ° o
T e o ' ° &
55- ° = ° 55- = ° =
° & o . - ° = ot ® ® 8 e
o 0 2 N 5 [ .
50- . ; ; i ; ; } ; ; ; s0- . | ) ] ) ] ) ) ] ) .
SCLC SKCM Mix3 HAL Mix1 BRCA EDOT Mix2 GLSR Gl SCLC HAL SKCM Mix3 Gl Mix1 EDOT GLSR Mix2 BRCA ADG
CCLE CCLE
o o
-
°

~log10[IC50] (M scale)
B

" SCLC SKCM M3 HAL Mix1 BRCA EDOT Mix2 GLSR Gl ) AL SKCM Mix3 GI Mx1 EDOT GLSR Mix2 BRCA ADG
GDSC GDSC

PD0332991 PLX4720

@ 60- =
3 3
8 3 °
z . Soo °
g o g
8 8 L .
5 o ° 5
B ss- ° ? °
o o °
7 T s .
o o
oo
o . B
° ° o ® . o ©° ©°
SCLC Gl EDOT BRCA Mix3 Mix1 ADG Gl SCLC BRCA Mix3 ADG Mix1 Mix2 GLSR EDOT HAL SKCM
CCLE

CCLE

~log10[IC50] (M scale)
~log10[IC50] (M scale)

Mix2 GLSR SKCM HAL Gl SCLC BRCA Mix3 ADG Mix1 Mix2 GLSR EDOT HAL SKCM
GDSC

Chapter A 195



A. NEW INSIGHT FOR PHARMACOGENETICS STUDIES FROM
THE TRANSCRIPTIONAL ANALYSIS OF TWO LARGE-SCALE
CANCER CELL LINE PANELS

PD0325901 AZD6244
8-

8- °
o . N
. o
) o O )
8 .
H H
= s N
5 5 s
8 . s 8 | = . -
5 K 5 . . °
é’ 5 g” 6- ° °
T 6= T o ©
. .
o ° ° o
= e o
o 0®
. —— ——— o S S S——— Sl— S
b ' U i . U ' 5- " U 4 U ' ' ' ' i U '
SCLC BRCA HAL Mix3 GLSR Mix 1 SCLC BRCA Mix3 GLSR Mix1 Mix2 ADG Gl HAL EDOT SKCM
CCLE
o o
ol
8
s 87
3 3
3 3
= =
=7 =0
2 2
o o
g =
- -
T T
o
5
. . . . . . . . 0 . ' 3- . . . . . . . . . . '
SCLC BRCA HAL Mix3 GLSR Mix2 Mix1 ADG EDOT GI SKCM SCLC BRCA Mix3 GLSR Mix1 Mix2 ADG Gl HAL EDOT SKCM
GDSC GDSC

196 Chapter A



Barplot of the number of mutations in cell lines The eight genes in bold

Figure A.3

were used for cluster characterization (A) Proportion of cell lines mutated for each gene.

Red in CCLE and blue in GDSC. (B) Proportion of same cell lines mutated in CCLE and

GDSC. (C) Among the mutated cell lines in CCLE and GDSC, proportion of same cell lines

(D) Among the mutated cell lines in CCLE and GDSC, proportion of cell lines

with exactly the same mutation.
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A. NEW INSIGHT FOR PHARMACOGENETICS STUDIES FROM
THE TRANSCRIPTIONAL ANALYSIS OF TWO LARGE-SCALE
CANCER CELL LINE PANELS

Figure A.4: AUC distribution for each cluster in CCLE and GDSC. Ordered according to
the mean AUC. From resistant (left) to sensitive (right).
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A. NEW INSIGHT FOR PHARMACOGENETICS STUDIES FROM
THE TRANSCRIPTIONAL ANALYSIS OF TWO LARGE-SCALE
CANCER CELL LINE PANELS

Figure A.5: IC50 distribution for each cluster in CCLE and GSK. Ordered according to
the mean IC50. From resistant (left) to sensitive (right).
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Figure A.6: IC50 distribution for each cluster in GDSC and GSK. Ordered according to
the mean IC50. From resistant (left) to sensitive (right).
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A. NEW INSIGHT FOR PHARMACOGENETICS STUDIES FROM
THE TRANSCRIPTIONAL ANALYSIS OF TWO LARGE-SCALE
CANCER CELL LINE PANELS

Figure A.7: 1IC50 distribution for each cluster in CCLE and gCSI. Ordered according to
the mean IC50. From resistant (left) to sensitive (right).

—log10{IC50] (M scale)

~log10[IC50] (M scale)

—log10[IC50] (M scale)

~log10[IC50] (M scale)

60-

7.0-

65-

60-

7.0-

>

>

°

3
- oG  GDOeD COD=DUD SCMEED COODD WDODO CPeorm TWOCWC WD

ERLOTINIB

°
°

= Eb
o oty oo D B0 G |

SCLC Mix1 HAL GLSR SKCM GI BRCA Mix3 Mix2 EDOT ADG
CCLE

°
°

HAL GLSR SKCM GI BRCA Mix3 Mix2 EDOT ADG

gesi

SCLC Mix 1

CRIZOTINIB

HAL Gl

SCLC BRCA ADG SKCM Mix3 GLSR Mix1 EDOT Mix2
CCLE
o
.
B o
o
o o

° ° o o

°
- O—o—0 POBMO DP-CHAD CDOOO DD WWI® ~OBCD EODBS WIWOD (DS GBS

SCLC BRCA ADG SKCM Mix3 GLSR Mix1 EDOT Mix2 HAL Gl
gosi

~log10[IC50] (M scale)

~log10[IC50] (M scale)

~log10[IC50] (M scale)

~log10[IC50] (M scale)

LAPATINIB
65 o
° °
60~ o
©o
° : e
5.5- o
o In
° o
1 o
HAL SCLC Mix1 Mix2 Mix3 GLSR GI SKCM
CCLE
65 —
o
o
6.0~
55+
o
° o o[ 4
5.0~ . !° I
HAL SCLC Mix1 Mix2 Mx3 GLSR GI SKCM BRCA EDOT ADG
gesi
PD0325901
o
o
° )
o
i -
-
o
o
e |® °
. o

5

e

ADG  Mix 1
CCLE

BRCA HAL GLSR Mix3 Mix2

°
°

x|

BRCA HAL GLSR Mix3 Mix2

SCLC SKCM

ADG Mix1 EDOT Gl
gesi

Chapter A



PACLITAXEL

~log10[IC50] (M scale)

L oo mo—o L o-eod o o o o @ o oo Llo—ood o

SCLC BRCA Mix2 GI SKCM GLSR Mix1 EDOT Mix3 HAL ADG
CCLE

—Iog10[IC50] (M scale)

°

e 0o o °

SCLC BRCA Mix2 Gl SKCM GLSR Mix1 EDOT Mix3 HAL ADG
gesi

Chapter A 205



A. NEW INSIGHT FOR PHARMACOGENETICS STUDIES FROM
THE TRANSCRIPTIONAL ANALYSIS OF TWO LARGE-SCALE
CANCER CELL LINE PANELS

Figure A.8: IC50 distribution for each cluster in GDSC and gCSI. Ordered according to
the mean IC50. From resistant (left) to sensitive (right).
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A. NEW INSIGHT FOR PHARMACOGENETICS STUDIES FROM
THE TRANSCRIPTIONAL ANALYSIS OF TWO LARGE-SCALE
CANCER CELL LINE PANELS

Figure A.9: Mean viability distribution for each cluster in CCLE and gCSI. Ordered
according to the average mean viability. From resistant (left) to sensitive (right).
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A. NEW INSIGHT FOR PHARMACOGENETICS STUDIES FROM
THE TRANSCRIPTIONAL ANALYSIS OF TWO LARGE-SCALE
CANCER CELL LINE PANELS

Figure A.10: Mean viability distribution for each cluster in GDSC and gCSI. Ordered
according to the average mean viability. From resistant (left) to sensitive (right).
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A. NEW INSIGHT FOR PHARMACOGENETICS STUDIES FROM
THE TRANSCRIPTIONAL ANALYSIS OF TWO LARGE-SCALE

CANCER CELL LINE PANELS

Figure A.11: Mutations for each cluster in CCLE dataset. The proportion of cell lines

mutated, with raw and adjusted Fisher p-values.

scLC [Tps3 [krAS [PiK3cA  [BRAF [PTEN [apc [rB1 |
Proportion in % 84 8 14 8 5 24 41
Fisher p-value 0,00443 0,957 0,662 0,492 0,864 0,174 0,000307
FDR-adjusted p-value 0,0297 1 1 0,983 1 0,959  0,00338
Gl [tPs3 [krAS [Pik3cA  [BRAF [PTEN [apc [rB1 |
Proportion in % 60 57 31 0 9 63 0
Fisher p-value 0,736 1,72E-07  0,00289 1 0,684 5,62E-12 1
FDR-adjusted p-value 1 1,89-06  0,0318 1 1 6,18E-11 1
EDOT [TP53 [KRAS [PIk3cA  [BRAF [PTEN [apc [RB1 |
Proportion in % 82 44 9 7 7 16
Fisher p-value 0,0054 0,0000125 0,811 0,861 1 0,956 0,538
FDR-adjusted p-value 0,0297 0,0000688 1 1 1 0,997 1
Mixed 1 [Tps3 [krAS [Pik3cA  [BRAF [PTEN [apc [rB1 |
Proportion in % 48 48 10 19 5 14 5
Fisher p-value 0,96 0,00164 0,786 0,0762 1 0,609 1
FDR-adjusted p-value 1 0,00601 1 0,419 1 0,997 1
HAL [TP53 [krRAS [PiK3cA  [BRAF [PTEN [apc [RB1 |
Proportion in % 64 8 3 23 11 8 5
Fisher p-value 0,584 0,983 1 0,999 0,0000602 0,738 0,997 0,941
FDR-adjusted p-value 1 1 1 1 0,000662 1 0,997 1
Mixed 2 [Tps3 [krAS [PiK3cA  [BRAF [PTEN [apc [rB1 |
Proportion in % 51 29 18 0 12 10 4
Fisher p-value 0,951  0,00862 0,157 1 0,703 0,862 0,949
FDR-adjusted p-value 1 0,0237 0,432 1 1 0,997 1
GLSR [Tp53 [krAS [Pik3cA  [BRAF [PTEN [apc [rB1 |
Proportion in % 58 5 11 9 24 12 18
Fisher p-value 0,847 0,998 0,902 029  0,0236 0,865 0,208
FDR-adjusted p-value 1 1 1 0,797 0,259 0,997 0,763
Mixed 3 [Tp53 [krAS [Pik3cA  [BRAF [PTEN [apc [rB1 |
Proportion in % 59 11 14 16 11 19
Fisher p-value 0,801 0,818 0,563 1 0,505 0,829  0,0432
FDR-adjusted p-value 1 1 1 1 1 0,997 0,238
ADG [Tp53 [krAS [Pik3cA  [BRAF [PTEN [apc [rB1 |
Proportion in % 77 3 23 8 8 13 0
Fisher p-value 0,0911 0,994 0,147 0,536 0,864 0,77 1
FDR-adjusted p-value 0,334 1 0,432 0,983 1 0,997 1
SKCM [TP53 [KRAS [Pik3cA  [BRAF [PTEN [apc [RB1 |
Proportion in % 31 15 15 15 4
Fisher p-value 1 1 1 0,163 0,375 0,578 1
FDR-adjusted p-value 1 1 1 0,599 1 0,997 1
BRCA [Tp53 [krAS [Pik3cA  [BRAF [PTEN [apc [rB1 |
Proportion in % 73 3 24 0 21 3 12
Fisher p-value 0,168 0,988  0,0713 1 0,152 0,992 0,534
FDR-adjusted p-value 0,462 1 0,392 1 0,836 0,997 1
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Figure A.12: Mutations for each cluster in GDSC dataset. The proportion of cell lines

mutated, with raw and adjusted Fisher p-values.

scLC TP53 KRAS PIK3CA  |BRAF NRAS PTEN APC RB1

Proportion in % 72 6 6 0 3 9 6 31
Fisher p-value 0,0389 1 0,805 1 0,864 0,482 0,403 7,72E-06
FDR-adjusted p-value 0,139 1 1 1 1 1 1 0,000232
Gl [tps3 [kras  pik3cA [BRAF  [NRAs  [PTEN  [ApcC [rB1 |
Proportion in % 65 62 16 11 0 3 49 0
Fisher p-value 0,622 1,87E-08 0,124 0,783 1 0,916 5,68E-14 1
FDR-adjusted p-value 0,629 1,09E-06 0,319 1 1 1 6,63E-11 1
EDOT [tps3 [krRas  Jriksca  [srRaF |NRAs  [pTEN  Japc [rB1 |
Proportion in % 72 56 6 11 17 0 6 11
Fisher p-value 0,466 0,00104 0,85 0,769  0,0983 1 1 0548
FDR-adjusted p-value 0,629 0,00014 1 1 1 1 1 1
Mixed 1 TP53 KRAS PIK3CA  |BRAF NRAS PTEN APC RB1

Proportion in % 58 28 21 15 8 8 2 6
Fisher p-value 0,515 0,0107 0,0141 0,649 0,509 0,71 0,947 0,438
FDR-adjusted p-value 0,782 0,131 0,105 1 1 1 1 1
HAL [tps3 [kras  pik3cA [BRAF  [NRAS  [PTEN  [ApcC [rB1 |
Proportion in % 69 3 3 3 21 8 0 2
Fisher p-value 0,309 0,995 0,988 0,965 0,000334 0,498 1 0,952
FDR-adjusted p-value 0,629 1 1 1 0,00627 1 1 1
Mixed 2 [tps3 [krRas  Jriksca  [srRaF |NRAs  [pTEN  Japc [rB1 |
Proportion in % 54 23 15 5 0 8 0 8
Fisher p-value 0,98 0,0776 0,359 0,783 1 0,668 1 0,22
FDR-adjusted p-value 0,999 0,966 0,424 1 1 1 1 1
GLSR TP53 KRAS PIK3CA  |BRAF NRAS PTEN APC RB1

Proportion in % 60 0 4 10 4 21 0 6
Fisher p-value 0,83 1 0,94 0,414 0,781 0,185 1 0,878
FDR-adjusted p-value 0,999 1 1 1 1 0,57 1 1
Mixed 3 [tps3 [kras  [pik3cA [BRAF  [NRAS  [PTEN  [apc [rB1 |
Proportion in % 52 5 2 2 8 8 5 8
Fisher p-value 0,895 0,958 0,99 1 0,526 0,931 0,612 0,48
FDR-adjusted p-value 0,999 1 1 1 1 1 1 1
ADG [tps3 [krRas  Jriksca [BrRaF |NRAs  [pTEN  Japc [rB1 |
Proportion in % 76 9 11 4 4 4 4 4
Fisher p-value 0,00281 0,73 0,436 0,936 0,882 0,977 0,743 0,926
FDR-adjusted p-value 0,139 1 1 1 1 1 1 1
sKcm TP53 KRAS PIK3CA  |BRAF NRAS PTEN APC RB1

Proportion in % 38 0 0 75 17 12 0 0
Fisher p-value 0,998 1 1 5,01E-09 0,0725 0,674 1 1
FDR-adjusted p-value 0,999 1 1 1,48E-06 0,465 1 1 1
BRCA [tps3 [krRas  Jrik3ca  [BrRaF [NRAs  [pTEN  Japc [rB1 |
Proportion in % 69 2 21 2 0 10 0 2
Fisher p-value 0,133 0,997 0,0175 0,981 1 0,573 1 1
FDR-adjusted p-value 0,602 1 0,105 1 1 1 1 1
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A. NEW INSIGHT FOR PHARMACOGENETICS STUDIES FROM
THE TRANSCRIPTIONAL ANALYSIS OF TWO LARGE-SCALE
CANCER CELL LINE PANELS

Figure A.13:

Significant associations between CCLE and GDSC found in both dataset

with IC50.
Dru Cluster Effect (-Logl0(ICS0M)) | 95% CI (-Loglo(CsoMy) | pvalue | 24usted | Drug response relative
e e ’ € P pvalue to other cell lines

Erlotinib | ADG 1.07 (044 to0 1.71) 35E03 | 3.9E-02 Sensitive
Lanatiniy | SCLC 041 (-0.67 to -0.14) 3.6E-03 | 3.2E-02 Resistant
P ADG 1.12 (0.53 to 1.69) 1.5E-03 | 1.5E-02 Sensitive
Gl -0.46 (-0.71 to -0.21) 72E-04 | 7.2E-03 Resistant
PDO33299| pyap 0.74 (038 0 1.1) 2.0E-04 | 2.2E-03 Sensitive
PLX4720 | SKCM 1.39 (0.86 to 1.93) 1.9E-05 | 2.1E-04 Sensitive
Gl 0.46 (0.15 t0 0.78) 54E-03 | 4.9E-02 Sensitive
PDO32590T| g em 131 (0.79 to 1.82) 33E-05 | 3.6E-04 Sensitive
AzDeas | SKCM 1.25 (0.69 to 1.81) 23B-04 | 2.6E-03 Sensitive
BRCA 045 (:0.74 t0 -0.16) 34E-03 | 3.4E-02 Resistant

Figure A.14: Number of cell lines with sensitivity measure in each dataset. The numbers

were computed based on the cell lines common to each pair of dataset.

CCLE vs GDSC GSK gCsl
IC50/AUC IC50 IC50/Mean Viability
CCLE vs GSK GDSC vs GSK CCLE vs gCsl GDSC vs gCsl

CCLE GDSC CCLE GSK GDSC GSK CCLE gcsl GDSC gCsl

PACLITAXEL| 276 173 118 116 70 116 164 165 65 241

LAPATINIB | 277 169 118 114 70 114 165 161 64 237

ERLOTINIB | 276 154 165 163 54 239

CRIZOTINIB| 277 175 165 165 66 241

PD0325901| 277 355 165 165 200 241
PHA665752| 276 175
TAE684 277 175
NILOTINIB 220 369
AZD0530 277 174
SORAFENIB| 276 172
PD0332991| 232 338
PLX4720 273 366
AZD6244 276 338
NUTLIN3 277 358
17AAG 277 366
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Figure A.15: List of drugs significantly associated with a sensitivity phenotype for each
cluster in CCLE.

Gl Drug Target GLSR Drug Target
drugid_17AAG Other drugid_DASATINIB CTK, RTK
drugid_AZD6244 S/T Kinase drugid_BORTEZOMIB Other
drugid_PD0325901 S/T Kinase drugid_MIDOSTAURIN RTK

drugid_CHIR-99021 S/T Kinase

[EDOT [Drug [Target | drugid_AzD6482 Other
|drugid_DOXORUBICIN |chemotherapy | drugid_BEXAROTENE Other

drugid_LFM-A13 CTK

Mixed 1 Drug Target drugid_PAZOPANIB RTK
drugid_GEMCITABINE Chemotherapy drugid_VINBLASTINE Chemotherapy
drugid_BLEOMYCIN Chemotherapy drugid_DOCETAXEL Chemotherapy
drugid_VINBLASTINE Chemotherapy drugid_TEMSIROLIMUS S/T Kinase
drugid_NVP-BEZ235 S/T Kinase, Other drugid_ELESCLOMOL Other

drugid_BX-795 S/T Kinase

HAL Drug Target drugid_NVP-BEZBS S/T Kinase, Other
drugid_IRINOTECAN Chemotherapy drugid_GDC0941 Other
drugid_L685458 Other |Mixed 3 |Drug |Target
drugid_PANOBINOSTAT Other Idrugid VORINOSTAT IOther
drugid_TOPOTECAN Chemotherapy =
drugid_SUNITINIB RTK
druiid:CRlZOTINIB RTK ADG Drug Target
drugid_XMD8-85 S/T Kinase ::::;Z_Cimf;g\ma Frgi
::zz::_sng g:::: drugid_ERLOTINIB RTK
drugid_IPA-3 S/T Kinase drugid_LAPATINIB RTK
drugid_BAV-61-3606 CTK drugid_VINORELBINE Chemotherapy

S " drugid_BICALUTAMIDE Other
drugic_AICAR S/T Kinase drugid_PF-562271 S/T Kinase
drugid_CAMPTOTHECIN-WTSI Chemotherapy drugid_OBATOCLAX-MESYLATE Other
drugid_METHOTREXATE Chemotherapy drugid_EPOTHILONE-B Other
g:::;j_gygﬁnms g;:ler drugid_AICAR S/T Kinase
drugid_ABT-Zsa Other drug?d_VINBLASTINE Chemotherapy
drugid_VORINOSTAT Other :::g;j—gggim’;ﬂ E::"‘"‘he’ap"
drugid_NILOTINIB cTK drugid_BOSUTINIB CTK
drugid_TEMSIROLIMUS S/T Kinase drugid_17AAG Other
drugid_AZD-2281 Other g g‘d_BIBW2992 e
drugid_ABT-888 Other rugid_
drugid_BOSUTINIB cTK
drugid_LENALIDOMIDE Other SKCM Drug Target
drugid_AZD7762 S/T Kinase drugid_AZD6244 S/T Kinase
drugid_CEP-701 RTK, CTK drugid_EMBELIN Other
drug!d_VX-702 S/T Kfnase drugid_FH535 Other
drugid_SL-0101-1 S/T Kinase drugid_OBATOCLAX-MESYLATE  [Other
drugid_681640 S/T Kinase, CTK drugid_RDEA119 S/T Kinase
drugid_PD-173074 RTK drugid_CI-1040 S/T Kinase
drugid_ZM-447439 S/T Kinase drugid_CEP-701 RTK, CTK
drugid_PD0332991 S/T Kinase drugid_PLX4720 /T Kinase
drugid_SB590885 S/T Kinase drugid_NUTLIN3 Other

- drugid_PD0325901 S/T Kinase

[Mixed2 [orug [Target | drugid_SB590885 S/T Kinase

|drugid_MIDOSTAURIN [RTK | drugid_AZD6244 S/T Kinase
BRCA Drug Target

drugid_AKT-INHIBITOR-VIII S/T Kinase

drugid_MK-2206 S/T Kinase
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A. NEW INSIGHT FOR PHARMACOGENETICS STUDIES FROM
THE TRANSCRIPTIONAL ANALYSIS OF TWO LARGE-SCALE

CANCER CELL LINE PANELS

Figure A.16: List of drugs significantly associated with a resistant phenotype for each
cluster in GDSC.

[scic [orug [rarget
drugid_ERLOTINIB RTK
drugid_LBW242 #N/A
drugid_PD0332991 S/T Kinase
drugid_PHA665752 RTK
drugid_PLX4720 S/T Kinase
drugid_SORAFENIB RTK
drugid_SUNITINIB RTK
drugid_MG-132 Other
drugid_CYCLOPAMINE GPCR
drugid_AZ628 S/T Kinase
drugid_CRIZOTINIB
drugid_Z-LLNLE-CHO- Other
drugid_DASATINIB CTK, RTK
drugid_WH-4-023 (419
drugid_BMS-536924 RTK
drugid_JW-7-52-1 S/T Kinase
drugid_BORTEZOMIB Other
drugid_XMD8-85 S/T Kinase
drugid_LAPATINIB RTK

1 Chemotherapy
drugid_MIDOSTAURIN RTK
drugid_CHIR-99021 S/T Kinase
drugid_AP-24534 (419
drugid_AZD6482 Other
drugid_PF-562271 S/T Kinase
drugid_FTI-277 Other
drugid_SHIKONIN Other
drugid_EMBELIN Other
drugid_OBATOCLAX-MESYLATI Other
drugid_BEXAROTENE Other
drugid_TIPIFARNIB Other
drugid_RDEA119 S/T Kinase
drugid_Cl-1040 S/ Kinase
drugid_PD0325901 S/T Kinase

[ar Drug [Target
drugid_AP-24534 cTk

D6482 Other

1 Other
drugid_IPA-3 S/T Kinase
drugi AZOPANIB RTK
drugld CCAMPTOTHECIN-WTSI |Chemotherapy
drugid_VINBLASTINE Chemotherapy
drugid_CISPLATIN |Chemotherapy
drugid_DOCETAXEL Chemotherapy

i/ Other

i_NILOTINIB CTK
i_TEMSIROLIMUS S/T Kinase
drugid_AZD-2281 Other
i_BOSUTINIB CTK
1_AXITINIS RTK
gid_CEP-701 RTK, CTK
drugid_AMG-706 RTK
drugid_ELESCLOMOL Other

| f S/T Kinase
drugid_BX-795 S/T Kinase
drugid_SL-0101-1 S/T Kinase
drugid_BI-D1870 S/T Kinase
drugid_INK-INHIBITOR-VIII S/T Kinase
drugid_681640 S/ Kinase, CTK
drugid_PD-173074 RTK
drugid_zM-447439 /T Kinase
drugi -3306 S/T Kinase

S/T Kinase

drugid_NVP-BEZ235
drugid_GDC0941

S/T Kinase, Other
Other

drugid_AZD8055 S/T Kinase
[epoT Drug Target
drugid_L685458 #N/A
drugid_PD0332991 S/T Kinase
drugid_PHA665752
drugid_PLX4720 S/T Kinase
drugid_TKI258 RTK
drugid_CYCLOPAMINE (GPCR
drugid_CRIZOTINIB RTK
drugid_PYRIMETHAMINE Other
drugid_ATRA Other
drugid_TEMSIROLIMUS S/T Kinase
_VX-702 S/T Kinase

Drug Target
drugld ERLOTINIB RTK

[HAL

drugid_L685458 #N/A
drugid_LBW242 HN/A
drugid_NILOTINIB K
drugid_VANDETANIB HN/A
drugid_GEFITINIB K
drugid_BIBW2992 RTK
Drug | Target
|drugid_ERLOTINIB RTK
drugid_KIN001-135 S/T Kinase
|drugid_LAPATINIB
Grugid_Nsc-87877 Other

Other

Other

Other

RTK

S/T Kinase

Chemotherapy

Other

RTK

RTK

S/T Kinase

S/T Kinase

Drug Target
drugid_AZD6244 /T Kinase
drugid_IRINOTECAN Chemotherapy
drugid_L685458
drugid_NILOTINIB CTK
drugid_PANOBINOSTAT #N/A
drugid_AICAR S/T Kinase
drugid_17AAG Other

GLSR Drug Target
drugid_AZD0530 Tk
drugid_ERLOTINIB RTK
drugid_LAPATINIB RTK
drugid_PANOBINOSTAT #N/A
drugid_PLX4720 /T Kinase
drugid_SORAFENIB RTK
drugid_VANDETANIB #N/A
drugid_| Other
drugid_METHOTREXATE  [Chemotherapy
drugid_GEFITINIB RTK
Drug |Target
drugid_ERLOTINIB RTK
drugid_LBW242 #N/A
drugid_PHA665752 RTK
drugid_PLX4720 S/T Kinase
drugid_Z-LLNLE-CHO- Other
drugid_DASATINIB CTK, RTK
drugid_BICALUTAMIDE Other
drugid_BIBW2992 [RTK

[ADG [Target
drugld CR\ZGT\NIB RTK
drugid_PLX: S/T Kinase
drugld,SORAFEN\B RTK
drugid_CYCLOPAMINE GPCR
drugid_GSK269962A S/T Kinase
drugid_PAZOPANIB
drugid_SB-216763 S/T Kinase

[skem Drug [Target
[drugid_AZDO0530 Tk
|drugid_ERLOTINIB RTK
|drugid_L685458 #N/A
drugid_LAPATINIB RTK
|drugid_PD0332991 |S/T Kinase
|drugid_SORAFENIB

id_TAE684 RTK
|drugid_VANDETANIB #N/A
drugid_Wz-1-84 CTK
|drugid_AKT-INHIBITOR-VIIl  [S/T Kinase
|drugid_AICAR |S/T Kinase
|drugid_GEFITINIB RTK
drugid_BIBW2992 [RTK

[BRcA rug [Target
drugid_AZD6244 IS/T Kinase

1| /T Kinase
|drugid_TOPOTECAN Chemotherapy
drugid_GEMCITABINE Chemotherapy
|drugid_AP-24534 CTK
drugid_DMOG Other
drugid_BAY-61-3606 CTK
|drugid_OBATOCLAX-MESYLAT|Other
|drugid_CAMPTOTHECIN-WTSI |Chemotherapy
|drugid_CYTARABINE Chemotherapy
drugid_METHOTREXATE Chemotherapy
|drugid_RDEA119 |S/T Kinase
drugid_CI-1040 |S/T Kinase
|drugid_AZD-2281 Other
drugid_CEP-701 RTK, CTK
|drugid_SB-216763 |S/T Kinase
|drugid_BX-795 |S/T Kinase
drugid_BI-D1870 S/T Kinase
|drugid_681640 |S/T Kinase, CTK

|S/T Kinase

[skem [Target
drugid_AZD0530 Tk
drugid_ERLOTINIB RTK
drugid_L685458 #N/A
drugid_LAPATINIB RTK
drugid_PD0332991 /T Kinase
drugid_SORAFENIB
drugid_TAE684 RTK
drugid_VANDETANIB #N/A
drugid_Wz-1-84 Tk
drugid_AKT-INHIBITOR-VIIl  (S/T Kinase
drugid_AICAR IS/T Kinase
drugid_GEFITINIB RTK
drugid_BIBW2992 [rTK

[BReA Drug [Target
drugid_AZD6244 IS/T Kinase
drugid_PLX4720 IS/T Kinase
drugid_TOPOTECAN Chemotherapy
drugid_GEMCITABINE Chemotherapy
drugid_AP-24534
drugid_DMOG Other
drugid_BAY-61-3606 Tk
drugid_OBATOCLAX-MESYLAT|Other
drugid_CAMPTOTHECIN-WTSI |Chemotherapy
drugid_CYTARABINE Chemotherapy
drugid_METHOTREXATE Chemotherapy
drugid_RDEA119 |S/T Kinase
drugid_CI-1040 IS/T Kinase
drugid_AZD-2281 Other
drugid_CEP-701 RTK, CTK
drugid_SB-216763 |S/T Kinase
drugid_BX-795 IS/T Kinase
drugld BI-D1870 |S/T Kinase
drugid_681640 |S/T Kinase, CTK
drugid_AZD6244 |S/T Kinase
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Figure A.17: Significant associations between CCLE and GDSC found in both dataset

with AUC.
CCLE
djusted D lati
Drug Cluster Effect (AUC) 95% CI (AUC) pvalue | 2UUSte rug response retative
pvalue to other cell lines
Erlotinib ADG 0,05 (0,015 to 0,08) 0.0052 0.0360 Sensitive
Lapatinib HAL -0,04 (0,06 to -0,02) 1,00E-04 9,00E-04 Resistant
AZD6244 SKCM 0,2 (0,13t0 0,27) 5,00E-06 5,00E-05 Sensitive
BRCA -0,079 (-0,12 to -0,04) 2,00E-04 2,00E-03 Resistant
PLX4720 SKCM 0,16 (0,10t0 0,23) 3.1e-05 3.4e-04 Sensitive
Crizotinib SKCM -0,04 (-0,05 to -0,02) 3.8e-05 4.2e-04 Resistant
AZD0530 SKCM -0,08 (-0,09 to -0,06) 2.4e-09 2.7e-08 Resistant
GDSC
- D e
Drug Cluster Effect (AUC) 95% CI (AUC) pvalue adjusted rug response relative
pvalue to other cell lines
Erlotinib ADG 0,09 (0,04 t0 0,14) 0.003 0.0360 Sensitive
Lapatinib HAL -0,04 (-0,04 to -0,02) 2,39E-05 3,00E-04 Resistant
AZD6244 SKCM 0,17 (0,09 to 0,25) 3,00E-03 5,00E-05 Sen.SItlve
BRCA -0,05 (-0,08 to -0,021) 0.001 0.01 Resistant
PLX4720 SKCM 0,16 (0,10 to 0,23) 1,00E-04 1,00E-03 Sensitive
Crizotinib SKCM -0,03 (-0,04 t0 -0,01) 7.9e-06 6.3e-05 Resistant
AZDO0530 SKCM -0,03 (-0,05 to -0,01) 0.002 0.020 Resistant

Figure A.18:

Significant associations between CCLE and GSK found in both dataset with

1C50.
CCLE
Di lative ti
Drug | Cluster | Effect (-Logl0(IC50(M))) | 95% CI (—LoglO(ICSO(M)))| pvalue |adjusted pvalue| g responsereiativeto
other cell lines
ooatimy | MX1 0,14 (-0.2t0 -0.075) 0,000024 _ 0,00024 Resistant
patind - gem -0,13 (-0.19 t0 -0.071) 0,000044  0,00039 Resistant
GSK
. Drug response relative to
D I Effect (-Log10(IC50(M % CI (-Log1 0(IC50(M 1 |
rug Cluster ffect (-Log10(IC50(M))) |95% CI (-Logl0(IC50(M)))| pvalue |adjusted pvalue other cell Tines
Loati | VX1 0,31 (0.5t0-0.12) 0,004 0,036 Resistant
apatind | syem 0,38 (-0.52 t0 -0.24) 85607 |  0,0000093 Resistant
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Figure A.19: Significant associations between CCLE and gCSI found in both dataset with

1C50.
CCLE
diusted Drug response
Drug | Cluster | Effect (-LoglO(IC50(M))) |95% CI (-Logl0(IC50(M))) | pvalue | ° J”Tte relative to other cell
pvaiue lines
Mix 1 -0,12 (-0.17 to -0.073) 0,0000016( 0,000015 Resistant
Erlotinib GLSR -0,13 (-0.18 to -0.08) 0,0000014( 0,000015 Resistant
ADG 0,4 (0.13 to 0.66) 0,0053 0,032 Sensitive
SKCM -0,099 (-0.16 to -0.04) 0,0011 0,0079 Resistant
Lapatinib Mix 1 -0,14 (-0.2 to -0.069) 0,00015 0,0014 Resistant
ADG 0,27 (0.033t00.5) 0,027 0,19 Sensitive
SKCM 1,6 (1.1to2.1) 0,0000013( 0,000012 Sensitive
PD0325301 BRCA -0,73 (-0.92 to -0.54) 9,2E-12 9,2E-11 Resistant
gCsl
adjusted Drug response
Drug Cluster Effect (-Log10(IC50(M))) | 95% CI (-Logl10(IC50(M))) | pvalue .
pvalue | relative to other cell
Mix 1 -0,19 (-0.26 t0 -0.11) 0,0000049( 0,000051 Resistant
Erlotinib GLSR -0,2 (-0.28 t0 -0.12) 0,0000046( 0,000051 Resistant
ADG 0,7 (0.36t0 1) 0,00044 0,0022 Sensitive
SKCM -0,19 (-0.27 to -0.11) 0,0000048( 0,000051 Resistant
Lapatinib Mix 1 -0,19 (-0.32 to -0.06) 0,0061 0,055 Resistant
ADG 0,55 (0.34 t0 0.76) 0,000023 | 0,00023 Sensitive
PD0325901 SKCM 2,1 (1.6 t0 2.7) 1,7E-07 | 0,0000019 Senlsitive
BRCA -1,1 (-1.5t0-0.74) 0,0000038| 0,000038 Resistant

Figure A.20: Significant associations between CCLE and gCSI found in both dataset with

mean viability.

Drug | Cluster | Effect (1-Mean viability) 95% CI (1-Mean viability) | pvalue | *Dusted [Drug response relative
pvalue to other cell lines
SCLC -0,054 (-0.096 to -0.011) 0,025 0,15 Resistant
Mix 1 -0,042 (-0.069 to -0.016) 0,0038 0,031 Resistant
Erlotinib HAL -0,014 (-0.051 to 0.022) 0,41 0,83 Resistant
GLSR -0,049 (-0.067 to -0.032) 0,0000005(0,0000055 Resistant
ADG 0,081 (0.037t0 0.12) 0,0011 0,011 Sensitive
SKCM -0,039 (-0.063 to -0.014) 0,0031 0,028 Resistant
PD0325901 SKCM 0,25 (0.15 to 0.35) 0,000051 | 0,00051 Sen§|tlve
BRCA -0,18 (-0.23 t0 -0.13) 8,5E-07 |(0,0000094 Resistant
Drug | Cluster | Effect (1-Mean viability) 95% CI 1-Mean viability) | pvalue | “9uSted [Prug response relative
pvalue to other cell lines
SCLC -0,042 (-0.18 to 0.094) 0,41 0,89 Resistant
Mix 1 -0,076 (-0.1 to -0.049) 0,0000028| 0,000028 Resistant
Erlotinib HAL -0,12 (-0.15 to -0.088) 3,2E-08 3,6E-07 Resistant
GLSR -0,041 (-0.068 to -0.015) 0,0028 0,022 Resistant
ADG 0,12 (0.064 t0 0.18) 0,00035 0,0032 Sensitive
SKCM -0,044 (-0.073 to -0.014) 0,0046 0,029 Resistant
PD0325901 SKCM 0,36 (0.26 to 0.46) 3,7E-07 | 0,000004 Sen'sitive
BRCA -0,2 (-0.29t0-0.12) 0,000064 | 0,00064 Resistant
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A.1 Summary of cell line clusters

A.1 Summary of cell line clusters

Summary of each cell line cluster with information regarding tissue composition, molec-
ular profile and drug profile in respectively CCLE and GDSC. The first block shows the
cell lines belonging to the given cluster. The second block shows tissue composition.
First window: proportion of lines for the cluster originating from a given tissue. Second
window: proportion of the lines from a given tissue belonging to the cluster. Third
window: Molecular profile of the cluster. Mutation type of each cell line. Genes and cell
lines are sorted according to the number of events. The expression profile of the cluster
relative to all the other cell lines for the defined gene clusters is shown. The proportion
of epithelial or mesenchymal cells, according to the signature defined by Taub et al.
The last window illustrates the drug profile associated with the cluster. A volcano plot
representation of t-test results showing the magnitude (effect; x-axis) and significance
(—logl0(p — value); y-axis) of all drug-cluster associations in the dataset. Each circle
represents a single drug-cluster interaction and its size is proportional to the number
of cell lines screened. The horizontal dashed line indicates the threshold of statistical
significance (—log10(0.05)). Barplot representation of the t-test results showing the pro-
portion of drug types significantly associated with the cluster. List of drugs associated
with the cluster (FDR < 0.05) and their phenotype.
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Figure A.21

SCLC Cluster - CCLE
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A.1 Summary of cell line clusters

Gastrointestinal tract Cluster - CCLE

Cell lines in the cluster
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Endodermal origin Cluster - CCLE

Cell lines in the cluster
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A.1 Summary of cell line clusters

Mixed 1 Cluster - CCLE

Cell lines in the cluster

639-V LU-99A TYK-nu

8505C MSTO-211H UM-UC-3
AM-38 NCI-H1299
CAL-120 NCI-H2052
CAL-62 NCI-H23
HD-MY-Z NCI-H650
HLE OVCAR-8
IA-LM  SK-HEP-1
KP-4 SW1573

LOXIMVI T-24
4
Tissue composition
100% 100% autonomic_ganglia . ovary
biliary_tract . pancreas
. bone . pleura
B /5% 75%
% - . breast prostate
E ‘$_ central_nervous_system salivary_gland
o
= 3 endometrium skin
£ 50% 5 50
8 K] haemato,and,lymph,tissue. small_intestine
g g kidney . soft_tissue
o
T 259% 25 . large_intestine . stomach
I e thyroid
lun, upper_aerodigestive_tract
e N - b : e s
. oesophagus urinary_tract
4

Molecular profile

eom Wraton Epiholal Pharotpo Ity Development
100%-
o | T T T T [ [ [ [ [ [ e s
= | 4 T
.. . T 75%-
~ 5 $ +
o R R | 1.
- HHN [} g
=y | 5
e | _l 25%-
|
8 ‘
- - - H é 2 é 2 é 2 é 2 é [ Epithelial [lll Mesenchymal [l Other
o o o o o
J
Drug profile
' Resistant
6~ 3 100%
75%
o : e Drugs associated with the
3 [ cluster (FDR< 0.05)
H : e 15 .
i : o 0% ERLOTINIB Resistant
3 P L685458 Resistant
g : LAPATINIB Resistant
: Resistant LBW242 Resistant
: Sensitive 259 NILOTINIB Resistant
1 : VANDETANIB Resistant
3 0% = -
0 , o E
o2 oo 02 o4 &
Effect

Chapter A 223



A. NEW INSIGHT FOR PHARMACOGENETICS STUDIES FROM
THE TRANSCRIPTIONAL ANALYSIS OF TWO LARGE-SCALE
CANCER CELL LINE PANELS

Haematopoietic and Lymphoid tissue Cluster - CCLE

Cell lines in the cluster
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Mixed 2 Cluster - CCLE
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Glioma and Sarcoma Cluster - CCLE

Cell lines in the cluster
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A.1 Summary of cell line clusters

Mixed 3 Cluster - CCLE

Cell lines in the cluster
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A. NEW INSIGHT FOR PHARMACOGENETICS STUDIES FROM
THE TRANSCRIPTIONAL ANALYSIS OF TWO LARGE-SCALE
CANCER CELL LINE PANELS

Aerodigestive tract Cluster - CCLE
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A.1 Summary of cell line clusters

Skin Cluster - CCLE
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A. NEW INSIGHT FOR PHARMACOGENETICS STUDIES FROM
THE TRANSCRIPTIONAL ANALYSIS OF TWO LARGE-SCALE

CANCER CELL LINE PANELS

Breast Cluster - CCLE
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A.1 Summary of cell line clusters

Figure A.22: Summary of each cell line cluster with GDSC data.
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A. NEW INSIGHT FOR PHARMACOGENETICS STUDIES FROM
THE TRANSCRIPTIONAL ANALYSIS OF TWO LARGE-SCALE
CANCER CELL LINE PANELS

Gastrointestinal tract Cluster - GDSC

Cell lines in the cluster
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A.1 Summary of cell line clusters

Endodermal origin Cluster - GDSC
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A. NEW INSIGHT FOR PHARMACOGENETICS STUDIES FROM
THE TRANSCRIPTIONAL ANALYSIS OF TWO LARGE-SCALE
CANCER CELL LINE PANELS

Mixed 1 Cluster - GDSC
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A.1 Summary of cell line clusters

Haematopoietic and Lymphoid tissue Cluster -
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A. NEW INSIGHT FOR PHARMACOGENETICS STUDIES FROM
THE TRANSCRIPTIONAL ANALYSIS OF TWO LARGE-SCALE
CANCER CELL LINE PANELS

Mixed 2 Cluster - GDSC
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A.1 Summary of cell line clusters

Glioma and Sarcoma Cluster - GDSC

Cell lines in the cluster
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A. NEW INSIGHT FOR PHARMACOGENETICS STUDIES FROM
THE TRANSCRIPTIONAL ANALYSIS OF TWO LARGE-SCALE
CANCER CELL LINE PANELS

Mixed 3 Cluster - GDSC
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A.1 Summary of cell line clusters

Aerodigestive tract Cluster - GDSC
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A. NEW INSIGHT FOR PHARMACOGENETICS STUDIES FROM
THE TRANSCRIPTIONAL ANALYSIS OF TWO LARGE-SCALE
CANCER CELL LINE PANELS

Skin Cluster - GDSC

Cell lines in the cluster
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A.1 Summary of cell line clusters

Breast Cluster - GDSC

Cell lines in the cluster
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A. NEW INSIGHT FOR PHARMACOGENETICS STUDIES FROM
THE TRANSCRIPTIONAL ANALYSIS OF TWO LARGE-SCALE
CANCER CELL LINE PANELS
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Appendix B

The genomic and transcriptomic
landscape of
neoadjuvant-resistant

triple-negative breast cancer
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B. THE GENOMIC AND TRANSCRIPTOMIC LANDSCAPE OF
NEOADJUVANT-RESISTANT TRIPLE-NEGATIVE BREAST
CANCER

Figure B.1: List of genes differentially expressed. A) Between PT and RD, B)
between PT and LN, C) between RD and LN.

A Genes logFC p-value adjusted p-value B Genes | logFC | p-value |adjusted p-value C Genes | logFC | p-value |adjusted p-value
AIM2 -1.67 0.00093 0.0476 AMPH -2.38 0.000124 0.0394 HMCN2 -2.79 3.88e-06 0.0211
ARC 1.78 0.000752 0.0443 ATP1A3 1.51 0.000166 0.0499 NKX2-1 7.41 4.45e-07 0.00725
BANK1 -2.12 0.000185 0.0336 B4AGALNT2 -2.61 3.35e-07 0.000317 PAXS5 -4.44 2.26e-06 0.0184
CDb19 -2.49 0.00062 0.0431 Cllorf96 1.54 6.02e-06 0.00366
CLEC17A -2.44 0.00033 0.0393 Cc7 3.16 1.06e-05 0.00605
CLEC3A 3.08 0.000513 0.0423 CPS1 -2.36 5.15e-07 0.000448
COL6AS -1.94 0.000148 0.031 CYR61 1.92 1.95e-08 3.12e-05
CPB1 3.97 0.000878 0.047 DUSP1 2.88 2.22e-16 1.79%e-12
CPS1 -1.54 1.93e-05 0.0141 EGR1 2.79 5.16e-08 6.81e-05
CYR61 1.59 1.46e-06 0.0034 EGR2 1.57 7.5e-05 0.0286
DNM30S -1.91 2.75e-05 0.0141 F2RL2 -5.24 1.15e-06 0.000908
DTHD1 -2.06 0.000905 0.0476 FAM3D 2.28 1.45e-06 0.00111
DUSP1 261 1.04e-09 1.7e-05 FOS 411 9.61e-14 5.15e-10
EDN2 1.52 0.000298 0.0387 FOSB 4.81 2.22e-16 1.79e-12
EGR1 2.29 4.29e-06 0.00749 FREM1 -2.69 2.79e-05 0.0139
FCRL1 -3.72 5.67e-05 0.0207 GDF15 1.64 0.000113 0.0371
FCRL2 -2.96 2.66e-05 0.0141 HMCN2 2.75 9.33e-11 3,00€E-07
FCRL3 -2.58 0.000559 0.0431 KCNT1 2.07 6.66e-05 0.0265
FOS 3.06 1.86e-07 0.00101 KRT20 1.99 7.03e-05 0.0274
FOSB 3.83 6.32e-08 0.000514 KRT4 3.27 3,00€E-07 0.00029
GAD1 1.6 6.74e-05 0.0219 LINC00473 -3.2 3.38e-06 0.00231
GDF15 1.51 0.000218 0.0356 MAGEA4 6.23 1.86e-08 3.05e-05
GPR174 -2.24 0.000489 0.0412 MMP13 -4.11 4.21e-05 0.0192
IGLLS -2.51 0.000111 0.0277 NCAM2 -1.68 1.65e-05 0.00887
INSM1 2.39 0.000887 0.0472 NKX2-1 -6.96 1.78e-11 7.17e-08
KIAA0125 -2.85 1.06e-05 0.0139 NR4A1 1.75 4.84e-05 0.0212
LRRTM2 -1.59 0.000475 0.0412 OosM 2.28 9.98e-09 2.12e-05
MMRN1 -2.26 0.000854 0.0465 PLD5 3.13 8.54e-05 0.031
MS4A1 -4.14 4.67e-05 0.0185 PTGS2 2.29 2.32e-08 3.39e-05
NKX2-5 2.02 0.000606 0.0431 RGS1 241 8.61e-09 1.92e-05
NR4A1 22 8.57e-07 0.00233 RNF157-AS1 1.54 0.000105 0.0355
OsSM 1.81 5.06e-06 0.00749 SALL1 -4.31 1.44e-08 2.65e-05
PARP15 -1.78 0.000395 0.0409 SCIN -1.56 6.42e-06 0.00383
PAX5 -3.47 1.19e-05 0.0139 SERHL -1.84 5.77e-07 0.000489
PTGS2 1.57 0.000145 0.031 SERHL2 -1.61 4.27e-05 0.0194
RGS1 1.96 2.99e-06 0.00608 SLC24A2 -3.45 3.76e-05 0.0176
SLC30A8 2.82 0.000281 0.0385 TMEM132E 217 1.58e-05 0.00852
SULT1E1 1.96 0.000583 0.0431 TNN -3.29 9.86e-05 0.034
TERT 1.68 0.000727 0.0443 ZFP36 1.79 1.28e-07 0.000138
TIN -1.7 0.000337 0.0393
ZNF208 -1.91 1.41e-05 0.0141
ZNF676 -1.88 7.6e-05 0.0233
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Figure B.2: RBP detected as regulator of splicing events between PTs and
RDs. Motif enrichment detected in upstream or downstream intronic sequences. The color
indicates the role of the RBP on the regulated exons when binding to the given location.

Blue for exclusion, red for inclusion and purple for both.
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B. THE GENOMIC AND TRANSCRIPTOMIC LANDSCAPE OF
NEOADJUVANT-RESISTANT TRIPLE-NEGATIVE BREAST
CANCER

Figure B.3: RBP detected as regulator of splicing events between PTs and

LNs. Motif enrichment detected in upstream or downstream intronic sequences. The color

indicates the role of the RBP on the regulated exons when binding to the given location.

Blue for exclusion, red for inclusion and purple for both.
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Figure B.4: RBP detected as regulator of splicing events between RDs and
LNs. Motif enrichment detected in upstream or downstream intronic sequences. The color
indicates the role of the RBP on the regulated exons when binding to the given location.

Blue for exclusion, red for inclusion and purple for both.
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B. THE GENOMIC AND TRANSCRIPTOMIC LANDSCAPE OF

NEOADJUVANT-RESISTANT TRIPLE-NEGATIVE BREAST

CANCER

Figure B.5: Estimated ploidy by FACETS.
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Figure B.6: Mutation signatures of SNVs in primary tumor and residual disease.
Left: Pie charts display the pre and post-neoadjuvant mutational signatures in all patients.
Right: the 96 trinucleotide mutational spectra of pre and post-neoadjuvant mutations in all
patients was inferred by deconstructSigs.
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B. THE GENOMIC AND TRANSCRIPTOMIC LANDSCAPE OF
NEOADJUVANT-RESISTANT TRIPLE-NEGATIVE BREAST
CANCER

Clonal evolution between primary tumors and residual diseases. The left
panel displays the estimated clonal evolution between the PT and RD of the patient.
The width of the segment corresponds to the fraction of mutation carried by the sub-
clone. The right panel displays for each estimated sub-clone the number of genes with
non-silent mutation (light purple), the number of genes with non-silent mutation that

interact with the drugs (dark violet), and the number of associated drugs (orange).
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Figure B.
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B. THE GENOMIC AND TRANSCRIPTOMIC LANDSCAPE OF
NEOADJUVANT-RESISTANT TRIPLE-NEGATIVE BREAST
CANCER
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B. THE GENOMIC AND TRANSCRIPTOMIC LANDSCAPE OF
NEOADJUVANT-RESISTANT TRIPLE-NEGATIVE BREAST
CANCER
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Patient 50
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Glossary

IC59 The concentration at which the

drug inhibited 50% of maximal cell
growth

A3SS Alternative 3’ splice site
A5SS Alternative 5’ splice site

AR  Androgen Receptor

AS  Alternative splicing

AUC area under the dose response curve
BLBC Basal-Like Breast Cancer
CNA Copy Number Alterations
CNYV copy number variation

CNYV copy number variations

DCIS Ductal Carcinoma In Situ
DEG Differentially Expressed Genes
DEG Differentially Expressed Genes
ER  Estrogen receptor

FDP False Discovery Proportion
FDR False Discovery Rate

FWER Family-Wise Error Rate

257

GEM Genetically Modified Mice

HER2 Human Epidermal Growth Factor
Receptor 2

HTS High-Throughput Screening
IDC Invasive Ductal Carcinoma
ILC Invasive Lobular Carcinoma

indels Insertion and Deletion of one or

more nucleotides
JR  Joint Risk
LN Lymph Node
LOH Loss Of Heterozygosity
MXE Mutually exclusive exon
NAC Neoadjuvant Chemotherapy
NGS Next Generation Sequencing
PCR Pathological Complete Response

ph-FDP Post-Hoc False Discovery Pro-

portion
PR  Progesterone Receptor
PT  Primary Tumor
RBP RNA-binding proteins
RD Residual Disease
RI Retention of intron

SDSE Significant Differential

Events

Splicing

SE  Skipping exon

SNP Single Nucleotide Polymorphism



SNV Somatic Nucleic Variant VAF Variant Allele Frequency
TILs Tumor-infiltrating lymphocytes WES Whole Exome Sequencing

TNBC Triple Negative Breast Cancer WGS Whole Genome Sequencing
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