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Multimodal Data Integration Applied to Cancer Evolution and Signaling
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Doctor of Philosophy in Bioinformatics
and Systems Biology with a Specialization in Biomedical Informatics
University of California San Diego, 2024
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Professor J. Silvio Gutkind, Co-Chair

Tumors evolve from normal cells due to aberrant activation or repression of cell
signaling. Our understanding of how these signaling pathways affect the phenotype of the
malignant cells themselves, as well as the surrounding microenvironment, is lacking. As the era
of precision medicine approaches, a more holistic understanding of cancer intrinsic signaling
and its effect on the epigenome of tumor cells, as well as how these tumor cells interact with

surrounding normal cells, is key to unlocking novel therapeutic targets and biomarkers. Through

Xiv
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three examples of cancer evolution and signaling | will show the value of integrative data

modeling to better understand the biology of this disease.

First, in the context of breast cancer progression, | developed a microenvironment
modeling approach to identify several novel intercellular signaling pathways that are altered in
the transition from in situ to invasive disease. Second, in uveal melanoma, a cancer caused by
aberrant GNAQ signaling, | generated and integrated transcriptional and protein level datasets
together to nominate p53, and other pathways, as novel downstream targets of GNAQ. And
third, in the context of head and neck cancer progression, | characterized the role of YAP

activation in malignant transformation and cell signaling through EGFR and mTOR.

XV


Officer

Officer
xv


Chapter 1: Introduction

1.1: Cancers evolve from normal cells and precancerous lesions

The transition from normal cells, through premalignancies, to invasive carcinomas is an
intricate process. This evolution may take years or even decades before lesions can be
observed and treated'. Precancer is considered a stage between normal and cancer where
there is a growth of abnormal cells that are confined “in situ” to one tissue structure. The
transition from precancer to cancer occurs when these abnormal cells invade into the
surrounding tissue. Individuals with precancer have a higher risk of developing invasive
carcinomas later on, but there is emerging evidence that this is not always the case?. Studying
precancer as an intermediate stage in the trajectory of cancer evolution offers insights into the
evolutionary pressures and mechanisms of normal cell reprogramming that occur during
tumorigenesis®. These pressures may remain constant over the evolution of these abnormal
cells, or may ebb and flow as the surrounding tissue responds to their presence®. All cancer
evolution shares some similar factors, all cancers are reprogrammed to divide more frequently,
evade surveillance by the immune system, co-opt resources from the body for their growing
nutrient needs and more. These hallmarks of cancer include a “hijacking” of normal growth and

signaling pathways that lead to malignant transformation®.
1.2. Cancer evolution associated with aberrant cell signaling

Hallmarks of cancer include factors intrinsic and extrinsic to the tumor cells themselves.
All tumor cells need to have a fithess advantage over normal cells, most often this occurs via
reprogramming of intrinsic signaling pathways. Across a wide range of cancers the most
commonly altered signaling pathway is the DNA repair pathway. Somatic mutations in TP53,
another gene involved in DNA damage response, are the most common, with 50% of all tumors
carrying mutated p53°. Approximately 73% of all head and neck cancers carry mutations in

TP537, but this is not the only p53 suppression mechanism in the oral cavity. The majority of
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tumors without TP53 mutations were HPV-positive and the E6 and E7 proteins from HPV16/18
are believed to be p53 inhibitors®. An additional 30% of head and neck cancers have mutations
in FAT1, a receptor involved in activating YAP downstream through the Hippo pathway®. A better
understanding of the interplay between p53 activity and Hippo/YAP activation as it relates to

tumorigenesis in head and neck cancer is needed'.

One of the clearest cases of altered intrinsic cell signaling is in uveal melanoma. Uveal
melanoma is the most common carcinoma of the eye with approximately 3000 cases per year in
the United States alone'. Nearly 95% of all uveal melanoma cases present with mutations in
the GNAQ or GNA11 gene'*'3. These genes encode G-coupled proteins which bind to G-couple
protein receptors (GPCR’s) to transmit extracellular signals to intracellular signaling™. Notably,
the GNAQ/11 mutations observed in uveal melanoma occur in the GTP binding pocket of these
proteins which inhibits their ability to hydrolyse GTP meaning these proteins are stuck in their
active conformation. This aberrant activation of the GNAQ pathway has been used to identify
novel therapeutic targets of downstream signaling members'®. Prior work has identified MEK
and FAK as downstream of GNAQ signaling, both of which are currently targets of ongoing
clinical trials in this disease'~?°. Further interrogation of the GNAQ signaling pathway will lead to
a better understanding of downstream signaling members and shed light on novel therapeutic

targets and mechanisms of tumorigenesis?'.
1.3. Holistic modeling of biological data

Although intrinsic signaling pathway alteration is frequently studied there are many other
hallmarks of cancer that extend beyond gene/protein expression in the malignant tissue.
Epigenetic dysregulation through chromatin remodeling or DNA methylation is a hallmark of
cancer®?. Characterizing and understanding the epigenetic mechanisms through which
malignant cells evolve and survive will improve our ability to detect and treat cancer®%.

Epigenetic reprogramming can either be the cause of aberrant cell signaling or be caused by
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aberrant cell signaling as many signaling pathways involve epigenetic and transcription factor
regulation?. Cells control gene activity through epigenetic, transcriptional and protein-level
events, all of which work systematically to generate a malignant, or non-malignant, phenotype.
Modern experimental techniques such as ATAC-seq®, DNase-seq?, ChIP-seq®, CUT&Tag®
and CUT&RUN®, have been developed to measure the epigenetic landscape. Integration of
existing transcriptional data with epigenetic data gives a more holistic view of the systematic

reprogramming of normal cells during tumor development®'.

This holistic modeling approach of cancer as a system extends beyond the cancer cell
itself. With the advent of microenvironment-derived cancer treatment, such as immunotherapy, a
better understanding of the tumor niche will inform better treatment options. Excreted factors
from malignant cells have been shown to reprogram surrounding normal fibroblasts into
“cancer-associated fibroblasts®2.” This phenotype is also observed with immune cells and
several other stromal cell types in the tumor microenvironment. Cancer-dependent
reprogramming of surrounding normal cell types has been implicated in cancer progression and
invasion and is dubbed “reactive stroma®.” Reactive stroma has been observed in prostate
cancer, where it is most well studied, and is associated with a higher risk of invasion from the

premalignant to invasive stage®**.

In the context of breast cancer there is a well-defined precancer, dubbed DCIS for ductal
carcinoma in situ, that shares many similar features with prostate precancer. Notably, breast
precancer and breast cancer have similar gene expression profiles with few gene expression
changes in the malignant cells associated with the pro-invasive phenotype. These small
changes in gene expression suggest that there may be malignant cell extrinsic factors at play,
notably a change in the surrounding stroma that allows for an invasive phenotype. Indeed this is

what is observed, in DCIS the basal myoepithelial layer of the mammary duct is still intact, while
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in IDC the integrity of this layer is compromised allowing malignant cells to invade into the

surrounding tissue.
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Figure 1.1: Graphical abstract of the dissertation



Chapter 2: Differential Analysis of Stromal-Epithelial
Interactions between In Situ and Invasive Breast Cancer

using Gene Expression Profiling

2.1. Introduction

Ductal carcinoma in situ (DCIS) is considered a non-obligate precursor to invasive ductal
carcinoma (IDC), but the mechanisms driving invasion are not fully understood. Observational
studies suggest that a large fraction of DCIS lesions may never progress to IDC**". Multiple
genomic and transcriptomic studies have investigated the molecular differences between DCIS
and IDC and highlighted key differences and similarities between these two diseases. Prior work
has shown that DCIS synchronous with IDC lesions harbor similar copy number alterations
(CNAs) and mutations.® Gene expression profiling of DCIS and IDC has identified similar
molecular subtypes in both stages suggesting similarities between the premalignant and
malignant stage®. Additionally, there are small gene expression changes between DCIS and

IDC with only a handful of significantly differential genes identified across several studies.***!

Among the gene expression differences identified, many involve signaling pathways
participating in intercellular communication.*?** Within the epithelial compartment, extracellular
matrix and cell adhesion processes are significantly changing between DCIS and IDC,
suggesting that the surrounding intercellular space is being restructured. Several studies of
microdissected histological regions suggest that more gene expression changes take place in
the surrounding stroma as compared to malignant epithelial cells*°. Follow-up studies have
repeatedly identified changes in signaling pathways involved in oncogenesis and invasion,
including extracellular matrix, cell adhesion and intercellular communication.*®#* These results
have somewhat been inconsistent, although not necessarily conflicting. Such gene expression

micro-environmental studies have remained small and hard to validate due to the small size,
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systemic archival of DCIS tissue, and the labor required for microdissection, hampering the

generalization and further exploration of the findings.

With recent advances in methodologies and analytical tools, it is now possible to
measure microenvironment signaling, specifically through cell-cell interactions (CCl), using gene
expression from single-cell RNA-seq as well as bulk gene expression.*** In general, CCI
methods quantify coordinated expression between known ligand and receptor pairs and
compare these values to a background model in order to identify significantly active CCI.
However, the vast majority of these methods are not able to compare CCI between two different
groups, in this case DCIS and IDC, to identify differential CCls that may be mediating

phenotypic changes accompanying breast cancer progression.

Here we present the results of a meta-analysis that compares stromal-epithelial CCI
between DCIS and IDC using publicly available gene expression studies of micro-dissected
stromal and epithelial regions from 163 patients. We characterize differences in gene
expression and cell-cell interactions occurring at the interface between stromal and epithelial
compartment, highlighting the contribution of microenvironment factors to breast cancer
invasion, validating previous findings, prioritizing ligand-receptor pairs in their micro-environment

context and assessing their contribution to overall survival.

2.2. Results

A large gene expression dataset was assembled from 6 independent gene expression
studies and merged after correcting for batch effects. A total of 293 distinct gene expression
profiles from epithelial and stroma regions were identified, including 46 from normal biopsies,
123 from DCIS, 108 from IDC and 16 from other breast malignancies representing a total of 163
distinct patients (Table 2.1). Using principal component analysis, samples corresponding to
stromal and epithelial regions are well separated while study of origin cannot be distinguished

(Figure 2.1A,B), therefore indicating the aggregation of the data was effective and did not
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introduce spurious variation. Furthermore, hierarchical clustering suggests that within both
stromal and epithelial compartments the normal regions are distinct from non-normal regions

with small differences between DCIS and IDC observed (Figure 2.1C,D).

Gene expression signatures were used to classify epithelial regions by intrinsic subtypes
(PAM50 - Table 2.2). Her2 and ER status was determined by expression of ERBB2 and ESR1,
respectively (see Methods). We observed the expected enrichment of ER samples in Luminal
subtypes, Her2 enrichment in Her2-like subtype and high prevalence of ER-/Her2- in Basal-like
subtypes, indicating the validity of the expression based subtyping. Luminal A was more
frequently observed in DCIS lesions (21/30, p=1.7*1073, Fisher exact test) and Luminal B was
more frequently observed in IDC lesions (38/59, p=5.6*10°, Fisher exact test). Furthermore,
there was a trend towards the enrichment of the Her2-like subtype in DCIS samples (17/92,
p=0.045, Fisher exact test). Hence, while the original studies were not designed to faithfully
represent a breast oncology clinic, the composition of the aggregated cohort was broadly
consistent with previous studies® and likely captured the histological and molecular diversity of

breast DCIS and IDC.

2.2.1. Changes in Stromal and Epithelial Cellular Composition

To explore the role of the tumor microenvironment in breast cancer invasion, we first
used the bulk expression profiles to estimate and compare the abundance of multiple cell
lineages in both the epithelial and stromal compartments with CIBERSORTx. Computational
deconvolution of cell types by CIBERSORTx works optimally when provided with high-quality
cell lineage reference gene expression profiles, ideally derived from large clusters of single-cell
datasets. With no large-scale DCIS single-cell gene expression data publicly available and the
risk of skewing the results for IDC biology, we chose instead to use the profiles of 86,136 cells
observed in normal breast tissue specimens obtained from 28 breast reduction mammoplasty

donors. This single-cell dataset consists of a breadth of both stromal and epithelial cell types, is
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of high data quality and has been fully characterized*’. The cell type clusters were aggregated
into 6 broad cell lineages - luminal, myoepithelial, macrophages, lymphocytes,endothelial and
fibroblasts - which were used to estimate cell abundance in normal, DCIS, and IDC stromal and

epithelial regions.

Hierarchical clustering of the epithelial samples based on cell lineage abundance
estimates identified four different clusters labeled according to their dominant lineage:
Myoepi-Enriched, Infiltrated, Vascularized and Luminal-Enriched (Figure 2.2A). The Infiltrated
and Vascularized clusters were enriched for IDC samples (16/78, p=0.01 and 17/78 p=0.018,
respectively, Fisher Exact Test, Figure 2.2B). In contrast, the Myoepi-Enriched cluster was
enriched in DCIS samples (28/92 p=0.009, Figure 2.2B). These observations suggest that
epithelial IDC samples have proportionally more lymphocytes, macrophages and endothelial
cells and fewer myoepithelial cells. A supervised univariate approach corroborated these results
(Figure 2.2C) and further showed that fibroblasts are 67% more abundant in IDC compared to

DCIS (FDR<0.1).

Similarly, hierarchical clustering of the stromal samples based on cell lineage abundance
estimates subset of the cell abundance matrix identified four different clusters: Immune Hot,
Fibroblast-Enriched, Vascularized and Epithelial-Enriched (Figure 2.2D). None of the clusters
showed a significant enrichment between DCIS and IDC stromal regions, to the exception of a
trend toward higher fraction of IDC in Fibroblast-Enriched stroma (9/30 p=0.059 Fisher Exact
test, Figure 2.2E). Univariate analysis identified a median of 34% more luminal cells and 27%
and 23% fewer lymphocytes and vascular and endothelial cells in the stroma adjacent to IDC
regions (Figure 2.2F). This may be due to contamination from imperfect microdissection, as
previously reported*’, or imperfect cell lineage annotation by the CIBERSORTx algorithm®*.

Importantly, the important differences in cellular composition of DCIS and IDC identified can be
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a major confounding factor when trying to use bulk expression profiling to investigate molecular

changes associated with invasion.

2.2.2 Stromal and epithelial functional differences between in situ and invasive lesions

In order to explore DCIS-IDC molecular differences beyond differences in cellular
composition, we corrected the bulk gene expression matrix by relying on the linear properties of
the CIBERSORTx method. Specifically, we derived a cell abundance corrected gene expression
matrix from a normalized cell abundance matrix and the cell specific expression tensor. The
resulting corrected gene expression matrix was then used to investigate functional differences

using gene set enrichment analysis (GSEA).

We first compared epithelial regions. The large size of the assembled cohort allowed us
to split the analysis according to ER and HER2 status. We compared the enrichment for 803
gene sets (Cancer Hallmark and Reactome from MSigDB*°) across four subtypes of epithelial
regions: ER+ (40 IDC samples, 41 DCIS samples), ER- (51 IDC, 38 DCIS), Her2+ (7 IDC, 17
DCIS), Her2- (71 IDC, 75 DCIS), recognizing the overlaps between ER and Her2 classifications.
There were 215 gene sets whose expression was significantly altered (FDR<0.01) in at least
one of the comparisons and these gene sets grouped according to 4 enrichment patterns
(Figure 2.3A) : 1) Enriched in IDC included gene sets related to extracellular matrix organization
and degradation which likely reflect how the epithelial cells actively participate in the
degradation of the matrix in invasive disease; 2) Depleted in IDC included gene sets such as
regulation of Tp53 activity, expression of ion and vitamin transporters or G protein signaling
likely reflecting the stronger reliance of invasive disease on the loss of G1 checkpoint and
changes in cellular metabolism and environment sensing; 3) Enriched in IDC in ER- and Her2-
context - the largest group - included gene sets related to proliferation and cell cycle control,
indicating strong proliferative differences from DCIS to IDC in triple negative cancer which

represent the majority of this category; and finally 4) Depleted in ER+ IDC, were genesets
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associated with Nucleotide Excision Repair, targets of Myc transcription factors and
mitochondrial protein import suggesting that in the context of ER signaling, these processes

were dispensable, or perhaps detrimental, to IDC growth.

In the stromal region a similar analysis was conducted albeit limited to 2 subtypes: ER+
(17 IDC, 14 DCIS) and ER- (13 IDC, 17 DCIS) with sufficient number of samples (Figure 2.3B).
There were 167 gene sets whose expression was significantly altered in one or both
comparisons (FDR<0.01). Notably, after correcting for cell type abundance differences, the
differences observed reflect phenotypic changes in the stroma, or cell abundance differences
not accounted for (e.g. B vs T lymphocytes). The significant gene sets included increased TCR,
BCR and Interleukin signaling in the ER- context, likely reflecting an immunoactive state, in
addition to the known higher infiltration. In the ER+ context, semaphorin and complement
signaling were enriched in IDC. Finally, a number of pathways were depleted in IDC irrespective
of the ER status. These processes are involved in the remodeling of cell-cell communication
and adhesion - notably with Cancer Associated Fibroblasts - and mediated by signaling through
Ephrin, Rho GTPase, C-type lectin or Notch1, all previously associated with breast cancer
invasion. These pathways may therefore be dysregulated in fibroblasts in reaction to the

invasion, and/or in the residual epithelial cells remaining at the invasive front.

The results generally validate previous gene expression studies. The size of the
assembled cohort, combined with separation of epithelial and stromal regions allows a more
refined perspective, especially distinguishing the relative importance of processes in different
histological subtypes. In turn, the correction for cell-type abundance enabled the specific
assessment of phenotypic signaling differences in cells in the micro-environment, pinpointing to

the importance of interactions with fibroblasts in invasion.
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2.2.3 Differences in Stromal-Epithelial Interactions between DCIS and IDC

Gene set enrichment analysis highlighted important differences in the functional states of
the DCIS and IDC epithelial and stromal regions, but did not capture possible synergies or
antagonism between them and how interaction between the malignant and non-malignant
compartments can drive or repress invasion. We hypothesize that several of the changes
observed are triggered by ligand-receptor interactions occurring between cellular compartments
or between a cell and its environment. To investigate this, we selected 139 pairs of ligands and
receptors from CellPhoneDB® and used their gene expression level to estimate the strength of
their stromal-epithelial interaction in both IDC and DCIS contexts. Each known ligand-receptor
pair was tested in both directions: epithelial ligand and stromal receptor (ES) and the reciprocal
epithelial receptor and stromal ligand (SE), for a total of 278 interactions measured. Each
interaction was estimated separately in DCIS and IDC context and significant differences were
assessed using an empirical permutation strategy of the DCIS and IDC labels to compute the

false discovery rate.

Using this framework a total of 10 interactions, involving 8 ligands and 8 receptors
significantly different (FDR<0.1) between DCIS and IDC (Figure 2.4A). Six interactions were
stronger in DCIS and all involved ephrins, themselves both ligands and receptors depending on
the context®'. Ephrins participate in cell localization, guidance and compartmentalization of
tissues and have previously been implicated in breast cancer progression and invasiveness®.
Of the 4 interactions estimated to be stronger in IDC, the WNT2-FZD2 interaction was the
strongest in both the ES and SE directions (normalized difference in interaction score of -0.88
and -0.63, respectively, Figure 2.4A). This SE finding is consistent with the role of Fzd2 and Wnt
signaling in mediating EMT, invasion and metastasis in cancer®5%4. Furthermore, 2 out of 4
interactions stronger in IDC involved immune-receptors: CD86-CD28 (ES), is a co-stimulatory

interaction required for TCR activation by T cells®, while CD226-PVR (ES), is an interaction
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known to sensitize NK and T-cell mediated lysis of tumor cells®®. Given that the expression
values were corrected to account for variation in cellular composition, these interaction changes
may reflect a change of state of the cell in a particular histological region, or can be the

consequences of sub-lineage differences not accounted for (T vs B lymphocytes).

In order to understand at which point in breast carcinogenesis these interactions shift we
used the adjacent normal stromal and epithelial regions as an outgroup. By comparing the
strength of the interactions between normal and DCIS or normal and IDC we can determine how
early in oncogenesis such interactions are being remodeled. Of the 278 interactions tested,
there were 98 and 102 interactions that are identified as significantly changing between
normal-DCIS and normal-IDC, respectively. This is an order of magnitude more interactions than
those changing in the DCIS-IDC comparison (Figure 2.4B). This suggests that the CCI
remodeling occurs early in oncogenesis, prior to invasion. This was the case for all of the
ephrin-mediated interactions that showed a monotonic decrease from normal to DCIS to IDC
suggesting that these interactions are progressively changing between both the normal to DCIS
transition as well as the DCIS to IDC transition (Figure 2.4C). In contrast, the CD226-PVR (ES)
interaction was identified as significantly stronger in IDC compared to either DCIS or normal,
timing this interaction to change with the DCIS to IDC transition. A similar observation was made
for CD86-CD28 (ES), indicating that the activation of immune-related CCl is a later event in the

disease progression.

2.2.4 Association with Breast Cancer Survival

The changes of CCI between DCIS and IDC, while identified from the microdissection of
local disease, may also mediate metastatic spread and have important consequences on
survival. We analyzed The Cancer Genome Atlas (TCGA) to determine, within an IDC cohort, if

these interactions had prognostic significance. In absence of microdissection, we approximated
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ES and SE CCI scores using the bulk expression profile. To account for known prognostic
factors such as ER positivity, tumor stage, advanced age, immune infiltration, we used Cox
proportional hazards (CoxPH) regression to determine the prognostic value of candidate CCI
score (Figure 2.5A). Of the 10 ligand-receptor interactions that were significantly different
between DCIS and IDC, we identified one interaction, EPHB4-EFNB1, that was significantly
associated with survival (HR=1.47, p=0.04, Figure 2.5B) and the 3 year survival of patients
patient with high EPHB4-EFNB1 expression product was worse (76% vs 88% - Figure 2.5C).
Notably the interaction between the two is required as neither the expression of EPHB4 nor

EFNB1 alone significantly affected survival (p=0.18 and 0.34, respectively, Figure 2.5D,E,F).

2.3. Discussion

As gene expression data is widely available for a range of diseases of the breast, we
can answer more nuanced questions using comparative microenvironment modeling
approaches. In particular, questions related to the molecular and functional landscape
surrounding early cancer lesions and their role in cancer progression are becoming more
pressing.®%” We performed a meta-analysis of published gene expression studies that
specifically separated the stromal and epithelial compartments in DCIS and IDC contexts. With
a sufficient number of samples, we investigated functional differences using state of the art
methods accounting for differences in intrinsic subtypes and cellular composition and gaining

insights on the role of stromal-epithelial interactions.

Prior work has suggested modest gene expression differences between DCIS and IDC*,
and while our observations help revisit that postulate, hierarchical clustering confirmed that in
comparison to normal breast, DCIS and IDC are highly similar. The first analytical improvement
we brought was to correct for cellular composition using computational deconvolution. Indeed,

while the histological regions studied were microdissected, it does not mean they represent a
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pure population of cells. The cell-type relative abundance across samples and regions followed
expected trends in cellular composition. For example in stromal regions, it is well established
that TNBC and Her2 positive subtypes have higher levels of immune cells.***® In epithelial
regions, infiltrating lymphocytes and macrophages, endothelial cells from increased
vascularization, or fibroblasts at the invasive front can all be present.®®* Similarly, DCIS lesions
tended to have higher prevalence of myoepithelial cells.*® The computational deconvolution has
limitations, especially in comparison to emerging single-cell or spatial profiling approaches. In
particular, at the resolution considered, we are not able to distinguish between B- and
T-lymphocytes, macrophage polarity, or fibroblast subtypes, all possibly contributing to invasion
and immune escape. On the other hand, such high resolution assays have not yet been
conducted on large cohorts and, for single-cell RNA-seq, are critically dependent on the

availability of fresh specimens, which are impossible to get for most pure DCIS cases.

Akin to gene expression comparison, gene set enrichment analysis have been also
conducted between DCIS and IDC gene expression datasets, including by the very studies that
were sourced to assemble our meta-analysis. Correcting for cellular abundance, even at limited
resolution, helped identify intrinsic differences in pathway activities, in contrast to differences
due to variable cellular composition which may have driven the expression differences observed
in previous studies. Notably Lee et al*" and Knudsen et al®' previously identified
progression-associated expression patterns of genes expressed in the vasculature. Our results
do not identify these same trends, likely due to our cell abundance normalization procedure.
Knudsen et al additionally identified genes from a myoepithelial signature as significantly higher
in invasive disease. Instead, we observed lower levels of myoepithelial gene expression in IDC
as a result of cell abundance correction. In agreement with prior studies, processes linked to

proliferation and ECM were dysregulated in IDC. Indeed, these processes are likely dominant in
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the epithelial compartment, which is the least affected by the cell abundance correction we

implemented.

Thanks to the aggregation of multiple datasets and the resulting large number of
samples, we were able to distinguish dysregulated processes by subtypes, revealing compelling
contrasts in both epithelial and stromal functional states. The most prominent finding in the
epithelium was that the majority of subtype-dependent dysregulation of cell cycle and DNA
repair occurred in the ER- and Her2- context, and by extension is likely driven by the triple
negative subtype. Estrogen receptor status has been associated with DNA repair capacity,®? but
it is interesting to observe that this dependency may be limited to IDC and that proliferation and
DNA repair may become increasingly dysregulated as the disease progresses. As a corollary, it
may suggest that ER- and/or Her2- DCIS may not be as proliferative and genetically unstable as
their invasive counterparts. Interestingly, telomere maintenance was also specifically induced in
IDC in the ER- context, consistent with the evidence that altered telomere maintenance
associated with invasion and stemness.®*®* Our results suggest that the dysregulation of this

process is more prominent in IDC than DCIS.

In the stroma, we identify increased Notch or Rho GTP-ase signaling in DCIS,
irrespective of subtypes. Notch signaling has been implicated in both breast cancer progression
and inhibition®® as well as in tumor-stroma crosstalk.®® Notch signaling in stromal cells
(fibroblasts or immune cells) contributes to carcinogenesis and drug resistance.®” Such
pleiotropy of Notch signaling as well as the lack of information on which Notch ligands and
receptors are at play renders the interpretation of our results difficult, but it may suggest that
down regulation of certain stromal Notch signals are associated with invasive disease, perhaps
supporting immune escape. Subtype-specific dysregulated processes in the stroma were

dominated by immune signaling, stronger in IDC in ER- context, but as mentioned before may
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be due to residual, or uncorrected differences in cell abundance, which would predominantly

affect ER- disease, where immune-infiltration is higher.

The evaluation of ligand-receptor interactions between stroma and epithelium is the most
novel aspect of our report as it required the availability of expression datasets from
microdissected regions in a large enough number of samples to support a robust statistical
analysis. Such discovery efforts were further aided by the restriction to well-curated pairs of
ligands and receptors. While much more comprehensive databases of ligand and receptor
exist,* they are not well validated (e.g. computationally derived) or overwhelmed with LR pairs
irrelevant to breast cancer biology (e.g. neuronal communications). In contrast, we chose to
restrict the analysis to experimentally proven LR pairs, for which one member was expressed in
the studied dataset. While this approach is likely less sensitive, evaluating fewer pairs and
relying on known biology, it facilitated the implementation of an empirical framework to test for
the significance of the interactions via permutation and increased our confidence in the
differential interaction observed. Notably, previous approaches to measure cell-cell interactions
did not necessarily propose solutions for differential interaction testing, hence making it hard to
compare interaction scores between samples and conditions. Importantly, conducting cell
abundance deconvolution prior to cell-cell interaction scoring can help normalize heterogeneous
samples and hence measure genuine changes in cell-cell interaction instead of those driven by
a shift in cell composition. Similar approaches have been used in bulk expression studies,®® but,
here again, the availability of single-cell RNA-seq could alleviate the need for such
computational tricks and directly measure LR interaction from pure populations of cells as
conducted by multiple methods recently published.®®"" As mentioned above, however,
single-cell gene expression data is not available for pure DCIS specimens, and approaches like
ours are needed to overcome the resulting lack of data. Emerging spatial profiling methods may

soon replace or complement this approach by eliminating the imprecise and poorly scalable
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micro-dissection step and also by measuring the physical proximity and transcriptional state of
cells in the stroma and epithelium. Spatial profiling could provide an ideal method to validate

and extend our initial observation of the remodeling of cell-cell interaction.

The WNT2-FZD2 interaction was the most notably changing stromal-epithelial
interaction, stronger in IDC in both SE and ES directions, suggesting reciprocal signaling of
these molecules. Increased expression of Wnt family members has been shown to induce
breast cancer in mouse models™ but this gene family is also involved in normal breast
development and lactation. Prior gene expression studies have identified dysregulation of the
Wnt pathway in breast cancer compared to healthy tissue™ and an upregulation of Wnt
signaling in early carcinogenesis. Furthermore, the level of WNT2-FZD2 interaction is not
different between DCIS and adjacent normal epithelium, suggesting the change occurs later in
breast cancer progression or specifically affects patients diagnosed with IDC. Of the nine
Whnt-Fzd family interactions investigated, this is the only pair that is significantly higher in IDC

indicating that this specific exocrine Wnt signal may be relevant to the IDC phenotype.

Two immune-mediated interactions that were significantly stronger in IDC compared to
DCIS-- CD28-CD86 (ES) and CD226-PVR (ES) - highlight immunological differences between
DCIS and IDC. Both of these interactions are stimulatory interactions involving T-cells and/or NK
cells and increase the susceptibility of cancer cells to death, hence consistent with their possible
role in more advanced invasive disease. The CD28-CD86 (ES) directions and cell-type
specificity suggest that T-cells in the epithelium are being stimulated by antigen presenting cells
in the stroma, hence reflective of an ongoing active immune response’. Similarly, CD226-PVR
(ES) stronger interaction in IDC is also mediated by immune cells from the epithelial
compartment. Acknowledging that immune-cell abundance differences cannot be completely
corrected computationally, these findings likely reflect the overall higher immunoreactive

microenvironment environment observed in IDC. In general the IDC environment is more
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immunosuppressive and with T cells that are less primed for activation®®. Consistently, the
stronger CD86-CD28 interaction observed in IDC could mediate FOXP3+ regulatory T-cell
homeostasis’® contributing to this immunosuppressive environment. Of note, the somewhat
redundant CD80-CD28 interaction, which affects the same T cell homeostatic pathway, is not

identified as significantly differential across normal, DCIS or IDC.

The most consistent result to come out of the microenvironment modeling approach is
the 6 DCIS-enriched ephrin interactions. These are of particular interest to breast cancer as
different ephrin signaling members have been implicated both as promoters or suppressors of
tumor invasion.%?"® Ephrins themselves can be ligands or receptors based on their function and
have several pleiotropic binding partners. These ephrin interactions represent 4 of the 49 unique
ephrin interactions in CellPhoneDB. By using the normal samples as an outgroup we identified
that 3 out of 4 the significantly changing ephrin interactions have significant monotonically
decreasing trends from normal to DCIS to IDC suggesting a progressive erosion of ephrin
interactions as the disease progresses. Remarkably, EPHB4-EFNB1 interaction was associated
with poor survival in TCGA, indicating that this interaction may have prognostic value at multiple
stages of the disease. The true prognostic value after a DCIS diagnosis would however need to
be properly validated, ideally through independent stromal and epithelial gene or protein
expression measurements. Given the slow and rare progression, such cohorts would have to be
established prospectively across multiple institutions. Finally, given some of the nuanced
phenotypes mediated by ephrins, it may be difficult to get precise mechanistic insights or
determine of this erosion is truly causal to the disease progression in patients - or rather the
results from high growth and proliferation fueled by other drivers and further experiments and

validation will be required.®">77

Despite its innovative aspects, it is important to highlight some of the most important

limitations of an analysis like the one presented here. First and foremost is the reliance on gene
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expression data. Most CCI interaction analysis rely on the expression of ligand and receptor
genes, but the CCI are mediated at the protein level and the two do not always correlate. While
changes in gene expression may be sufficient to capture long-term changes that affect cell
identity and cell states, more transient changes may be mediated only at the protein level, or by
changes in subcellular distribution or post-translational modifications, including glycosylation,
which are ignored by our approach. Cell biology experiments will be required to faithfully capture
the CCI changes. Furthermore, the study included cross-sectional samples from DCIS or IDC
patients, and therefore may not truly capture changes that may occur longitudinally in
individuals. This limitation is systematic in the vast majority of studies of DCIS, as longitudinal
sampling cannot be performed. But since not all DCIS patients progress to IDC, there is
increasing evidence that host specific factors contribute to DCIS progression or containment 787°

and cross sectional studies cannot capture their contributions.

Despite the above limitations, the stromal-epithelial modeling approach considerably
enriched the context of previous findings, characterizing better the source of expression
differences between DCIS and IDC from a functional and micro-environmental viewpoint.
Additional studies using spatial profiling and protein based cell-cell interaction observation will
be needed to confirm the findings and determine their prognostic value or therapeutic utility to

prevent breast cancer progression.

Chapter 2, in full, is a reprint of the material as it appears in biorXiv. A. Officer, A. M.
Dempsey, L. M. Murrow, Z. Gartner, P. Tamayo, C. Yau, and O. Harismendy, Differential analysis
of stromal-epithelial interactions between in situ and invasive breast cancer using gene
expression profiling, bioRxiv, 2022. Additional figures and text were taken from A. Officer, E.
Armingol, O. Harismendy, and N. E. Lewis, Deciphering cell-cell interactions and communication
from gene expression,” Nat. Rev. Genet., 2021. The dissertation author was the primary

researcher and author of these papers.
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2.4. Methods
2.4.1. Preparation of the gene expression datasets

Gene expression datasets were obtained from each of the 6 studies available on NCBI
Gene Expression Omnibus (GEO) database.*0414461808! The studies were selected with the
following criteria: (1) gene expression profiling by Affymetrix microarray (2) laser-capture
microdissection or manual macro-dissection of breast tissue specimens into stromal and
epithelial compartments and (3) included samples of invasive ductal carcinoma (IDC) or ductal
carcinoma in situ (DCIS). Where available, CEL files were downloaded directly from GEO,
background corrected and normalized using the Robust Multi-Array Average (RMA)®? and
multiple probes for the same gene were collapsed to the mean value. Where CEL files were
unavailable the processed RMA values on GEO were used. The RMA expression levels from
each of the separate datasets were combined and batch effects were corrected using ComBat
from the sva package®® accounting for differences in tissue compartment and disease state in
the design matrix (“mod” argument). The resulting batch-corrected RMA matrix was used as-is
for all subsequent analyses except for the principal component analysis (PCA) and hierarchical
clustering where z-scoring was performed prior to analysis. Cosine distance with complete

linkage was used as the distance metric for hierarchical clustering.

2.4.2. Molecular subtype classification

The “molecular.subtyping” function in the genefu package (version 2.22.1) was used to
determine the PAM50 intrinsic subtypes for the epithelial regions of DCIS and IDC biopsies from
normalized expression values. Her2 status and ER status were assigned based on the

expression of the ERBB2 (z>1 is positive) and ESR1 genes (z>0 is positive), respectively.

2.4.3. Accounting for cellular composition
Cell abundance measurement: CIBERSORTx* was used to estimate cell abundance

from the normalized expression values. The reference dataset was derived from single-cell
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RNA-seq data from 28 normal breast reduction mammoplasty donors for a total of 86,136 cells
assigned to 10 cell type clusters. Histologically related clusters were aggregated into 6 major
cell lineages: fibroblasts, myoepithelial cells, luminal cells, lymphocytes, macrophages and
vascular and endothelial cells. The CIBERSORTx HiRes Docker (release date Sep 2019)* was
used in S-mode to quantify cell abundance from the batch-corrected expression matrix, G,
with genes | and samples J, using the cell lineages C, identified in the single-cell RNA-seq data.
This method estimates a matrix of cell lineage specific expression, Al,c, and a vector of cell
lineage abundance, B, according to the following equation for every sample j in J: Gy = Al
B'.. CIBERSORTXx uses the marker genes for each cell lineage in the single-cell RNA-seq data
to constrain this equation and identify bulk gene expression variation that can be attributed to

each of the cell lineages provided..

Normalization of the gene expression matrix: The gene expression matrix was
normalized to account for differences in cell abundance between samples. First, a median cell
abundance vector for each tissue compartment is computed by taking the median of all cell
abundance vectors within stromal and epithelial samples separately giving B*"c and B*.. We
expect the stromal and epithelial compartments to have different cell composition so we
normalize them separately. Then the G, matrix is normalized for cell abundance differences
within each tissue compartment giving G, according to the following procedure: if a sample, j,
is from the stromal compartment then GV, = Al,c B¢, otherwise: GN,; = A, B®c where Al ¢ is
the corresponding cell lineage specific expression matrix for sample j. Finally, GN,, is

log-transformed to return to RMA space.

2.4.4. Gene Set Enrichment Analysis
MSigDB Hallmarks (H) and REACTOME (C2 REACTOME) collections were used in all
gene set centric analyses. Gene set enrichment analysis (GSEA) was performed using

cell-abundance normalized expression values from GV,;. The GSEA implementation in gseapy®®
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was used to identify gene sets significantly changing between DCIS and IDC for each subtype
and histological region considered. Gene sets with a minimum of 15 genes that were detected in
the dataset were retained for permutation analysis. The significance was determined using a
permutation test on the phenotype labels for a total of 10,000 permutations. Gene sets with an

FDR of less than 0.01 were considered significant.

2.4.5. Differential Cell-Cell Interaction Measurement

The CellPhoneDB ligand-receptor (LR) database (N=279 pairs) was filtered for detected
interactions between ligands and receptors in the cohort, resulting in 139 ligand-receptor pairs.
Two separate ligand-receptor interaction models were considered: one for stromal-epithelial
(SE) and another for epithelial-stromal (ES). For each LR pair in the ES model, the interaction
score was computed from the outer sum of the ligand RMA expression in the epithelium and the
receptor RMA expression in the stroma (and vice-versa for the SE model). The median score
among DCIS-DCIS sample pairs and IDC-IDC sample pairs were compared. The significance of
the observed DCIS-IDC difference was determined in comparison to a null distribution of
interaction scores differences obtained from 10,000 permutations randomly shuffling within
epithelial and stroma regions. Two-sided p-values were computed from this null distribution and
corrected for multiple hypothesis testing using the Benjamini-Hochberg procedure. Interactions
with an empirical FDR of less than 0.1 were considered significant. The same analytical

workflow was used to compare IDC to normal and DCIS to normal.

2.4.6. Survival Analysis in TCGA Breast Cancer Cohort

The PanCan TCGA gene expression data RNA-seq V2.0 was downloaded from the
PanCan GDC portal. Clinical annotations from the same website were used. Univariate Cox
proportional hazards (CoxPH) models were used to select important clinical features for the final
multivariate model. Analyses were performed in Python 3.9.12 using the lifelines package

version 0.27.0. Hormone receptor results were only used if the sample was labeled “Positive” or
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“‘Negative”. T, N and M pathological staging values were simplified to remove sub-stages (e.g.
T1a becomes T1), and age was thresholded at 60 years old in line with previous studies.®® The
multivariate CoxPH model included only clinical variables that were significant in univariate
analyses. For each ligand-receptor pair tested the interaction score was derived from the
product of RSEM values and binarized into “Low” and “High” groups according to the median

interaction score.

2.5. Tables

Table 2.1: Distribution of disease states of samples used in meta-analysis

Normal DCIS IDC
Epithelial 29 92 78
Stromal 17 31 30

Table 2.2: Dataset HER2 and ER status by disease state

DCIS IDC

ER Positive 41 40
ER Negative 38 51
HER?2 Positive 17 7
HER2 Negative 75 71
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Figure 2.1: Unsupervised classification of gene expression profiles. (A-B) Principal

Component Analysis (PCA) of all gene expression datasets included in the study after

batch-effect correction and colored by tissue compartment (A) or source dataset (B). (C-D)

Hierarchical clustering of the epithelial (C) or stromal (D) expression profiles using the

expression of the 500 most variable genes.
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Figure 2.2: DCIS-IDC expression differences associated with cellular composition. (A,D).

Hierarchical clustering of epithelial (A) or stromal (D) regions according to the prevalence of 6

cell lineages as measured using CIBERSORTX. Clusters are labeled according to the dominant

pattern in cellular composition. (B,E) Prevalence of DCIS (yellow) and IDC (red) region in each

cluster for epithelial (B) or stromal (E) regions. P-values were obtained using the Fisher Exact

test. (C,F) Univariate comparison of fraction of each cell lineage between DCIS and IDC in

epithelial (C) and stromal (F) regions.
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Figure 2.3: Context specific functional differences between DCIS and IDC. (A-B) Heatmap
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of GSEA normalized enrichment scores (positive/red: enriched in IDC, negative/blue: enriched
in DCIS) from the differential gene expression between DCIS and IDC epithelial (A) or stromal
(B) samples from different subtypes (columns, ER and Her2 overlap). Gene sets significant
(FDR<0.05) in at least one context and with highest absolute enrichment scores are displayed
(epithelium: 2.4, stromal: 1.8) . Gene set names are truncated and/or abbreviated (R:

Reactome, H: Hallmarks) for visualization clarity.
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Figure 2.5: Prognostic significance of LR interactions in IDC: (A) Results of a multivariate
Cox proportional hazards regression analysis (Hazard ratio: x-axis) including EPHB4-EFNB1
co-expression in the TCGA breast cancer cohort. Clinical covariates were selected using
univariate analysis. Error bars represent the 95% confidence interval (*p < 0.05). (B) Overall
survival hazard ratio (x-axis) attributed to the LR pairs significant in DCIS-IDC comparison and
included in 9 independent CoxPH IDC survival models. (*p=0.04). (C-E) Kaplan-Meier plots
showing the difference in survival probability of IDC patients with high and low EPHB4-EFNB1
co-expression (C ), EFNB1 (D) or EPHB4 (E) single gene expression (CoxPH p=0.04, p=0.18

and p=0.36, respectively, CoxPH). (F) CoxPH coefficients for separate and combined interaction
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models for the EPHB4-EFNB1 interaction.
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Chapter 3: Oncogenic GNAQ Signaling Suppresses p53 in

Uveal Melanoma

3.1. Introduction

G protein—coupled receptors (GPCR) are the largest family of cell surface proteins with
over 800 members®, and their dysregulation contributes to some of the most prevalent human

diseases® . GPCRs represent the largest family of targets for approved drugs.

A recent analysis of human cancer genomes revealed that nearly 30% of human cancers
occur with mutations in G proteins or GPCRs'®. In particular, uveal melanoma is enriched for
GNAQ or GNA11 mutations with approximately 93% of uveal melanoma lesions harbor
activating mutations in these genes. GNAQ and GNA11 genes encode the alpha subunits Gaq
and Ga11 of the heterotrimeric G protein complex. Uveal melanoma is diagnosed in about 3,000
adults in the United States every year, and is the most common primary cancer of the eye in
adults and the second most common melanoma subtype after skin cutaneous melanoma™.
These activating mutations in GNAQ/11 cause aberrant signaling into downstream pathways.
Prior work in our lab has characterized several canonical and non-canonical proteins involved in

this signal transduction including YAP, PIBK/AKT and PKC'":1821°1,

Although the maijority of uveal melanoma patients will be treated by radiation or surgery,
approximately 50% of the patients will metastasize, primarily to the liver, within 5 to 10 years
after diagnosis®. Inactivating mutations or copy loss of the BAP1 gene, which is located on
chromosome 3p21, are strongly associated with metastasis in patients with uveal melanoma®,
supporting that BAP1 functions as a metastasis suppressor. Most patients with metastatic uveal
melanoma (mUM) are refractory to current chemotherapies and immune checkpoint blockade.
Ultimately, the majority of advanced disease patients succumb within a year due to the

suboptimal efficacy of these treatments, often combined with severe toxicities, underlying the
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high unmet medical need for new therapeutic strategies. Most of the recent clinical research
efforts in uveal melanoma have focused on inhibiting the Gaq classical signaling pathway, which
signals downstream into MAPK (Figure 3.1). Targeting of this pathway with MEK inhibitors such
as selumetinib and trametinib are currently being evaluated in clinical trials for efficacy towards

metastatic uveal melanoma.

Prior studies of the GNAQ signaling pathway have focused on specific hypotheses and
targeted screens to identify additional downstream signaling members. One prior experiment
performed an unbiased screen using RNA-seq to identify response to GNAQ inhibition, but the
time point chosen, 3 days of drug treatment, showed strong epigenetic reprogramming and a
repression of the cell cycle®. To identify earlier signaling events we propose to use the GNAQ
inhibitor tool compound, YM-254890%, to treat uveal melanoma cells acutely and measure early

transcriptional and protein response using RNA-seq and RPPA.
3.2. Results

3.2.1 GNAQ Inhibition in Uveal Melanoma Cell Lines Induces Transcriptional Response

through MAPK, PKA and DNA Damage Response

To identify transcriptional targets of the GNAQ signaling pathway we treated OMM1.3,
MP46 and MP38 cells with 1 uM of YM-254890 or vehicle control for 3 hours and generated
RNA-seq data from these samples in quadruplicate. PCA analysis of the protein-coding genes
in this dataset show clear cell line separation suggesting cell of origin is the main source of
variation in this dataset, not GNAQ pathway inhibition. To account for this cell line heterogeneity
we used DESeq2 to identify differentially expressed genes within each cell line independently
for a total of 3 independent DESeq2 models. For OMM1.3 we found 3701 differential genes,
MP46 2571 genes and MP38 2618 differential genes. 729 genes were differentially expressed
(adjusted p-value<0.1) in all three cell lines. Among the downregulated consensus genes were

MAPK-associated genes such as DUSP6, FOS and JUN suggesting MAPK signaling and
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downstream AP-1 activity is inhibited by GNAQ inhibition. Additionally we see GPCR negative
regulators SPRY2, RGS16 and RGS1 downregulated by drug treatment showing that general
GPCR signaling is altered. CCN1 and CCN2 levels were also decreased by YM-254890
showing that YAP, which is downstream of the non-canonical pathway, activity is also repressed.
Several immune-related genes were downregulated including REL, a member of the NFkB
transcription factor family, as well as the chemokines CXCL1 and CXCL2. Among the genes
upregulated by GNAQ inhibition included several members of the DNA damage response
pathway including POLD3, GEN1, RMI2 and SPIDR suggesting that this pathway is repressed

by GNAQ signaling.

We also performed GSEA against the REACTOME collection to identify signaling
pathways affected by GNAQ inhibition. Unsurprisingly, the majority of downregulated signaling
pathways were MAPK or AP-1 associated further confirming the role of MAPK in GNAQ
signaling. Several gene sets for NFkB signaling were also downregulated in this comparison,
consistent with the gene-level analyses presented earlier. Upregulated pathways included
several chromatin-associated gene sets and processes associated with DNA damage response
showing that systematic alteration of DNA damage response is associated with GNAQ
inhibition.

To further characterize the transcriptional response to GNAQ inhibition we applied the
VIPER method to infer regulon transcription factor activity. This method shows the
transcriptional activity of several AP-1 members is downregulated including ATF2, ATF4, and
JUNB as well as TEAD1, the DNA binding domain of the YAP/TEAD complex. REL activity is
also inhibited suggesting NFkB signaling is also detected in this complementary analytical
method. DNA damage response regulon TP53 is activated by GNAQ inhibition. Novel to this

computational method CREB1 activity is observed to be repressed by GNAQ inhibition.
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3.2.2. Protein-Level Measurements Show Altered MAPK, PKA Signaling and DNA Damage

Response

To validate the transcriptional response next RPPA was performed using the same drug
treatment: 1 uM YM-254890 for 3 hours and vehicle control, in 92.1, OMM1.3 and MP46 cell
lines. Differential protein expression was analyzed using a multiple linear regression to control
for cell line effects and identify shared changes across all cell lines. A total of 265 proteins were
upregulated by GNAQ inhibiton and 234 were downregulated. The top 15 up- or
down-regulated proteins are shown in Figure 3.2. Among the most differentially regulated
proteins include pFAK and pERK confirming the known downstream members of the GNAQ
signaling pathway. Additionally several proteins and phosphosites involved in DNA damage
response were upregulated including pATM, gamma-H2AX and p53 suggesting damage
increases upon GNAQ inhibition, consistent with what was observed in the RNA-seq dataset.
Conversely pMDM2 and MDM2 were downregulated confirming the regulatory role of this
protein in p53 activity. Furthermore pCREB1 is downregulated by GNAQ inhibition confirming

the results found in the RNA-seq transcription factor activity analysis.
3.2.3. GNAQ Associated with p53 and MDM2 in Public Datasets

To identify potential gene-gene interactions between GNAQ and p53 The Cancer
Genome Atlas (TCGA) is analyzed for mutational co-occurrence between these two genes.
Notably not all GNAQ or GNA11 mutations are considered, only those that are considered
“hotspot” activating mutations in the GTP binding pocket®. As can be seen in Figure 3.4 there is
significant mutual exclusivity between p53 mutations and GNAQ/11 hotspot mutations: of 83
tumors with GNAQ/11 mutations only 3 also contain a p53 mutation compared to the 10670

GNAQ/11 WT tumors of which 4338 are p53 mutant (p<0.001, Fisher exact test).

Using this RNA-seq dataset | define a GNAQ signature as the top 100 most

downregulated genes in response to GNAQ inhibition. This GNAQ signature response is then
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measured in TCGA and the DepMap dataset. In TCGA there is a clear correlation between the
GNAQ signature and the Hallmark p53 signature suggesting p53 activity is correlated with
GNAQ activity (Figure 3.4, p<0.001, linear regression). The DepMap dataset can be split into
two subgroups based on TP53 mutational status. As shown in Figure 3.3 there is a negative
correlation between the GNAQ signature and the gene essentiality of TP53 (Figure 3.4,
p<0.001, linear regression) suggesting cell lines with high levels of GNAQ signaling rely less on
intact p53 protein to survive. Notably this relationship is nonexistent in CCLE lines where TP53
is mutated (p=0.06). TP53 mutations are believed to alter the transcriptional targets of p53 by
inhibiting the ability for p53 to bind to DNA on its own and instead causing p53 to bind different
transcription factors to induce a different phenotype. This difference in correlation values (Figure
3.4, p<0.001, linear regression) in the DepMap is consistent with a model in which GNAQ
signaling alters p53 activity, but in the presence of TP53 mutations that link is broken.
Furthermore, looking at the relationship between GNAQ signaling and MDM2 essentiality an
opposite effect is observed: that cells with high GNAQ signaling are more reliant on MDM2 to

divide (Figure 3.4, p<0.001, linear regression) because MDM2 is repressing p53 protein levels.

Additionally when comparing uveal melanoma cell lines to all other cell lines in the
DepMap data portal the UVM cell lines are less reliant on TP53 for growth and more reliant on
MDM2 for growth (Figure 3.4). In fact, these two genes are among the top 5 most differentially
essential genes in the entire comparison, meaning their effect on the survival of uveal

melanoma cell lines is unique.
3.2.4. UVM Cell Lines Have Repressed p53

To experimentally validate if uveal melanoma cell lines, which have highly active GNAQ,
do indeed have repressed p53 through MDM2 we treated 92.1 and OMM1.3 cells with nutlin 3a,
an inhibitor of the interaction between MDM2 and p53, which is known to activate p53 signaling.

These cells were treated for 24 hours with vehicle control or an increasing dose of nutlin 3a.
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In both OMM1.3 and 92.1 the nutlin 3a treatment increased p53 protein levels in a
dose-dependent manner as well as increased the level of p21, a known downstream target of
p53. Additionally, as MDM2 expression is induced by p53 in a positive feedback loop, total
MDM2 and phospho-MDM2 were both increased in the same manner. Furthermore we can
observe that these cells actively induce cell death by measuring cleaved-PARP which can be

observed at nutlin 3a doses of ~1 uM and above.

3.2.5. p53 Activation Induces Cell Death Synergistically with Canonical Pathway

Inhibitors

To determine if nutlin 3a treatment, and subsequent p53 activation, is phenotypically
relevant to the growth of uveal melanoma cell lines we performed drug synergism assays with
nutlin 3a and other GNAQ pathway inhibitors. Based on previous work we identified three
targeted inhibitors in uveal melanoma: MEK, PKC and FAK, and chose the drugs trametinib,

sotrastaurin and VS-4718, respectively, to inhibit these proteins.

Drug synergism assays were performed in OMM1.3 and synergism was determined
using the Loewe score. All three drugs were synergistic with p53 activation, though the
synergism scores with trametinib and sotrastaurin were significantly higher than the synergism
scores for VS-4718. This result suggests that p53 activation through the non-canonical pathway

affects the growth of uveal melanoma cells more than the canonical pathway.

Drug synergism can be induced through senescence or growth inhibition, to confirm that
these cells are actively inducing cell death; the level of caspase activity was measured using
Caspase-Glo. Cells treated with nutlin 3a and MEK inhibitors, VS-6766 and trametinib, caused a
strong increase in caspase activity that is higher than the additive effect from each drug alone.
This result suggests that these cells are actively dying in response to p53 activation combined

with canonical pathway inhibition.
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Chapter 3 is currently being prepared for publication. A. Officer, R.D.
Cervantes-Villagrana, S. Lubrano, N. Arang, P. Tamayo, J.S. Gutkind. The GNAQ-p53 Signaling
Axis in Uveal Melanoma. The dissertation author was the primary researcher and author of this

paper.
3.3. Methods
Cell Culture

921 and OMM1.3 cells were cultured in RPMI (catalog no.. D6429; Sigma)
supplemented with 10% fetal bovine serum (FBS) (catalog no.: F2442; Sigma) and 1%
penicillin/streptomycin (catalog no.: A5955; Sigma). MP46 and MP38 were cultured in the same

RPMI media supplemented with 20% FBS.
Sample Preparation

To determine the transcriptional response to GNAQ inhibition all the cell lines were
plated in 6-well plates. The following day, the cells were serum starved overnight and the cells
were incubated with 1 yM YM-254890 or vehicle for 3 hours. After drug treatment the cells were
washed with PBS, total RNA was isolated with an RNeasy Mini Kit (catalog no.: 74104; Qiagen)
including an on-column DNase | digestion and quantified using a Nanodrop ND-1000 (Thermo
Scientific). Library preparation and paired-end 150 bp (catalog no.: PE150; lllumina) RNA-Seq

was performed by Novogene Corporation.
RNA-seq alignment and analysis

The quantification of transcripts was calculated using Salmon®” (version 1.7.0).
Differential gene expression analysis including quality control, model fitting, and hypothesis
testing was conducted using DESeq2%. Prerank gene set enrichment analysis was performed
on the DESeq2-estimated LFC values as previously described using the gseapy® prerank

function (version 1.0.0) in Python (version 3.10.5). The MSigDB* REACTOME collection was
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compared, and significance was assessed using 10000 permutations, and g-values less than

0.25 were considered significant.
TCGA and CCLE Analysis

TCGA gene expression data, RNA-seq V2.0, was downloaded from the GDC portal.
CCLE gene expression data was downloaded from the DepMap data portal®®. The GNAQ
signature was defined as the top 100 downregulated genes upon GNAQ inhibition. Signatures
were measured by single-sample GSEA in the TCGA and CCLE datasets using the ssgsea
function in the gseapy package. Gene set levels were z-scored and correlation measured using
a linear regression. For the p53 mutation analysis an interaction term was used to quantify the
difference between the two regression lines. P-values less than 0.05 were considered

significant.
RPPA Data Generation and Analysis

Lysis in recommended buffer, quant using Biorad Bradford, normalized concentration,

sent to MD Anderson using their standard workflow'®.
Nutlin dose-response in OMM1.3 and 92.1

OMM1.3 and 92.1 cell lines were grown in RPMI containing 10% FBS supplementation.
Prio rot treatment cells were starved overnight in serum-free media and treated with nutlin 3a for

24 hours.
Drug Synergism with the Loewe Method

The Loewe additivity synergy model was used to determine possible synergistic
effects of selected kinase inhibitor combinations. Briefly, cells were seeded at a density of 3 x
10% to 5 x 10° cells/well in 96-well white plates (CulturePlate; PerkinElmer Inc.). Cells were
treated with either single inhibitors or combinations thereof using eight different dilutions of each

inhibitor and in technical triplicate. Cell viability was measured, after 72-hour treatment, with the
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CellTiter Glo Luminescent Cell Viability Assay on a Spark microplate reader (Tecan). The

Synergy Score (SS) was calculated using the SynergyFinder+ web application'.
Caspase-Glo Assay

Cells were seeded at a density of 10000 cells/well in 96-well white plates. After 24 h,
drug treatment or vehicle was added and cells were assayed as indicated. Apoptosis was
measured using the Promega CaspaseGlo3/7 Assay System (G8090) as per manufacturer’s

instructions.
3.4. Discussion

Mutations in the GNAQ or 11 oncogenes are the main driver for uveal melanoma.
Because of the limited mutational landscape in UVM the aberrant GNAQ signaling, and
Gg-coupled GPCR’s, is likely the key driver of tumor initiation and progression. A deeper
understanding of the signaling mechanisms of GNAQ/11 will reveal novel pathway-based

targeted therapies for UVM.

The work presented herein suggests that using an unbiased approach to dissect the
GNAQ signaling network can nominate novel downstream targets, chiefly MDM2/p53. On the
transcriptional and protein level we show p53, PKA and NFkB signaling are all altered by GNAQ
inhibition in UVM cells. On a gene, pathway, transcription factor and protein level these results
are consistent and warrant additional investigation. Further interrogation into the p53 axis shows
that two UVM cell lines have repressed p53 through MDMZ2-dependent ubiquitination.
Phenotypic analysis of the GNAQ-p53 relationship suggests that cell growth is arrested by p53
activation and, using drug synergism experiments, this effect is stronger downstream of the

non-canonical pathway.

Taken together, these results suggest that MDM2 phosphorylation is driven by GNAQ

activation, likely through signaling downstream of FAK. FAK has been previously shown to
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signal downstream into PI3K/mTOR, which itself is known to activate MDM2 through direct
phosphorylation. MDM2-dependent p53 degradation is a mechanism through which uveal
melanoma tumors can functionally inhibit p53 activation without having to resort to mutational
inactivation. Uveal melanoma tumors have low mutational burden, but even so we can shown
that activation of p53 is enough to induce apoptosis in uveal melanoma cells, suggesting that
there is an evolutionary pressure against p53 mutations in uveal melanoma as p53 mutations

are known to inhibit the regulatory activity of MDM2.
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3.5. Figures
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Figure 3.1: Schematic of the GNAQ Signaling Pathway
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Figure 3.2. RNA-seq analysis of transcriptional response to GNAQ inhibition. A) RNA-seq
experimental design, clustering analysis and differential expression overlap. (B) Heatmap of
median normalized gene expression. (C) Gene expression of selected genes representative of
modulated pathways. (D) Gene Set Enrichment Analysis (GSEA) results showing MAPK

downregulated (left) and DNA damage response upregulated (right) upon GNAQ inhibition. (E)
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VIPER analysis for transcriptional regulon activity shows increased p53 and inhibited CREB1

activity upon GNAQ inhibition.
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Figure 3.3. RPPA analysis of GNAQ inhibition. (A) PCA analysis showing cell line differences
largest factor. (B) Heatmap of differential proteins showing top 10 up/downregulated. (C)

Selected protein level barplot of DNA damage response and PKA associated proteins.
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Figure 3.4. GNAQ signature associated with p53 Signaling. (A) Mutations in p53 and
GNAQ/11 mutually exclusive in TCGA (p<0.0001, Fisher Exact test). (B) GNAQ signature
correlated with p53 signature in TCGA dataset (p<0.0001, linear regression). (C) GNAQ
signature correlated with MDM2 and TP53 gene essentiality, but only in p53 WT cell lines.
p-values computed using an interaction test for differences of slopes. (D) MDM2 and TP53 gene
essentiality unique to uveal melanoma (UVM) cell lines, they are 2 of the top 3 most differentially
essential genes in the DepMap dataset. (E) Violinplots showing essentiality differences between

UVM and other cell lines.
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(MEK, PKC) inhibitors are higher than for non-canonical (FAK) inhibitors. (C) MDMZ2 inhibition

with MEK inhibition significantly increases caspase activity in 92.1.
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Chapter 4: YAP-Driven Epigenetic Reprogramming and
mTOR Signaling in a Mouse Model of Head and Neck Cancer

4.1 Introduction

Stem cells in the oral mucosa reside in the basal layer of the stratified squamous
epithelium, and consist of a single pool of self-renewing oral epithelial progenitor cells
(OEPCs)'®, This single progenitor cell population renders the oral epithelium an ideal system to
elucidate mechanisms underlying malignant reprogramming,'® unlike other tissue systems such
as the skin or gut, in which elegant studies have revealed multiple unique stem cell pools that
play distinct roles in cancer initiation. Head and neck squamous cell carcinoma (HNSC)
represents the most common malignancy arising from the upper aerodigestive epithelia’”.
Extensive molecular characterization of HNSC has revealed that while each individual tumor
exhibits alterations in a large number of genes, these alterations converge to impact a finite set
of oncogenic molecular pathways’. HNSC is characterized by near universal loss-of-function of
the TP53 tumor suppressor by genomic alteration or human papillomavirus (HPV)-mediated
inhibition. Notably, alterations in FAT1, observed in nearly 30% of HNSC’, disrupt Hippo
pathway signaling and result in unrestrained activation of the transcriptional co-activator YAP'.
We now combine knowledge of the landscape of oncogenic pathway alterations in HNSC with
genetically engineered animal models and multiomics to unveil the underpinnings of cancer
initiation in vivo.

4.2. Results

4.2.1. Mouse Model Developed to Study the Role of HPV and YAP in Tumorigenesis

Tumor initiation represents the crucial first step in tumorigenesis during which normal
progenitor cells undergo cell fate transition to cancer. To investigate this process, we developed

genetically engineered murine systems focusing on prevalent and co-occurring genomic
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alterations in HNSC (Figure 4.1). While genomic alterations involving FAT1 are observed in
~30% of HNSC patients, this represents one mechanism of YAP activation in HNSC. YAP
activation may also occur through a variety of mechanisms, including amplification that is
mutually exclusive with FAT1 genomic alterations, and is observed in even higher percentages
of HNSC patients''%_ In addition, HNSC is characterized by widespread amplification of the
YAP paralog TAZ (WWTR1). We thus investigated the status of YAP activation in human
malignancies by evaluating immunohistochemical (IHC) staining for YAP activation in human
HNSC tissue microarrays using nuclear localization as a surrogate for YAP activation'®.
Consistent with its physiologic role in stem cell maintenance and self-renewal, nuclear YAP was
detected primarily in basal cells in normal oral epithelial tissue (Figure 4.1). Compared to normal
tissue, HNSC had a significantly greater fraction of YAP activated cells, which were distributed

throughout the tumors (Figure 4.1).

To investigate tumorigenesis in the context of a minimum complement of pathway
alterations, we employed transgenic expression of the HPV16 E6-E7 oncogene, which
concomitantly inhibits the TP53 and CDKN2A tumor suppressors', and the constitutively active
YAP15'27A gllele® . Keratin 14 (KRT14) is expressed in the basal layer of oral epithelia, which
contains OEPCs that may represent the cell of origin for HNSC"'2. Utilizing a tamoxifen-inducible
Cre-recombinase (CreERT) driven by the Krt14 promoter, genomic alterations were targeted to
KRT14+ OEPCs. We bred mice bearing E6-E7 (“E”), YAP15'2"A (“Y”), or both transgenes (“EY”).
Littermates lacking these transgenes but possessing Krt14-CreERT, LSL-rtTA regulatory
transgenes, and the H2B-GFP reporter were used as normal controls (“N”). Local administration
of tamoxifen activated CreERT-mediated recombination of a floxed STOP cassette (LSL) and
enabled transcription of the reverse tetracycline-controlled transactivator (rtTA) in KRT14+
OEPCs. Administration of doxycycline chow then induced expression of the tetracycline

response element-regulated HPV165%57 YAP15'2"A" and H2B-GFP transgenes (Figure 4.1).
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4.2.2. Cell Lines Used to Generate ATAC-seq and CUT&Tag Data

We utilized N and EY primary cell cultures for a multiomics approach to perform
transcriptomic profiling (RNA-seq), map YAP genomic localization (YAP CUT&Tag), assess
activity of regulatory elements (H3K27ac CUT&Tag), and explore chromatin accessibility
(ATAC-seq). We first evaluated whether N and EY cells in primary culture were
transcriptomically comparable to N and EY whole tissue epithelia samples by comparing
differentially expressed genes, and observed high agreement (~90%) among EY DEGs across
cultured cells and epithelia (Figure 4.2). Further, examining transcripts detected exclusively in
whole tissue or primary cultured cells revealed that tissue-specific transcripts included stromal
and immune cell transcripts, transcripts that are not expected to be observed in FACS-purified
cultured cells (Figure 4.2). To confirm that this is indeed due to a loss of immune cells and not a
loss of chemokine expression the expression of specific genes were analyzed. Immune cell
markers Ptprc (Cd45), Csf3r, Cxcr2 and Ccr1 were not expressed in the primary culture but
were expressed in the whole tissue samples, consistent with a loss of the immune cell
population. Notably the cognate ligands Cxcl1, Cxcl2 and Csf3, which are usually expressed in
epithelial malignant cells, were detected and shared similar expression patterns between EY

and N.

4.2.3. Epigenetic Reprogramming Core to Tumorigenesis

After confirming the primary culture is a reasonable system in which to study this
tumorigenesis mechanism we then investigated the YAP CUT&Tag data. Including N and EY
samples there were 38,002 YAP binding sites (‘peaks’) identified (Figure 4.3). Consistent with
published YAP ChIPseq data, annotation of YAP CUT&Tag genome-wide peak distribution
showed that ~43% of YAP peaks occurred in intergenic regions, and approximately half of YAP
peaks occurred at 10-100kb from transcription start sites (TSS, Figure 4.3)"3. We classified YAP

peaks into those significantly gained, lost, or unchanged in EY compared to N cells according to
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their detection and occupancy observed in the two genotypes (Figure 4.3). A total of 11,169
(29%) gained, 3109 (8%) lost, and 23,724 unchanged peaks were observed in EY compared

with N (Figure 4.3).

We next evaluated the chromatin accessibility in this model. 86809 ATAC-seq peaks
were detected using MACS2 and DESeq2 used to call differentially accessible peaks, of which
5435 (6.3%) were gained in EY and 2960 (3.4%) were lost in EY (Figure 4.3, see Methods).
Motif enrichment shows several TEAD and AP-1 motifs enriched in the peaks gained in the EY

(Figure 4.3) suggesting that YAP binding is associated with increased chromatin accessibility.

Indeed, YAP CUT&Tag peaks tended to overlap with ATAC-seq peaks; 28,986 of the 38,002
YAP CUT&Tag peaks (76%) overlapped with an ATAC-seq peak. Analysis of ATAC-seq at
gained YAP peaks in EY showed that EY gained YAP peaks more often overlapped with ATAC
sites gained in EY compared with N (8% of EY gained versus 3% of unchanged verus <1% of
EY lost YAP peaks), indicating gained YAP sites at newly opened chromatin regions in EY
(Figure 4.3). Examining transcriptional regulatory activity at YAP binding sites, we observed a
subtle increase in H3K27ac CUT&Tag signal intensity at gained YAP binding sites in EY (Figure
4.3). Together with the ATAC-seq results, these findings suggest that EY expression leads to
increased chromatin accessibility and activation of a subset of YAP-regulated genes without

exerting strong global genome wide effects on chromatin accessibility or transcriptional activity.

Examination of transcription factor motifs enriched in YAP gained peaks in EY identified
consensus motifs for TEAD, AP-1, Sp2, KLF, p63, and NRF2 as transcription factors that may
cooperate with YAP in transcriptional regulation (Figure 4.3). Indeed, TEAD family DNA binding
proteins are required for YAP-mediated gene expression*, and YAP/TEAD complex with AP-1

factors, KLF4, and p63 to regulate transcriptional programs™'>11°,
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4.2.4. YAP Binding Associated with mTOR Activation

To gain further insight into specific genes and pathways regulated by YAP, we integrated
RNAseq and YAP CUT&Tag data using Binding and Expression Target Analysis (BETA), and
found that YAP predominantly acts as a transcriptional activator (Figure 4.4; p = 4.1x10-14).
Intriguingly, the top 300 YAP-activated genes showed marked enrichment for three MSigDB
Hallmark Pathways: TNFa signalling via NFKB, mTORC1 signalling, and inflammatory response
(Figure 4.4). Using an independent approach we performed multiomic Venn analysis to identify
YAP-bound genes that showed transcriptional upregulation and newly gained chromatin
accessibility in EY (Figure 4.4). The 849 genes identified by this approach showed enrichment
for similar pathways as for EY tissue by RNAseq or EY cells by BETA, with mTORC1 and

PISK/AKT/mTOR Hallmark pathways again representing highly enriched pathways (Figure 4.4).
4.2.5. EGFR Ligand Expression Induced by YAP Binding

Upregulation of YAP transcriptional signatures by GSEA was observed in
YAP-expressing tongue epithelia from Y and EY mice (Figure 4.5). Y and EY mice also showed
enrichment for gene sets for mTOR pathway activation, a commonly activated signaling
mechanism in HNSC (Figure 4.5). Consistently, IHC of epithelia from EY and Y mice showed a
pronounced increase in phospho-S6 (pS6) ribosomal protein levels, a downstream marker of

mTOR activity (Figure 4.5).

Using siRNA-mediated activation of YAP, via LATS1/2 knockdown, in the HN12 human
cell line shows activation of EGFR signaling and pS6 suggesting that YAP transcriptional
programs may be activating EGFR signaling (Figure 4.5). Additionally, increased expression of
several EGFR ligands including Axl, Nrg1 and Epgn all contained local YAP peaks and had
increased expression in the Y and EY epithelia suggesting YAP is directly responsible for the

regulation of these genes (Figure 4.5).
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We then performed siRNA-mediated knockdown of YAP and/or its paralog TAZ
(WWTR1) in HN12 to test if YAP indeed regulates mTOR activity. Consistent with reports that
YAP and TAZ serve mutually compensatory functions, combined knockdown of YAP and TAZ
was required to diminish expression of the YAP target CYR61 and mTOR activity, based on pS6
abundance (Figure 4.5). Combined knockdown also resulted in diminished pEGFR but not total
EGFR, potentially related to decreased expression of YAP-regulated EGFR ligands, including
Epgn, Nrg1, and Nrg4 (Figure 4.5), suggesting that YAP initiates multiple transcriptional
mechanisms resulting in mTOR activation (Figure 4.5). These findings were in accordance with

the two multiomics analyses that also pointed to YAP activation driving mTOR activity.
4.3. Methods
Husbandry and genotyping

We bred mice expressing E6-E7
(Krt14-CreERT/LSL-rtTA/tetON_H2B-GFP/tetON_EG6-E7, “E”), YAP1S127A
(Krt14-CreERT/LSL-rtTA/tetON_H2B-GFP/tetON_YAP1S127A, “Y”), or both transgenes
(Krt14-CreERT/LSL-rtTA/tetON_H2B-GFP/tetON_EG6-E7/tetON_YAP1S127A, “EY”). Littermates
that bore neither tetON_E6-E7 nor tetON_YAP1S127A effector transgenes but possessed the
Krt14-CreERT and LSL-rtTA regulatory transgenes were used as the normal condition
(Krt14-CreERT/LSL-rtTA/tetON_H2B-GFP, “N”). Intralingual injection of tamoxifen was
performed to achieve reliable transgene induction. Mice were started on a
doxycycline-containing diet on the first day of tamoxifen treatment. This treatment regimen
resulted in consistent CreERT-mediated excision of the floxed STOP cassette and expression of

effector and reporter transgenes in KRT14+ basal cells.

Krt14-CreERT+/+/LSL-rtTA+/+/H2B-GFP+/+/E6-E7+/-  mice  were crossed to
Krt14-CreERT+/+/LSL-rtTA+/+/H2B-GFP+/+/YAP1S127A+/- resulting in Mendelian proportions

of N, E, Y, and EY littermates. At 3—4 weeks of age, a tail fragment was obtained for initial
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screening genotype confirmation. Directly prior to transgene induction for experiments, mice
were assigned to age and sex-balanced groups, and an ear fragment was obtained for
confirmatory genotyping. Genomic DNA was isolated by incubating tissue in 25mM NaOH and
0.2 mM EDTA at 100°C for 1 hour, followed by neutralization with an equal volume of 40 mM
Tris-HCI (pH 5.5). Multiplex polymerase chain reaction (PCR)-based genotyping was performed
using REDTag® polymerase per manufacturer recommendations (Millipore Sigma).
Oligonucleotides were multiplexed as follows: (1) LSL-rtTA and E6-E7 and 112 (positive control),
(2) Yap1S127A and Trp53 (positive control), (3) Krt14-CreERT and 112 (positive control). All PCR

products were subjected to electrophoresis on 2% agarose gel in Tris acetate EDTA buffer.
Transgene induction

Mice were anesthetized with isoflurane and 100uL of tamoxifen solution (20 mg/mL in
miglyol) was administered into the tongue under stereomicroscopic visualization. One dose of

tamoxifen was administered every other day for a total of 3 doses.
Epithelia isolation

After in situ infiltration with 500uL collagenase+dispase solution (1mg/mL, 2.5 mg/mL)
(Millipore Sigma), the tongues of euthanized mice were dissected free and incubated for 30
minutes at 37°C. The tongue epithelium was then dissected free from the underlying muscle

under stereomicroscopic visualization.
Generation of epithelial cell suspensions

Isolated epithelia were minced in 0.25% trypsin-EDTA (Thermo) and subjected to
mechanical dissociation in the gentleMACS dissociator C tubes (Miltenyi #130-095-937) for 12

minutes at 37°C, followed by inactivation of trypsin and filtration.

Primary epithelial cell culture
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Mouse tongue epithelial cells were isolated from mice following transgene induction as
described above. Cells were grown on collagen coated plates in complete DermaCult
keratinocyte basal expansion medium (STEMCELL Technologies). Medium contained the
manufacturer’s provided supplements, plus 5 ng/mL mouse EGF (Gibco), 50 pM cholera toxin
(Sigma), 1x antibiotic/antimycotic solution [Gibco], and 2 uM doxycycline hyclate (Sigma, to

maintain transgene activation) at 37°C with 5% CO2.

CUT&Tag Data Processing and Analysis

Raw reads were aligned using Bowtie2 (version 2.2.5"%) to build version mm10 of the
mouse genome. Peaks were called independently in each replicate against the corresponding
IgG control using SEACR (version 1.3"") in relaxed mode. Peaks with RPKM < 10 were filtered
out. Consensus peaks were merged for each genotype, EY or N, by combining all filtered peaks
using bedtools merge (version 2.27.1"®). Tornado plots were generated using deeptools
(version 3.3.5"°). Differential acetylation was called using DESeq2 (version 1.42.0%'%) and
apeglm (version 1.24.0) in R (version 4.3.2). Peaks with adjusted p-values less than 0.05 were
considered significant. Motif enrichment was performed using the findMotifsGenome.pl script in
the HOMER package (version 4.11'?"). Peaks were annotated using the annotatePeaks.pl script
in the HOMER package. Peaks were annotated if they lie within the gene body or closer than 10

kb to the annotated TSS.
ATAC-seq Data Processing and Analysis

Raw reads were aligned using BWA (version 0.7.17"??) to build version mm10 of the
mouse genome. Peaks were called using MACS2 (version 2.2.7.1'%) in narrow peak mode with
a False Discovery Rate threshold of less than 0.01. Consensus peaks were merged for all
samples by combining all called peaks using bedtools merge (version 2.27.1). Reads were
recounted in consensus peaks using bedtools coverage (version 2.27.1). DESeq2 (version

1.42.0) and apeglm (version 1.24.0) in R (version 4.3.2) were used to call differential chromatin
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accessibility, peaks with adjusted p-value of less than 0.05 were considered significant. Motifs

and peak annotation was performed as with the CUT&Tag data using HOMER.

RNA-seq of primary tongue epithelial cells and derived cell lines

Paired-end reads were aligned using STAR (version 2.7.9) using default settings. STAR
index was created using the GRCm39 (mm10) primary genome FASTA and annotation files.
The resulting BAM files were sorted by name using samtools (version 1.7) then gene counts
were quantified using HTSeg-count (version 0.13.5). Pairwise differential expression was
calculated using DESeq2 (version 1.42.0). Genes with >10 counts were considered detected.
Comparative differential expression between the tumor and cell line was performed using an
interaction in the DESeq2 design. Genes with |LFC|>1 and p.adj<0.05 were considered

significant in all analyses.
Gene set overlap analysis

Significant overrepresentation of gene sets was determined using a hypergeometric
overlap test as implemented in the scipy package (version 1.10.0) in Python (version 3.10.5).
One-sided p-values and the expected number of genes were computed using the

hypergeometric distribution.
4.4. Discussion

The overwhelming majority of work investigating cancer-driving mechanisms has relied
on established tumors, which requires retrospective inference of tumor initiating events and
limits distinction between processes governing tumor initiation from progression. In HNSC,
despite this mutational and cellular heterogeneity, the diverse genomic alterations observed in
HNSC converge to activate a limited number of oncogenic signaling pathways. Through the use
of a spatiotemporally controlled murine system targeting genomic alterations to a single pool of
epithelial progenitor cells, we now show that unrestrained YAP activation in the context of TP53

inhibition by HPV E6-E7 oncogenes induces carcinoma with rapid kinetics and nearly complete
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penetrance, enabling in-depth investigation of tumor initiation. The ability to combine this
genetically-defined system with multi-omic analysis provided a unique opportunity to investigate

the conversion of epithelial progenitor cells into CSC as it occurs in vivo.

One finding was that tumor initiation could be achieved in the absence of genomic
alterations in the PI3K/AKT/mTOR signaling axis, given the extensive evidence implicating
widespread mTOR activation in HNSC'>'27, However, we observed robust mTOR activation in
pre-invasive lesions and throughout SCC in YAP-expressing epithelia, suggesting that YAP can
activate mTOR signaling. Indeed, mTOR program enrichment represented a distinguishing
feature of the EY-induced CSC state. Mechanistically, we found that YAP drives the
transcriptional upregulation of Axl and multiple EGFR ligands, which may explain EY-mediated
mTOR activation. The fact that >70% of HNSCs do not harbor genomic alterations in the
PI3K-mTOR pathway but exhibit a widespread activation of YAP®'® and mTOR is aligned with a
potential signaling cross-talk in which YAP can activate mTOR. Specifically, our findings support
a model in which YAP:TEAD-mediated transcription activates an AXL- and EGFR-initiated
signaling cascade resulting in the activation of mTOR in epithelial cells, thus representing an

actionable target to prevent tumor initiation.

In summary, we demonstrate that a genetically-defined, traceable system simultaneously
activating oncogenic pathways and disabling tumor suppressive mechanisms in normal oral
epithelial progenitor cells induces the emergence of a distinct cancer initiating stem-like cell
state. Through multimodal analysis of nascent cancer cells at the single cell level in vivo, we
define tumor-autonomous transcriptional programs during invasive carcinoma formation. This
conceptual framework of cancer initiation has the potential to open multiple novel avenues for
early intervention, including precision targeting of tumor cell-autonomous cancer initiating

signaling pathways.
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Figure 4.1. Characterization of the HPV/YAP mouse model. (A) YAP staining of normal and
cancerous lesions show increased signal intensity in cancer. (B) and (C) Quantification of
nuclear YAP shows significantly higher levels in HNSC. (D) Schematic of HPV- and YAP-driven
mouse model expressed in Krt14 positive basal epithelial cells. (E) Representative images of
cancer burden in mouse tongues. (F) Lesion-free survival across all 4 genotypes showing
strong synergistic effects on tumorgenesis. (G) IHC staining of lesions at 14 days showing
normal, in situ and invasive lesions. (H/I/J/K) EY genotype mice show increased degree of

carcinoma, lesion size, number of lesions and more invasive lesions.
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Figure 4.2. Tumor-derived primary culture is a reasonable proxy for whole tissue. (A) Data
generation schematic from whole tissue and tumor-derived primary culture lines. (B) Differential
expression (DESeq2, see methods) agreement between whole tissue and primary culture
shows the majority of genes agree between modalities, disagreeing genes differ by single-digit
percentage points. (C) Consensus detected gene lists between EY and N genotype tissue and
primary culture. (D) Gene set overlap for lineage-related gene sets showing undetected genes
in the primary culture associated with stromal, immune and fibroblast cell types. (E) Expression
levels of selected genes showing loss of immune lineage genes while retained expression of

tumor-derived factors.
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Figure 4.3. Epigenetic data generation and characterization of YAP binding. (A) Workflow
for YAP peak calling and categorization using SEACR and DESeq2. (B) YAP peaks tend to lie in
intergenic regions far from genes. (C) Tornado plot showing YAP peak occupancy between
different types of YAP peaks. (D) EY gained YAP peaks tend to occur in regions with higher
levels of EY H3K27ac and ATAC-seq read density. (E) HOMER motif enrichment analysis in EY
gained peaks shows clear signal for AP-1, TEAD, KLF family, p63 and other motifs. (F)
ATAC-seq differential peak quantification using MACS2 and DESeq2 calls several thousand
differentially accessible regions. (G) Motifs enriched in EY gained peaks associated with TEAD

and KLF family sequence logos.
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Figure 4.4. Multiomics integration identifies mTOR signaling as a target of YAP binding.
(A) Binding and Expression Target Analysis (BETA) analysis of YAP CUT&Tag data shows YAP
activates gene expression at local genes. (B) Overlap analysis against MSigDB Hallmark
collection for YAP-controlled genes shows inflammatory and mTOR signaling controlled by YAP
binding. (C) Overlap between genes in opening chromatin regions (ATAC-seq, EY gain) and
genes with more active chromatin (H3K27ac, EY gain). (D) Further gene filtering by differential
RNA-seq and EY gained YAP binding. (E) Gene set overlap test of the 346 genes from (D)
against GO Biological Processes showing overrepresentation of genes involved in HER2/EGFR
signaling, differentiation pathways and cell migration. (F) Primary culture gene expression

values from selected relevant genes for HER2/EGFR signaling controlled by YAP binding.
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Figure 4.5. EGFR ligands controlled by YAP induce mTOR activation. (A/B/C) IGV
screenshots showing EY gained chromatin accessibility (ATAC-seq), EY gained active
chromatin regions (H3K27ac CUT&Tag) and YAP binding (YAP CUT&Tag). (D) Same genes
showing increased expression in whole tissue RNA-seq dataset. (E) siRNA-mediated
knockdown of LATS1/2, and subsequent YAP activation, across several human HNSC cell lines
showing higher levels of mTOR signaling (pS6) and EGFR activation (pEGFR). (F) Knockdown
of potential YAP-controlled EGFR ligands in HN12 shows NRG1, EPGN and EREG all affect

EGFR and mTOR signaling.

Chapter 5: Conclusions

Through these three examples | have shown that using a holistic approach to modeling
cancer evolution and signaling provides a more well-rounded picture of the state of cancer cells.
Using novel statistical methods that integrate multiple datasets together | have demonstrated

the value of biologically inspired modeling in three distinct areas of research:

First, in the case of microenvironment signaling associated with breast cancer invasion.
Data curation from literature and integration with single-cell RNA-seq datasets allows for a novel
cell-type aware gene expression comparison between epithelial and stromal regions of DCIS
and IDC. This approach shows that there are small but important differences in the local
microenvironment composition of DCIS and IDC and that when accounting for these differences
I can nominate novel invasion-associated signaling pathways. Additionally | developed a
microenvironment modeling approach to measure gene-gene interactions across different tissue

compartments that shows changing Wnt, ephrin and T cell activation associated with an
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invasive phenotype. Ephrin signaling was validated in an independent dataset using survival

modeling suggesting that cell homing signals are lost in invasive ductal carcinomas.

Second, this time in the context of uveal melanoma where GNAQ signaling is the
primary driver of tumorigenesis | generated RNA-seq and RPPA data and analyzed them
simultaneously to identify transcriptional and protein-level changes associated with GNAQ
signaling inhibition. This unbiased experiment, the first of its kind on the GNAQ pathway,
nominated several novel downstream signaling pathways including PKA, NFkB and p53
signaling. Focusing on p53 signaling | showed through an independent computational analysis
that the GNAQ signature is correlated with p53 signaling, p53 gene essentiality and MDM2 gene
essentiality in a TP53 mutation-dependent fashion. Confirming this computational work | then
show that uveal melanoma cell lines have repressed p53 signaling through MDM2 and that
induction of p53 causes apoptosis. Using p53 as a potential therapeutic target | then show using
in vitro drug synergism assays that using nutlin, a p53 activator, in combination with canonical

pathway inhibition is synergistic and induces cell death in these cell lines.

And finally, in the last chapter of my dissertation | worked to characterize the YAP-driven
epigenetic and gene expression changes associated with tumorigenesis in a mouse model of
oral cancer. | generated ATAC-seq, CUT&Tag and RNA-seq data from both primary tissue and
tumor-derived cell lines. This data is integrated together to show that YAP-associated motifs,
namely TEAD and AP-1, are associated with increased chromatin accessibility in these
YAP-driven tumors. Additionally YAP tends to bind in areas of open chromatin that have active
transcription, as measured by H3K27 acetylation. Through an integrative modeling approach the
ATAC-seq, CUT&Tag and RNA-seq data are combined to show that YAP is driving gene
expression programs associated with mTOR signaling. Interrogation of specific EGFR ligands

shows that YAP binds to the local genomic region and induces expression of Nrg1, Epgn, Axl
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and more. siRNA-mediated knockdown of these ligands shows that Nrg1 is the ligand with the

strongest effect on EGFR, and downstream mTOR signaling.
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