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Impact of Intratumor Heterogeneity and the Tumor Microenvironment in

Shaping Tumor Evolution and Response to Therapy

Akash Mitra, B.S.
Advisory Professor: P. Andrew Futreal, Ph.D.

Intratumor heterogeneity (ITH) is a crucial challenge in cancer treatment.
The genotypic and phenotypic heterogeneity underlying diverse cancer types
leads to subclonal variation, which may result in mixed or failed response to
therapy. The heterogeneity at the tumor level, along with the tumor
microenvironment (TME), often shapes tumor evolution and ultimately clinical
outcome. Given that modern treatment paradigms increasingly expose patients
with metastatic disease to multiple treatment modalities through the course of
their disease, there exists a need to characterize robust and predictive biomarkers
of response to therapy. In order to accurately characterize tumor evolution, we
need to account for both intra-tumoral genomic factors as well as how these
factors interact with the components of the tumor microenvironment to allow for
response and resistance to various forms of therapy.

Through multidimensional profiling of a tumor and its cellular ecosystem
we assessed spatial heterogeneity in response to ICB in metastatic melanoma and
highlighted the effects of copy number alterations being associated to varied

immune phenotypes. We characterized localized regions of immune activation
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by both T and B cells however, sub-regions with chromosome 7 gain displayed a
distinct lack of immunocytic infiltrate but evidence of neutrophil activation that
was recapitulated in TCGA samples and was associated with lack of response to
ICB across three separate cohorts.

Through a longitudinal sampling strategy paired to a clinical trial, we
characterized the impact of heterogeneity on therapy outcomes after combination
ICB agents in multiple sarcoma histologies. Amongst the genomic,
transcriptomic and immune-based molecular correlates analyzed, elevated
intratumoral levels of B cells were most significantly correlated with response at
both time-points, as measured by both gene expression and immunostaining.
Responsive tumors were also associated with higher diversity and richness of the
intratumoral T cell repertoire at baseline.

In order to characterize the effects of the immune-tumor
microenvironment, we used multiplex immunofluorescence to quantitatively
analyze T-cell subsets and sequenced the T-cell receptors of matched Barrett’s
Esophagus (BE) and Esophageal adenocarcinoma (EAC) samples from our
patient cohort. Through our work we identified a more infiltrated and diverse
immune microenvironment in EAC as compared to BE, however this was
primarily characterized by an immunosuppressive T-cell infiltrate, the clonal

expansion of which may have been limited with public antigenicity.
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In summary, our work frames the spatial and temporal molecular features
of heterogeneity characterized across tumors and their surrounding
microenvironment, and how their interplay in turn may influence disease

progression, tumor evolution and response to therapy.
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Chapter 1 INTRODUCTION
1.1 Intratumor Heterogeneity (ITH)

Cancer originates from histologically normal cells that progress towards neoplasia through
the accumulation of various genetic and epigenetic reprogramming events. In particular,
normal cells progress towards hyperplasia and dysplasia with an increase in cell numbers
and size, and loss of cellular orientation(Douglas Hanahan, 2000). The majority of these
changes are reversible until the first pre-invasive step of carcinoma in-situ which may then
lead to invasive carcinoma. Various molecular changes occur through these steps and
beyond in the context of metastasis and while different tumor types may exhibit different
alterations for transformation events, most share a common feature of variability present
within the cells of a single neoplastic lesion which may downstream lead to tumor
progression(Fidler, 1978, Heppner, 1984). This variability or heterogeneity may result in
changes in antigen expression, cellular behavior, metastatic potential and therapeutic
response(Axelson et al., 2005, Brown et al., 2014).

While cells acquire somatic alterations in an evolutionary process across time, the majority
of these aberrations are relatively benign passenger events that confer no selective
advantages to these cells(Kandoth et al., 2013, Lawrence et al., 2014). Cancer cells,
however, may eventually acquire driver mutations though these mutations may not
uniformly be seen within a tumor(Lawrence et al., 2014, Kandoth et al., 2013).
Additionally, increasing evidence has shown that low frequency sub-clones can assist and
aid in the growth of dominant clones. These types and distributions of mutations present in
tumors may be viewed through the lens of space, wherein tumor cells may exhibit differing

mutational events in a spatially distributed manner or through the context of time and



exposure to therapeutic interventions. Multiple facets may govern the shaping of the cancer
genome including interactions of tumor cells with accompanying cells present in the tumor
microenvironment.
1.2 Tumor Microenvironment (TME)

Bidirectional communication between cells and their microenvironment is essential for
healthy tissue and cellular homeostasis. Tumors do not exist in silos, but rather in
conjunction with normal cells found in the surrounding stroma. Infiltrating immune cells
which form the hallmark of an effector immune response in tumors have been implicated
as early as 1863 with the work of Virchow demonstrating infiltrating leukocytes as a
hallmark of cancer and thereby establishing the role of inflammation and cancer(Balkwill,
2001). While ITH leads to aberrant genomic changes in cancerous cells, tumors are also
shaped by microenvironmental populations and their stromal contributions or activation
states. Moreover, this reprogramming occurs in a cyclic manner with environmental and
oncogenic signals changing over the course of cancer progression and metastasis.
Fibroblasts and macrophages contribute towards a growth suppressive state within the
TME at early stages, however through tumor education, these cells can be re-programmed
to a pro-tumorigenic state(Qian and Pollard, 2010). Tumor associated macrophages
(TAMs) can support primary tumor growth, angiogenesis and invasion, and can secrete
growth signaling factors such as EGF which participates in a paracrine signaling loop
through tumor-induced CSF-1(Pyonteck et al., 2013). Myeloid derived stem cells
(MDSCs) and regulatory T-cells also create an anti-inflammatory phenotype in response
to tumor activated cytokine axes including TGF-B and CXCL5-CXCR2(Almand et al.,

2001). These immune-regulatory cells can inhibit antigen presentation by dendritic cells



(DCs), inhibition of T and B-cell proliferation and activation and inhibition of NK-cell
derived killing(Gabrilovich et al., 2001, Gabrilovich et al., 2012, Sinha et al., 2005, Liu et
al., 2007). Cancer associated fibroblasts (CAFs), activated through tumor induced TGF-B
signaling, can secrete VEGF, thereby supporting angiogenesis through tumor
growth(Kalluri and Zeisberg, 2006).

1.3 The immune system and cancer
Dysregulated microenvironments through the context of tissues with chronic inflammation
have been linked to higher levels of cancer incidence. In particular, through a retrospective
study of 417 cancer-free patients with liver cirrhosis, 27% of individuals went on to
develop hepatocellular carcinoma over a follow up time of 12 years(Sangiovanni et al.,
2004). Additional work in the context of inflammatory bowel disease and colitis has also
shown a causal link from inflammation to the incidence of tumorigenesis through
colorectal cancer(Beaugerie et al., 2013). An unresolved inflammatory response can lead
to the accumulation of stromal cell-types that eventually become dysregulated and lead to
the formation of a pro-tumorigenic niche.
However, the immune system can act in paradoxical formats in the context of cancer. In an
analysis of chronically immunocompromised organ transplant recipients, Stewart and
colleagues observed an increase incidence of multiple tumor types including lung, GI, skin
and genital cancers(Stewart, 1995). The balance of a suppressive immune system and
inflammation have both been shown to increase pro-tumorigenic functions, thereby
underscoring the need of better understanding the opposing functions of immune cells in
cancer.

1.4 Cancer immunology



Tumor cells traditionally function through driver genes or through the activation of
oncogenes and inactivation of various tumor suppressor genes. However, the yin and yang
of the immune system functions in tandem with the tumor ecosystem to induce both pro-
tumorigenic and pro-immunogenic factors. Moreover, while the majority of cancer
immunotherapies involve shifting the balance in favor of immune-activation and T/NK-
cell killing, only a subset of patients benefit from such immunotherapies, emphasizing the
need for better molecular stratification of patients and therapeutics.

Cancer cells may typically be recognized as foreign cells by the immune system as a result
of mutated peptides, neoantigens, that are present on the surface of cancer cells(Yarchoan
et al., 2017). Briefly, the cancer immunity cycle implies release of cancer cell antigens
which are then presented by DCs for the priming and activation by T-cells which leads to
trafficking of cytotoxic lymphocytes (CTLs) from secondary lymphoid structures to tumor
periphery.(Chen and Mellman, 2013) Once in the tumor ecosystem, CTLs recognize cancer
cells and secrete interferon-gamma to initiate tumor killing.

However, tumors may employ multiple strategies to evade immune attack which includes
losing the ability to present neoantigens through the loss of the human leukocyte antigen
(HLA)(Douglas Hanahan, 2000, Schumacher and Schreiber, 2015). Since neoantigen
presentation and an effector T-cell driven immune response is driven through Class 1 HLA
presentation on the cell surface for recognition by T-cell receptors, certain tumors evolve
mechanisms to downregulate HLA genes thereby facilitating immune evasion.
Additionally, tumors may employ immune checkpoints at the priming and activation stage
including CTLA4:B7.1, PD-L1:PD-1, PD-L1:B7.1 as well as prevent infiltration of CTLs

into the tumor bed through the secretion of VEGF and endothelin B receptors(Lippitz,



2013, Franciszkiewicz et al., 2012, Riella et al., 2012). Recognition of tumor cells by T-
cells may also be impaired through reduced MHC expression on cancer cells and tumor-
killing evaded through PD-L1:PD-1, PD-L1:B7.1, TIM-3, BTLA, VISTA, LAG-3, IDO
and other factors(Chen et al., 2012, Mellman et al., 2011, Greaves and Gribben, 2013).
Given the dawn of next generation sequencing and a better understanding of the genomic
and molecular factors that govern tumors and their immune evasion, their lies a need to
better understand predictors of response and resistance for cancer immunotherapies in
order to allow for better patient stratification for improving overall outcomes in patients,
and reducing immune related toxicities.
1.5 Immune checkpoint blockade (ICB)

The goal of cancer immunotherapies is to initiate or re-invigorate a self-sustaining cycle of
cancer immunity and to potentially overcome negative feedback loops that may be
employed by cancer cells. In the current age of personalized therapy, Topalian and
colleagues have discussed the concept of the “common denominator” approach in the
context of ICB(Topalian et al., 2015). A large number of mutational diversity and causal
driver mutations have been identified through the vast profiling of tumors over the past 20
years. ICB takes advantage of the mutational diversity by exposing the plethora of antigens
created for potential immune recognition. However, through the implication of immune
checkpoints, the innate and adaptive immune systems are often held in check with their
effector and activated functions being suppressed.

Seminal work by Leach and colleagues laid the groundwork for blocking the cytotoxic T
lymphocyte antigen 4 (CTLA-4), that led to spontaneous tumor regression in murine

models and eventually the clinical development and approval of the first in man anti-



CTLA-4 agent for patients with metastatic melanoma(DR Leach, 1996, Hodi et al., 2010).
Subsequent work highlighted the role of blocking Programmed Death-1 (PD-1) and it’s
ligand, PD-L1 in the treatment of diverse cancer types. Anti CTLA-4 agents are used to
enhance the priming of in lymphoid organs while the anti-PD-1/PD-L1 axis reverses
inhibition of intratumoral T-cells and improves antigenic response(Ribas, 2012, DR Leach,
1996). Moreover, Wei and colleagues have shown distinct mechanisms through
combination therapy that is implicated in the re-activation of previously phenotypically
exhausted T-cells(Wei et al., 2019). The 5 year survival rate for diseases such as metastatic
melanoma have dramatically improved with the advent of ICB however, this finding is
extended only to a subset of patients afflicted with melanoma and an even smaller subset
of cancer patients overall(Larkin et al., 2019). Several groups have recently undertaken the
task of elucidating pre- and early on-treatment predictors of various ICB agents through
advances in tumor and host-immune factor sequencing(Chen et al., 2016a, Reuben et al.,
2017, Roh et al., 2017, Snyder et al., 2014a, Rizvi et al., 2016, Hellmann et al., 2018, Hugo
et al., 2016, Zaretsky et al., 2016, Cloughesy et al., 2019, Ock et al., 2017, Riaz et al.,
2017b, Samstein et al., 2019, Mandal et al., 2019).
1.6 Cancer Immunogenomics — Neoantigen Prediction

The advent of next generation sequencing has led to many advances in discovering and
characterizing normal as well as malignant genomes. Early efforts by the Cancer Genome
Project and The Cancer Genome Atlas program, have allowed us to understand drivers and
dependencies in cancer genomes and how they manifest and evolve through disease and
therapy. The work initially started with genomic next generation sequencing (NGS)

technologies that allowed for the detection of single nucleotide variants, insertions and



deletions, copy number alterations and structural variants present in the cancer
exome/genome. This was eventually expanded upon to include other modalities including
evaluating the transcriptome through RNA-sequencing and the epigenetic landscape
through bisulfite/methylation-based sequencing. Through a multidimensional lens, we can
characterize multiple molecular markers to understand the mechanisms through which
cancer cells establish and expand their niche.

While cancer cells may possess several alterations, neoantigens represent somatic
mutations that can be presented by DCs and recognized by the immune system as
foreign(Chen and Mellman, 2013). Over the course of the past decade, large amounts of
data have been used to generate and predict candidate neo-antigens in silico to allow for
more efficient therapeutic targeting. Briefly, somatic mutations are called using variant
callers with sequences spanning the somatic point mutation being translated into mutated
peptides with k-mer amino acids varying in length from 8-11 amino acids(Lundegaard et
al., 2008, Karosiene et al., 2013). Following which, we can perform HLA-typing and
binding affinities of the predicted mutated peptides can be computed against patient
specific HLA molecules through the wuse of neural networks and large
databases(Lundegaard et al., 2008, Karosiene et al., 2013). A candidate short list of
predicted neoantigens can then be computed by sub-setting the IC50 binding affinities
under a particular nanomolar threshold.

1.7 Cancer Immunogenomics — T-cell Receptor Profiling

An active effector immune response is employed through the engagement of T-
lymphocytes against neoantigens. T-cells recognize and bind to these foreign molecules

through the use of antigen binding receptors. The vast amounts of diversity present in the



immune repertoire is caused due to V(D)J recombination which results in the somatic
recombination of the gene segments present in the variable (V), diversity (D), and joining
(J) region of the T-cell receptor (TCR) loci(Market and Papavasiliou, 2003, Schatz, 1992).
Following recombination, a sub-sample of nucleotide are removed from the junction sites
and the alpha and beta subunits combine to form one TCR(Market and Papavasiliou, 2003).
The uniqueness of the TCR rearrangement is determined by the complementary-
determining regions 3B (CDR3B), which is the junctional site of VDJ recombination,
accounting for the most variability in the TCR repertoire(Janeway CA Jr, 2001).

Through recent advances in targeted repertoire sequencing, we can now sequence the
CDR3 region of the TCRa and TCRP subunits to investigate TCRs present in the TME or
in the peripheral blood of patients. Immuno-sequencing of the TCR allows for the
comprehensive assessment of the repertoire and enables us to correlate immune responses
pertaining to tumor growth or shrinkage present within a tumor and its ecosystem, or
through the patient as a whole. However, given that genomic material for TCR-sequencing
may not always be available, several groups have implemented algorithms to probe RNA-
sequencing data for TCR rearrangements(Bolotin et al., 2015, Li et al., 2016a). Following
the sequencing or de-convoluting the immune repertoire, multiple ecology-based
characteristics can be employed to detect the clonality and diversity of the repertoire. The
richness of the repertoire can be obtained through the total number of unique nucleotide
rearrangements present in a sample. Simpsons clonality allows us to determine the shape
of the repertoire, wherein values approaching 1 indicate a highly monoclonal and values
approaching 0 indicating a highly polyclonal repertoire(Simpson, 1949). Simpsons

clonality is defined as the square root of the sum of all observed rearrangements of the



square fractional abundance of each rearrangement(Simpson, 1949). Additionally, it can
also be computed as the square root of Simpsons Dominance (D)(Simpson, 1949). Values
for Simpsons Dominance are also categorized in the same 0 (highly polyclonal) to 1 (highly
monoclonal) range. Simpsons dominance can be transformed to Simpsons diversity
through either the complement (1-D) or the reciprocal (1/D)(Simpson, 1949). The former
ranges from 0 (highly monoclonal) to 1 (highly polyclonal) while the latter is characterized
between 1 and the richness of the repertoire. Additionally, the Shannon entropy can also
be used to represent diversity with high entropy samples being highly diverse and low
entropy samples having lower diversity(Schneider-Hohendorf et al., 2016, CE, 1963).
Mathematically, its defined as the sum of frequency of each clone multiplied by the log2
base of the same frequency over all productive rearrangements in a sample.
1.8 Cancer Immunogenomics — Immune Deconvolution

Immunohistochemistry (IHC) or multiplexed immunofluorescence (mlIF) profiling allows
us to quantitate the characterize the presence of various immune and non-immune markers
present within tumor bed and it’s periphery. However, sampling all immune markers may
not be feasible with a certain block of tissue. In order to quantitate the various immune
components, present within a sample, recent algorithms have taken advantage of RNA-
sequencing technologies to deconvolute various immune and stromal compartments
present within a sample. Newman and colleagues released the first version of their tool,
CIBSERSORT, which was built on microarray data in 2015(Newman et al., 2015).
Following which, several groups have built algorithms and classifiers to characterize cell
composition from complex tissue(Aran et al., 2017, Finotello et al., 2019, Sturm et al.,

2020). Li and colleagues developed TIMER to probe tumor infiltration lymphocytes from



the TCGA and their interactions with cancer cells(Li et al., 2016b). Becht et al developed
MCP-counter to allow for the robust identification of multiple immune and stromal cell-
based populations(Becht et al., 2016). Additionally, Newman and colleagues re-built
CIBERSORT absolute to allow for an absolute quantification of immune and stromal cells
as well as CIBERSORTx for implementation on single cell RNA-seq data(Chen et al.,
2018a, Newman et al., 2019). In addition to characterizing specific cell populations, an
absolute quantification of the cell populations allows us to understand relationships and
interactions between different immune and stromal cell types and could be further
correlated with tumor shrinkage and growth. These analyses could be performed in
addition/in conjunction with typical transcriptomic workflows involving differential
expression and gene set enrichment analysis.
1.9 Co-evolution of tumor genomics with immune landscape

Significant work through various groups have extended our understanding of genetic
factors influencing tumor evolution(Nowell, 1976, Greaves and Maley, 2012). More
recently, non-genomic features have been implicated in the evolution of cancer cells.
Epigenetic dysregulation through means such as promoter hypermethylation, altered
enhancer activity changes in chromatin configuration can influence transcription and gene
expression(Flavahan et al., 2017). Alterations in the cancer genome can induce transient
changes in gene expression and regulate highly plastic gene expression networks.
Dysregulation of the cancer epigenome has been implicated wherein increased global
enhancer expression was depicted across multiple cancer types with enhancer activity
being correlated with the fraction of the genome being affected by CNAs(Chen et al.,

2018b). While preliminary work has been undertaken in the potential consequences of the

10



CNAs and its impact on chromatin state, the evolutionary context of epigenetic
dysregulation still requires further work.

The cellular transcriptome has also been shown to be implicated through alternative
splicing, alternative promoter usage, gene fusions and aberrant oncogenic signaling, to
ultimately affect the genomic determinants of cancer(Kahles et al., 2018, Demircioglu et
al., 2019, Group et al., 2020, Shiraishi et al., 2018). Through a variance component
analysis, the PCAWG group found that CNAs was the most determinant genomic event
influencing gene expression(Group et al., 2020). Additional work has revealed that RNA
variants through editing enzymes also result in diversity within tumors that may ultimately
impact protein function(Chen et al., 2013, Baysal et al., 2017).

Transcriptomic variation has been leveraged due to its ability to implement expression
based biomarkers to predict clinical and therapeutic outcome (Carter et al., 2006). Multi-
region sequencing studies help us further elucidate the ITH that may be caused due to gene
expression through paired genomic and transcriptomic sequencing. Biswas and colleagues
identified a dominant role of CNAs in influencing gene expression and the ITH described
as a result of copy number events was strongly correlated to the ITH observed through gene
expression(Biswas et al., 2019). Additionally, through further granular modalities like
single cell sequencing, we can capture epigenetic and transcriptomic changes that may
govern tumor evolution. Through work conducted in model organism, Lafave et al
described the epigenetic and landscape of lung adenocarcinoma cells en-route to metastasis
revealing important changes in chromatin state, loss of cellular identity and alterations in
transcription factors(LaFave et al., 2020). Through this work, the authors were able to not

only determine the stemness of cells undergoing metastasis, but also the diverse
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transcriptional and epigenetic landscapes that may influence the evolutionary trajectory of
a tumor combined with their ability clinically correlate these findings to survival in human
patients.

Given that a genomic silo of cancer evolution may not always be representative,
remarkable breakthroughs in cancer immunotherapies have occurred as a result of
disrupting signaling between cancer and immune cells. In the context of therapeutic
intervention, particularly with the advent of ICB, it is now well known that various non-
genetic factors can influence response and resistance to therapy. Given that a directed
adaptive immune response is directed through a neoantigen specific genetic route, tumor
cells undergo negative selection pressures to evade immune detection and elimination.
Mutations in the B2-microglobulin gene (B2M), a component of the MHC, can disrupt
antigen presentation in response to immune attack(Rooney et al., 2015, Zaretsky et al.,
2016). In a seminal study conducted by McGranahan et al, HLA Loss of Heterozygosity
(LOH) was detected in 40% of lung adenocarcinomas with a subclonal alteration in 65%
of cases(McGranahan et al., 2017). CNA of non-HLA loci can also promote immune
evasion through copy number loss of neoantigens capable of stimulation an effector T-cell
response(Rosenthal et al., 2019). Multi-region sampling also went on to show immune-
excluded tumor regions to be characterized through copy number amplifications of MYC
target genes and WNT signaling in ovarian cancer(Jiménez-Sanchez et al., 2017).

Given that not all neoantigens may stimulate a functional T-cell response, substantial work
by the TRACERx consortia characterized clonal neoantigens that must be targeted for
effective response to ICB(McGranahan et al., 2016). In a multi-region study, Joshi et al

described the spatial heterogeneity present in the TCR repertoire and correlated the number
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of T-cells clones found in tumor regions to the clonal mutations thus emphasizing the
importance oof neoantigens in stimulating an early response in tumor evolution(Joshi et
al., 2019). Moreover, the clonality of T-cells within a tumor has also been associated with
improved response to anti PD-1 therapy in the context of metastatic melanoma(Tumeh et
al., 2014, Roh et al., 2017). Important to note that clonal diversity of neoantigens can also
influence the antitumor immune response. In particular, a mouse model of UV induced
melanoma illustrated increased clonal diversity of a developing tumor is associated with
evasion of an anticancer immune response(Wolf et al., 2019). This clonal diversity can
provide negative selection pressures to a growing tumor and shape it’s clonal composition.
1.10 Hypothesis and Specific Aims
Hypothesis: Integrative spatiotemporal approaches for biomarker discovery and immune-
tumor evolution
While past studies have focused and succeeded on identifying genetic biomarkers and
non-genetic/immune biomarkers to therapy response and tumor evolution, there is a lack of
information about mechanistic links between genetic and immune biomarkers and how they
work in combination with the TME to shape tumor evolution, and response and resistance to
therapy. To this end, our studies focus on a multiplatform approach incorporating genomic
data through whole exome sequencing or deep targeted panel sequencing, transcriptomic data
through RNA-sequencing or targeted Nanostring gene expression profiling, epigenetic
profiling through the EPIC 450K methylation array, immunological data through 12 marker
IHC or mIF combined with TCR-sequencing along with proteomic approaches through the
reverse phase protein assay. The genomic data allows us to unravel genetic somatic mutational

and copy number events at play along with understating the mutational signatures that may
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govern response and tumor evolution in these contexts. The transcriptome allows us to
additionally deconvolute the various immune and stromal components present along with
identifying gene fusions that may also be candidate neoantigens.

I hypothesize that through this multimodality approach, we are able to paint an
integrative picture that allows us to discern tumor biology and evolution, along with the
characterization of the tumor-immune microenvironment and how they work in tandem to
shape response and resistance to ICB. This work is performed in three sub-projects that aim to
understand spatial heterogeneity in a single patient, genetic and immunological biomarkers for
response and resistance to ICB, and to understand the co-evolution of tumors along with their
immune contexture.

Specific Aims

Aim 1: To characterize spatial intratumor heterogeneity within metastatic melanoma and
investigate cellular interaction within a tumor ecosystem by integrative analysis of
multidimensional profiling

Aim 2: To delineate genetic and immunobiological biomarkers of response and resistance to
ICB through longitudinal sampling in the context of metastatic sarcoma

Aim 3: To characterize the landscape of immune microenvironment of Barrett's esophagus and
high-grade dysplasia by multiplex immunofluorescence and TCR sequencing

Rationale

ITH has been recognized as a crucial challenge in cancer treatment. Sequencing of tumors in
spatially distinct regions showed considerable amount of heterogeneity within tumors.
Recently, single cell sequencing has been utilized to decipher genotypic and phenotypic states

that exist within bulk tumors. However, previous approaches of multi-region sequencing and
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single cell sequencing required the process of tissue dissociation or micro-dissection, which
led to loss of three-dimensional spatial information of a tumor. Through multidimensional
profiling of a three-dimensional dissection of a single tumor, we can obtain rich information
about the cellular ecosystem within a single tumor at an intermediate resolution between a bulk
tumor and a single cell. Additionally, ITH has been implicated in lack of response to multiple
therapeutic interventions. Given that response rates to ICB remain modest, there exists an
unmet need to find biomarkers predictive of response to ICB and to better understand
resistance mechanisms. Through longitudinal pre-treatment and early on-treatment sampling,
we aim to discover biomarkers of response and resistance by identifying predictive signatures
from the pre-treatment biopsies and better understand the dynamic changes that tumors
undergo through therapy. Given that cancers exploit local environments composed of immune
cells and stroma, we need to incorporate non-genetic/immune markers to characterize
evolutionary changes within tumors. Through comprehensive immunophenotyping, we can
uncover the immunologic compositions present in pre-tumorigenic stages and how this may

play out in invasive carcinoma.
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Chapter Two: Materials and Methods
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Aim 1: To characterize spatial intratumor heterogeneity within metastatic melanoma and
investigate cellular interaction within a tumor ecosystem by integrative analysis of

multidimensional profiling

Biospecimen collection

Patient data, tumor samples, and matched peripheral blood leukocyte samples were obtained and used
in accordance with research protocols approved by the local Institutional Review Board of the
University of Texas MD Anderson Cancer Center. Biospecimens were retrieved, collected and analysed
under UT MD Anderson Cancer Center Institutional Review Board approved protocols in accordance

with the Declaration of Helsinki.
Sample processing — spatial intratumoral analysis

We developed a 3-dimensional model for processing a whole resected metastatic lesion. The lesion

measured 2.5cm x 2.4cm x 1.5¢m and was obtained from abdominal wall soft tissue.
Processing consisted of the following steps:

1) Following resection, the specimen was measured and oriented according to its largest diameter.
Lateral (short axis, “left”/’right”) orientation was preserved by differential inking of the outside surface

with red or blue ink.

2) The specimen was serially sectioned perpendicularly to its largest axis resulting in 8 slices of 2mm

to 3 mm thickness. The cut surface was then painted prior to each cut to preserve the true orientation.

3) Alternate slices were submitted for FFPE (4 slices; odd numbered slices) or frozen (4 slices; even
numbered slices) processing. FFPE slices were used for pathological assessment and
immunohistochemistry analysis. Frozen slices were embedded in optimal cutting temperature

compound (OCT) and used for DNA, RNA and protein extraction and downstream analyses.
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4) For frozen sections, H&E staining was performed for histological quality control (QC). Frozen
sections were further squared into a 0.2-0.4cm grid as shown in Fig. 1B and Extended Data Fig.3,
generating a total of 67 sub-regions of tumor. Due to the variation in tumor shape throughout three-
dimensional space, each tumor slice presented a distinct cross-sectional area and thus a unique grid was
applied to each frozen tumor slice (slice 7) and the immediately adjacent FFPE slices (slices n-1 face
B and n+1 face A). Thus, whilst sub-region numbering generally proceeded bottom-to-top and right-
to-left, specific slice sub-region numbering is not directly comparable between slices. Each piece was

labeled and numbered.

5) Histopathological review for assessment of viable tumor, inflammatory infiltrate, necrosis and

connective tissue of each sub-region piece was performed by a pathologist.

5.1) Designation of sub-regions as located at the tumor core or margin was performed by
inspection of all regions annotated on SOX10-stained IHC slides to infer a volumetric estimate
of tumor content and location. Three-dimensional variation throughout the frozen slices was
accounted for by considering the immediately adjacent FFPE slices (i.e.: above AND below,
when both were available) in order to arrive at a consensus call to categorize tumors as core or

margin.

5.2) Immune infiltrates were evaluated using CD45-LCA positive cell density measured by
digital image quantification using the Aperio ImageScope software. CD45+ density was then
categorized as low, medium or high by binning into lower, middle, or upper tertiles considering
all regions analyzed. Several additional factors required consideration before arriving at a final
semi-quantitative categorization as having focal, low, moderate or high immune infiltration:
between-slide variation in staining efficiency, spatial distribution of immune cell content
(focal, broad, intra/peri-/extra-tumoral), and a consensus estimate for genomic frozen slices by
considering the adjacent FFPE sections on both sides for which the higher immune content was

assigned precedence.
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6) Frozen section squares were submitted for dual DNA and RNA extraction, and for protein extraction.

7) DNA samples were submitted for T200 targeted sequencing (n=38), methylation (n=38), whole
exome sequencing (n=6) and TCR sequencing (n=46). RNA samples were submitted for gene

expression profiling by RNA sequencing (n=48) and TCR sequencing (n=46).

Sample processing — longitudinal time points

Archival formalin-fixed paraffin-embedded specimens from the lung metastasis (pre-treatment) and
right gluteal mass (post-PD-1 inhibitor) were obtained from the institutional pathology department and
utilized for tumor evaluation by a Pathologist, DNA/RNA extraction, and immunohistochemistry as

described below.

A single cell suspension was generated from the post-PD-1 inhibitor time point tumor by gentle
mechanical digestion of fresh tumor material, followed by enzymatic digestion with 2mg/mL
collagenase A (Roche, Cat. No. 11 088 793 001) and DNase I (Roche, Cat. No. 11 284 932 001) in
serum-free RPMI-1640 (Gibco, Cat. No. 11875119) for 1 hour at 37°C with agitation. The
cryopreserved single cell suspension was thawed and purified for viable cells by negative selection
using the MACS Dead Cell Removal Kit (Cat. No. 130-090-101) and a LS Column (Cat. No. 130-042-
401) on the QuadroMACS Separator (Cat. No. 130-090-976, all Miltenyi Biotec). The purified single
cell suspension was stained with SYTOX blue dead cell stain (Cat. No. S34857, Thermofisher
Scientific), anti-human CD45 PerCP-Cy5.5 (clone HI30, Cat. No. 564105, BD Biosciences), anti-
human CD3 FITC (clone SK7, Cat. No. 340542, BD Biosciences) and anti-human melanoma (MCSP)
APC (Cat. No. 130-091-252, Miltenyi Biotec) prior to cell sorting on a BD FACSAria III flow
cytometer (BD Biosciences) to enrich for a live T cell fraction (CD45+CD3+) and live tumor fraction

(CD45-MCSP+)(Campoli et al., 2004).

Nucleic acid extraction
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DNA and RNA isolation were performed using the AllPrep DNA/RNA/miRNA Universal kit (Cat. No.
80224, Qiagen) for fresh frozen samples and the AllPrep DNA/RNA FFPE kit (Cat. No. 80234, Qiagen)
for FFPE samples according to the manufacturer’s instructions. Tumor viability of 80% estimated from
corresponding IHC samples was set as a minimum threshold for genomic analyses. Samples with DNA
integrity numbers (DIN) greater than 7 were used for targeted panel sequencing and EPIC array
methylation profiling. RNAseq was performed on samples with a minimum RNA integrity number
(RIN) of 5.5 except for two cases (6A10 and 8A3) with RINs greater than 3. A minimum of 700ng of

RNA were required for all samples undergoing RNAseq.

Cancer gene panel DNA sequencing

Samples with cancer cell purity greater than 80% based on pathologic assessment were used for cancer
gene panel DNA sequencing. Mean sequencing coverage was 861x in tumors and 1,314x in germline
samples. Paired-end reads in FASTQ format were generated by the Illumina pipeline and aligned to the
reference human genome hg19 build using the Burrows-Wheeler Alignment Tool (BWA, v0.7.5) with
default settings(Li and Durbin, 2009). Aligned reads were further processed using GATK with best

practices for removing duplicates, indel removal and recalibration(Van der Auwera et al., 2013).

To detect potential single nucleotide variants, MuTect (v1.1.4) was used with default parameters
including a variant allele frequency of >10% in tumor DNA, variants present on both strands, a high
read count of tumor DNA and the removal of positions listed in dbSNP 129(Cibulskis et al., 2013).
Pindel (v0.2.4) was used to identify small insertions and deletions(Ye et al., 2009). Copy number was
called using Sequenza (v2.1.2)(Favero et al., 2015). Tumor purities and ploidies were calculated from
Sequenza calls using the sequencing data with default parameters. The content of the cancer gene panel

is given in Supplementary Data 2.

Whole exome sequencing
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Exome sequencing data was generated using methods as previously described, including library
preparation using the Agilent SureSelect XT Target Enrichment protocol (#5190-8646) prior to
sequencing on an Illumina HiSeq 2000/2500 v3 system using 76bp paired-end reads®. Raw sequencing
data was then processed using Saturn V, the next generation sequencing data processing and analysis
pipeline developed by the Department of Genomic Medicine at the UT MD Anderson Cancer Center.
BCL files were pre-processed using CASAVA (Consensus Assessment of Sequence and Variation,
v1.8.2) for demultiplexing and converting to FASTQ. The files were aligned using the Burrows-
Wheeler Alignment Tool (BWA, v0.7.5) using the hg19 reference genome build(Li and Durbin, 2009).
Picard (v2.5.0) was used to convert SAM files to BAM files and remove duplicates. BAM files were
realigned and recalibrated using GATK. Mean coverage was 181X for tumors and 81X for matched
germline DNA. MuTect and Pindel were used to identify somatic point mutations and small insertions
and deletions respectively(Cibulskis et al., 2013, Ye et al., 2009). Somatic mutations in HLA genes
were called using POLYSOLVER (v1.0)(Shukla et al., 2015). Data was annotated by ANNOVAR

(v20180118) using the NCBI Reference Sequence Database(Wang et al., 2010).
Phylogenetic tree construction

Mutations that passed our WES Mutect filtering criteria were considered for the purpose of constructing
phylogenetic trees. A tumor power of 0.8 was used to filter mutations that reflected the power to detect
a mutation at 0.30 allelic fraction. Trees were built using binary presence/absence matrices built from
the distribution of mutations within the tumor samples. A representative sub-region sample was chosen
from the four frozen slices of the on-PD-1 inhibitor tumor (Figure 1B), thus producing a total set of 6
samples being compared (pre-treatment x1, on-PD-1 inhibitor x4, post-PD-1 inhibitor x1). Since the
most-inferior section (section 8) of the on-PD-1i tumor was largely necrotic, we sampled two regions
from the preceding frozen section (final samples: 2A2, 4A11, 6A3, 6A16). In order to compare the
three timepoints at bulk tumor level, we combined the multiple on-PD-1 inhibitor tumor sub-samples.

The R Bioconductor package phangorn (v2.5.5) was utilized to compute the hamming distance under
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the neighbor joining tree method, and generated unrooted trees(Schliep, 2011). The distance was
computed after 100 bootstrap iterations with the bootstrap value reflected on the branch. We identified
somatic mutations using MuTect and both DNA copy-number changes and tumor purity using
Sequenza(Cibulskis et al., 2013, Favero et al., 2015). We estimated the cancer cell fractions identified
with a particular mutation, accounting for tumor purity, using PyClone (v0.13.0), which was used to
infer cancer cell fractions and assign clonal clusters(Roth et al., 2014). Further clonal evolution was

evaluated through ClonEvol (v0.1)(Dang et al., 2017).

RNA sequencing

Paired-end transcriptome reads were aligned using TopHat2, to the UCSC hg19 reference genome(Kim
et al., 2013). Gene read counts were generated using Htseq-count(Anders et al., 2015). Bioconductor R
package DESeq2 (v1.24.0) was used to normalize the read counts and for downstream analysis, vsn
(v3.52.0) was used for variance stabilization(Love et al., 2014, Lin et al., 2008). Differential gene
expression analysis between the heavy and low infiltrated samples were performed after adjusting for
variation in tumor content due to core or margin location by excluding samples with very low tumor
purity (i.e.: sampling predominantly surrounding stroma). Genes with significant changes in expression
were assessed by including the top 1,000 most variant genes after performing median absolute
deviation. The genes were clustered based on Euclidean distance and the samples based on Pearson
correlation with complete linkage. DAVID (v6.8) online functional annotation tools, showed immune-
regulated pathways from the most variable genes with an FDR cutoff of 1%(Huang et al., 2007).
Pathway analysis was performed on the most differentially expressed genes. ssGSEA was run through
GSVA (v1.32.0). Pathway level enrichment was run on the output of DESeq2 for each condition
through DOSE (v3.10.2) and ClusterProfler (v3.12.0)(Hénzelmann et al., 2013, Yu et al., 2015, Yu et
al., 2012, Yu, 2018). Cell type-specific gene expression was evaluated using immune and melanoma-
specific markers. All heatmaps were constructed using ComplexHeatmap (v2.0.0)(Gu et al., 2016).

ESTIMATE (v1.0.13) was used to detect tumor purity and the presence of infiltrating stromal/immune
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cells in tumor tissues using gene expression data(Yoshihara et al., 2013). Sample distances were
visualized using Circlize (v0.4.8) and Plotly (v4.9.0)(Gu et al., 2014, Inc). Consensus clustering was
performed using the Consensus Cluster Plus (v1.48.0)(Wilkerson and Hayes, 2010). Hierarchical
clustering was used to group the 48 transcriptomic samples with a maximum cluster count of 20. The
delta area plot was used to determine the relative increase in consensus clustering of samples within a
given cluster, and to determine a value of k beyond which no appreciable increase was achieved. The
tracking plot was used to depicts which samples were allocated to which cluster, and lack of correlation
with geographic location of the sample. For validation across public datasets, we used RPKM/FPKM
values to build linear models of expression, given the design matrix of binary responders and non-
responders using response classifications based on RECIST v1.1 criteria provided with each paper. In
order to compare the most representative samples across all datasets, we restricted our analysis from
the Riaz dataset to include only the on-treatment time point samples. Ribosomal L and S (RPL and RPS
respectively) genes were excluded from downstream analysis, following which the expression values
were log-transformed. Linear modelling was performed to fit a model of expression values for each
gene, given the binary response status(Ritchie et al., 2015). Empirical Bayes moderation was then
carried out by utilizing information across all genes to obtain precise estimates of gene-wise
variability(Smyth, 2004). The differentially expressed genes were characterized by FDR-adjusted p-
values of less than 0.05 and log fold change in the positive direction for the non-responders.
Downstream GO and KEGG pathway enrichment was performed using ClusterProfiler based on a

logFC greater than 7 and an adjusted P-value of less than 1e-5(Yu et al., 2012).

Methylation analysis

We studied methylation levels through the pipeline integrated into the Bioconductor package, ChAMP
(v2.14.0) using R(Morris et al., 2014). The data was imported as raw idat files and a variety of quality
control plots were evaluated. The data was imported and filtered based on detection p-value (<0.01)

and probes with less than 3 beads in 5% of samples per probes. Non-CPG probes and SNP-related
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probes were then removed. Finally, multi-hit probes and probes located on the X chromosome were

filtered out.

Type II probe normalization was performed using BMIQ (v1.5)(Teschendorff et al., 2013). We also
assessed the number and nature of significant components of variation by using singular value
decomposition to look at batch effects and COMBAT (v3.32.1) for batch correction(Johnson et al.,
2007). For the identification of Differentially Methylated Regions (DMRs), the BumpHunter (v1.26.0)
method was used to identify extended segments of the genome that show quantitative alteration in DNA

methylation levels(Jaffe et al., 2012).

We used the mean normalized value of beta to collapse probe level data to gene-wise data for integrative
analysis. Genes on chromosome 7 were used to compare the correlation of expression and methylation.
The gene level beta values for the most variable genes from expression were used to compare with copy

number and expression data.

TCR sequencing

DNA-based: DNA sequencing of the variable region of the beta chain of the T cell receptor was
performed by ImmunoSeq (Adaptive Biotechnologies, Seattle, WA)(Robins et al., 2009a, Carlson et
al., 2013). RNA-based: RNA sequencing of the variable chain of the T cell receptor was performed
using Immunoverse TCR (ArcherDX, Boulder, CO)(Chasseriau et al., 2004). The TCR clonality was
used for linear regression. The top 5 clones with respect to DNA and RNA clonal fractions were
calculated for each sample, and their residuals from the line of best fit were used as a measure of
activation of TCR clones. Spearman’s rank correlation was performed between the residuals and the
clonality measured from DNA-based TCR sequencing. The top clones were analyzed using both
platforms independently and then concurrently. Plot3D was used to map the potential trajectory of the
most dominant clones across all regions(Soctart, 2013). TCR statistics were computed using the R

package tcR (v2.2.4)(Nazarov et al., 2015).
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Stimulation of ZDNNC17 p.HS507Y neoantigen specific T cells

To evaluate the potential in vitro immunogenicity of the ZDNNC17 p.H507Y neoantigen, we
synthesized 12 overlapping candidate 9-mer peptides (ELIM Biopharmaceuticals, Inc, Hayward, CA),
spanning the neoantigenic point mutation, and used these peptides to elicit T cell responses from HLA -
A*0301 donor PBMC. Peptides were dissolved in 1x PBS at a concentration of 10 mg/mL. HLA-
A*0301-transfected K562 (A3-K562) cells pulsed with 2 ug/mL of each ZDNNC17 p.H507Y peptide
were used as antigen presenting cells for stimulating CD8+ T cells from each of two HLA-A*0301
donors using methods previously established in our lab®'. For each peptide stimulation, irradiated (8000
rads) peptide pulsed K562 cells were co-cultured in a 48 well plate with 1 million PBMC from each
donor at a ratio of 1:20 in RPMI-1640 containing 25 mM HEPES, 2 mM L-glutamine, 10% human AB
serum (CTL medium) and B2-microglobulin (3 pg/mL)(Pollack et al., 2014). Three rounds of PBMC
stimulation with peptide pulsed A3-K562 were performed at 7-day intervals. During the first
stimulation, IL-21 (30 ng/mL; Peprotech, Rocky Hill, NJ, USA) was included in the cell culture
medium and during the second and third stimulation cycle, IL-21 (30 ng/mL), IL-2 (10 ng/mL; Bayer,
Terrytown, NY, USA) and IL-7 (5 ng/mL; R&D Systems, Minneapolis, MN, USA) were added to the
growth medium as previously described(Pollack et al., 2014, Li et al., 2005). Controls included PBMC

co-cultured with non-pulsed A3-K562 cells and A3-K562 pulsed with a pool of all 12 peptides.

After three rounds of stimulation, an aliquot of 100,000 cells from each well was co-cultured overnight
with peptide pulsed K562 cells at a ratio of 10:1 to assay for antigen specific T cells using flow
cytometry-based intracellular IFN-y production assay(Fan et al., 2018). The cells were cultured in the
presence of the intracellular protein transport inhibitor Brefeldin A (Thermo Fisher, USA). After
overnight culture, cells were washed and then stained with CD8-APC (Clone K1, BioLegend, San
Diego, CA) for 20 min. Intracellular staining for IFN-y-PE (Clone B27, BioLegend, San Diego, CA)
was performed according to the manufacturer’s protocol. After staining, cells were resuspended in

100uL of FACS buffer and data was acquired using a NovoCyte Flow Cytometer (ACEA Biosciences,
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San Diego, CA). Data were analyzed using FlowJo™ software (Tree Star, Ashland, OR, USA). The
percentage of background IFN-y positive cells was determined by the response of PBMC co-cultured
with non-pulsed K562 cells and peptide-specific responses were registered as positive if the proportion
of T cells producing IFN-y in response to stimulation with ZDNNC17 p.H507Y derived peptide was
>2-fold higher than the background proportion of IFN-y+ CD8 T cells(Doubrovina et al., 2012). PMA

+ ionomycin treatment of PBMC served as a positive control for the IFN- y production assay.

Single cell sequencing

Three technical replicates of FACS-sorted T cells (CD45+CD3+) and one replicate of FACS-sorted
tumor cells (MCSP+) were loaded to a targeted 10,000 cells per lane on the 10X Genomics Chromium
Controler with the single cell 5° Immune Repertoire and Gene Expression profiling kit. In total, we
loaded ~30,000 individual tumor infiltrating lymphocytes (TILs) and ~10,000 melanoma cells on the
10X platform (10X Genomics, CA, USA). Reverse transcription, TCR enrichment, and library
preparations were performed according to the 10X Genomics 5° V(D)J protocol revision C.
Transcriptome libraries were pooled and sequenced on the Illumina NovaSeq 6000 S2 flow cell with
26 R1, 8 17, and 91 R2 cycles respectively. The TCR libraries were pooled and sequenced on the
Ilumina MiSeq V2 150 cycles paired-end. Single cell transcriptomic and TCR data was processed with
the 10X Genomics Cell Ranger Pipeline version 2.2.0 with the software-provided GRCh38 reference
transcriptomes(Zheng et al., 2017). After quality control, there was RNAseq profile data available from
6267 immune and 4303 melanoma cells. Downstream processing and visualization was encompassed

through Seurat and tSNE plots(Satija et al., 2015, Van Der Maaten and Hinton, 2008).

Neoantigen prediction

HLA Class I neoepitopes were predicted for each sample and affinity was predicted for the predicted
peptides using NetMHCpan (v2.8)(Karosiene et al., 2013). Patient HLA-A, HLA-B and HLA-C

variants were identified using ATHLATES (v2014 04 26)(Liu et al., 2013). All possible 9- to 11-mer

peptides flanking a nonsynonymous exonic mutation were generated and binding affinity was predicted
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based on patient HLA and compared to the wild-type normal peptide counterpart from
NetMHCpan(Karosiene et al., 2013). MuTect calls were filtered using tumor count >30, normal count
>10, tumor VAF >0.05, normal VAF <0.01 and tumor power >0.8(Cibulskis et al., 2013). Additionally,
a FPKM count >1 and an alternate allele count >4 was leveraged from the RNA-seq data. Mutated

peptides with predicted ICsp <500nM were considered to be predicted neoantigens.
Copy number alteration (CNA) analysis

Sequenza was used to obtain copy number segments of log, copy ratios for tumor samples(Favero et
al., 2015). CNTools (v1.24.0) was used to identify copy number gain/loss events at log, thresholds of
0.6(Jianhua, 2018). The burden of copy number gain or loss was extrapolated from the total number of
genes with copy number events in each sample. ExomeCNV (v1.4) was used to calculate the log» copy
ratios(Sathirapongsasuti et al., 2011). For the TCGA dataset, processed segmented values were used.
Whole chromosome 7 events were characterized as log segmented mean values greater 0.3 and covering

greater than 70% of the length of the chromosome.
Reverse-phase protein array

Frozen tumor sub-region samples were processed for RPPA analysis in the UT MD Anderson Cancer
Center RPPA Core Facility using previously described methods
(https://www.mdanderson.org/research/research-resources/core-facilities/functional-proteomics-rppa-
core/rppa-process.html). Briefly, tumor lysates were prepared in RPPA lysis buffer, serially diluted and
printed onto nitrocellulose-coated slides prior to being probed with ~300 validated primary antibodies
and detection with biotinylated secondary antibodies specific for the primary antibody species. Signal
amplification and visualization by a DAB colorimetric reaction was performed prior to slide scanning
and quantification using the Array-Pro Analyzer software (MediaCybernetics), relative protein level

estimation using SuperCurve GUI, correction for spatial bias and QC check of each slide.

Ba/F3 transformation assay
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Transforming potential of JAK1 wild-type (WT) and variants were assayed in IL-3-dependent Ba/F3
cell model as described previously(Ng et al., 2018). Briefly, lentivirus vector of JAK1 WT and variants
were generated with pHAGE-PURO backbone by High-Throughput Mutagenesis and Molecular
Barcoding (HiTMMoB) technique as described previously(Tsang et al., 2016). All clones were full-
length validated by Sanger sequencing. Virus were produced by transfecting LentiX-293T cells
(Clontech) with pHAGE-PURO backbone and two packaging plasmids (psPAX2 and pMD2.G) and
were harvested by filtration through 0.45um PVDF filter 3 days post-transfection. Six hundred
thousand Ba/F3 cells were transduced by spinoculation at 1000g for 3 hours in the presence of
polybrene (EMD Millipore; final concentration: 8 pg/ml), and then incubated in the assay medium
without IL-3 (Advanced RPMI 1640 with 1x GlutaMAX and 5% FBS; Thermo Fisher Scientific) for 2

weeks. Cell viability was measured by CellTiter-Glo luminescent cell viability assay (Promega).

Immunohistochemistry

Immunohistochemistry (IHC) was performed on each of the 4 FFPE sections using an automated stainer
(Leica Bond Max, Leica Biosystems) using primary antibodies against SOX10 (polyclonal, 1:50, Cell
Marque, Cat. No. 383A-7), CD45-LCA (clones 2B11 + PD7/26, 1:300, Dako, Cat. No. M0701), CD45-
RO (clone UCHLI1, undiluted, Leica Biosystems, Cat. No. PA0146), CD4 (clone 4B12, 1:80, Leica
Biosystems, Cat. No. NCL-L-CD4-368), CD8a (clone C8/144B, 1:25, ThermoScientific, Cat. No.
MAS-13473), Granzyme B (clone GrB-7, 1:25, ThermoScientific, Cat. No. MA1-35461), FoxP3 (clone
206D, 1:50, BioLegend, Cat. No. 320102), LAG-3 (clone D2G40, 1:100, Cell Signaling Technology,
Cat. No. 15372), PD-1 (clone EPR4877(2), 1:250, Abcam, Cat. No. ab137132), PD-L1 (clone E1L3N,
1:100, Cell Signaling Technology, Cat. No. 13684), PAXS5 (clone 1EW, undiluted, Leica Biosystems,
Cat. No. PA0552), CD68 (clone PG-M1, 1:450, Dako, Cat. No. M0876), CD57 (clone HNK1/Leu-7,
1:250, Abcam, Cat. No. ab187274), and phospho-p44/42(Erk1/2)(Thr202/Tyr204) (clone D13.14.4E,
1:300, Cell Signaling Technology, Cat. No. 4370). Slides were counter-stained with hematoxylin,

scanned using an Aperio slide scanner (Aperio AT Turbo, Leica Biosystems) and digitized images
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analyzed using the Aperio ImageScope software (Aperio - Leica Biosystems). Three-dimensional
reconstruction re-connecting the frozen and FFPE slices in a sequential order was performed based on
the documented inter-slice relationships and histological findings. The IHC slices were gridded into
smaller pieces in the ImageScope software to match the gridding of frozen sections, and the results
were obtained for each sub-region. IHC-derived cell subset results were quantified as the number of
positive-staining cells for each antibody per mm?, using custom-tuned algorithms based on nuclear v9,

membrane v9, or cytoplasmic v1 algorithms as appropriate for the staining pattern of each antibody.
Data analysis and statistical considerations

Statistical analyses were performed using R v3.5.0(R Core Team, 2019). Analysis packages and tools
used are described in the relevant methods sections. Statistical tests included Welch’s two sample t-test
and Spearman’s rank correlation with the Benjamini-Hochberg correction for an adjusted p-value
threshold of 0.05. The R package plot3D and Plotly were used to map sequencing-derived data to spatial
locations(Soetart, 2013, Inc). Data were parsed and organized through R packages tidyr, reshape2 and
dplyr(Wickham et al., 2017b, Wickham, 2017, Wickham et al., 2017a). Dendograms and tanglegrams
were constructed using dendextend(Galili, 2015). Plotting was done through ggplot2 and
ggrepel(Wickham, 201 1a, Slowikowski et al., 2018).

Aim 2: To delineate genetic and immunobiological biomarkers of response and resistance to
ICB through longitudinal sampling in the context of metastatic sarcoma

Biospecimen collection

Patient data, tumor samples, and matched peripheral blood leukocyte samples were obtained
and used in accordance with research protocols approved by the local Institutional Review
Board of the University of Texas MD Anderson Cancer Center. Biospecimens were retrieved,
collected, and analyzed under UT MD Anderson Cancer Center Institutional Review Board-

approved protocols in accordance with the Declaration of Helsinki.
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Response Criteria

Patient responses were coded using irRC and irRECIST with patients deriving clinical benefit
based on a complete response of all lesions with no new lesions (CR), partial response as
decrease in tumor burden > 50% from baseline (PR) or stable disease, with no progression
beyond 25% relative to baseline (SD), and patients who did not receive clinical benefit with
progressive disease > 25% relative to nadir (PD). All molecular analysis was conducted based
on best response criteria at the 12-week time point based on irRC criteria.

Nucleic acid extraction

DNA and RNA isolation were performed using the AllPrep DNA/RNA/miRNA Universal kit
(catalog number 80224, Qiagen) for fresh-frozen samples according to the manufacturer’s
instructions.

Whole exome sequencing

Exome sequencing data were generated using methods as previously described, including
library preparation using the Agilent SureSelect XT Target Enrichment protocol (#5190-8646)
prior to sequencing on an Illumina HiSeq 2000/2500 v3 system using 76 bp paired-end reads
and the [llumina NovaSeq 6000(Mitra et al., 2020). Sequencing data was processed through
the Saturn V pipeline maintained by the department of Genomic Medicine at the UT MD
Anderson Cancer Center. Briefly, BCL files were processed through the implementation of
CASAVA (Consensus Assessment of Sequence and Variation, v1.8.2) for demultiplexing and
converting to FASTQ. This was followed by alignment using BWA (v0.75) with the hgl9
reference genome build(Li and Durbin, 2009). Duplicates were removed and BAM files were
constructed from SAM files using Picard. BAM files were then realigned and calibrated

through the implementation of GATK. Mean target coverage for tumor samples was at 200x
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while target coverage for PBMC at 100x was achieved. MuTect and Pindel were used to
identify somatic point mutations and small insertions and deletions, respectively(Cibulskis et
al., 2013, Ye et al., 2009). Somatic mutations in HLA genes were called using POLYSOLVER
(v1.0)(Shukla et al., 2015). Data were annotated by ANNOVAR (v20180118) using the NCBI
Reference Sequence Database(Wang et al., 2010). Copy number events were called using
Sequenza and the cghMCR package implemented in R(Favero et al., 2015, Zhang and Feng).
Tumor purities and ploidies were calculated from the genomic data using the default
parameters from Sequenza(Favero et al., 2015). GISTIC was used to identify recurrent copy
number events present in responders and non-responders to ICB at the pre-treatment timepoint.
Arm level amplifications and deletions were computed using default parameters at an FDR
threshold of 0.05.

Mutational Signatures

De novo mutational signature discovery resulted in an optimal solution of three signatures that
most contributed towards the mutational processes in the cohort. We then attributed all the
mutational processes based on established COSMIC signature profiles and found the highest
contributions from SBS1 (26%), SBS5 (10.5%), SBS15 (7.7%) and SBS10b (5.3%). While
SBS1 and SBSS5 represent spontaneous deamination of 5-methylcytosine or a clock-like
signature known to occur over time, SBS15 represents defective DNA mismatch repair and
SBS10b occurs as a result of a POLE mutations and have not been characterized in sarcoma
before.

Copy Number Alterations

Sequenza was used to obtain copy number segments of log2 copy ratios for tumor samples(Favere

et al, 2015 CNTools (v1.24.0) was used to identify copy number gain/loss events at log2
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thresholds of 0.6Vianhua 2018) ‘The burden of copy number gain or loss was extrapolated from
the total number of genes with copy number events in each sample. ExomeCNV (v1.4) was
used to calculate the log2 copy ratios(Sathirapongsasutietal, 2011) R ecyrrent copy number events were
computed using two modalities: GISTIC and the cghMCR package implemented in R(Favero
etal., 2015, Zhang and Feng, Mermel et al., 2011). Tumor purities and ploidies were calculated
from the genomic data using the default parameters from Sequenza(Favero et al., 2015).
GISTIC was used to identify recurrent copy number events present in responders and non-
responders to ICB at the pre-treatment timepoint. Arm level amplifications and deletions were
computed using default parameters at an FDR threshold of 0.05.

RNA sequencing

Paired-end transcriptome reads were aligned using TopHat2, to the UCSC hgl9 reference
genome(Kim et al., 2013). Gene read counts were generated using Htseq-count(Anders et al.,
2015). Bioconductor R package DESeq?2 (v1.24.0) was used to normalize the read counts and
for downstream analysis, vsn (v3.52.0) was used for variance stabilization(Love et al., 2014,
Lin et al., 2008). Differential gene expression analysis between responders and non-responders
as defined as patients with partial responses and those with progressive disease was performed
at the pre-treatment time point.

Consensus clustering was performed on the pre-treatment samples. A max iteration of K was
defined at 10, using a 1000 fold repetition with the Manhattan distance being utilized using the
pam clustering algorithm(Wilkerson and Hayes, 2010). The delta area plot was used to
determine a value of k (=3) beyond which no appreciable increase in heterogeneity was
observed. All heatmaps were constructed using ComplexHeatmap (v2.0.0)(Gu et al., 2016).

ESTIMATE (v1.0.13) was used to detect tumor purity and the presence of infiltrating
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stromal/immune cells in tumor tissues using gene expression data(Yoshihara et al., 2013).
Consensus clustering was performed using the Consensus Cluster Plus (v1.48.0)(Wilkerson
and Hayes, 2010). Hierarchical clustering was used to group the pre and on-treatment samples
with a maximum cluster count of 10. The delta area plot was used to determine the relative
increase in consensus clustering of samples within a given cluster and to determine a value
of k beyond which no appreciable increase was achieved. A suite of immune deconvolution
tools were employed in the pre-treatment setting to call consensus based calls of immune
infiltrate proportions including CIBERSORT, MCP-counter, EPIC, x-Cell, quantiSeq, TIMER
and immundeconv(Newman et al., 2015, Becht et al., 2016, Aran et al., 2017, Li et al., 2016b,
Racle et al., 2017, Finotello et al., 2019, Sturm et al., 2020). A consensus of these calls was
then used to estimate proportions of monocytes, neutrophils, B-cells, T-cells, NK-cells,
dendritic cells, endothelial cells and fibroblasts. The consensus of these immune-cell
compositions was then consensus clustered based on the optimal k of the transcriptomic data
to result in immune cold, immune intermediate and immune hot clusters. Similar analysis for
immune deconvolution was performed at the on-treatment time point. Sankey plots were
constructed to depict change in immune clusters between the pre-treatment and on-treatment
time point for patients using ggalluvial(Brunson, 2020).

LIONESS or the linear interpolation to obtain network estimates for single samples was used
to reconstruct single-sample networks(Kuijjer et al., 2019). Briefly the workflow included
subsetting the top 1000 most variable genes present in the transcriptome at the pre-treatment
time-point. Following which a design model matrix was built to model response in the cohort.
We then calculated differences in the condition specific matrices between responders and non-

responders and converted these adjacency matrices to edge lists. The single sample networks
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were then computed based on co-expression using LIONESS. Limma analysis was then used
to select the top 100 most differentially expressed gene edges(Ritchie et al., 2015). Coefficient
edges were then colored based on the weights of these edges between responders and non-
responders while nodes were colored using based on the t-statistic from differential expression
analysis.

For validation across melanoma public datasets, we used reads/fragments per kilobase of
transcript per million mapped reads (FPKM) values to build linear models of expression, given
the design matrix of binary responders and non-responders using response classifications based
on RECIST vl.1 criteria provided with each paper. For each of the publicly available
melanoma datasets, MCP-counter was used to ascertain immune cell proportions using default
parameters(Becht et al., 2016). Paired histogram, density and scatter plots were constructed
using GGally(Barret Schloerke, 2021).

Nanostring Analysis

RNA from the SARC028 cohort was analyzed using the nCounter Technology (Nanostring
Technologies) as per the manufacturer’s protocol. Filtering was performed utilizing quality
assurance checking, normalization and batch effects adjustments of Nanostring data using
Nanostringr(Talhouk et al., 2016). NanostringNorm was used for data normalization and for
filtering out samples with failed flagged values of quality check(Waggott et al., 2012).
Downstream computation of immune cell infiltrate was performed using a modified version of
MCP-counter(Becht et al., 2016).

B-cell Receptor repertoire inference

A modified version of the TRUST algorithm was executed to quantify the B-cell

immunoglobulin hypervariable regions from the RNA-seq data(Hu et al., 2019). CDR3
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sequences of the B-cell Immunoglobulin Heavy (IGH) chain and Immunoglobulin Light (IGL)
chain were assessed to infer the BCR clonotypes. In order to use the most robust data, in frame
productive sequences were used for downstream analysis along with filtering out samples with
low template counts. Following filtering, the number of BCR clonotypes detected in each
sample was normalized based on sequencing depth. The immunarch package was used to
quantify Simpson clonality and Simpson diversity(Team, 2019). Largely dominant IGH and
IGL BCR clonotypes were computed using templates that occupied greater than 1% of the
entire repertoire for any given sample.

Immunohistochemistry staining for CD20 and CD56

We performed singlet chromogenic immunohistochemistry to detect CD20+ and CD56+
positive cells. We used Leica Bond Max (Leica Bio systems Nussloch GmbH) automated
strainer, the protocol is briefly described: four-um formalin-fixed paraffin embedded tumor
tissue sections were deparaffinized and rehydrated following the Leica Bond protocol. Antigen
retrieval was performed with Bond ER Solution #2 ((Leica Bio systems, equivalent to EDTA
based buffer, pH 9.0). The primary antibody (CD20, clone L-26, Agilent Dako, Cat#M0755,
dilution 1:1400; CD56, clone 123C3, DAKO, Cat#M7304 ) was incubated for 15 minutes at
room temperature and detected using the Bond Polymer Refine Detection kit with DAB as
chromogen. The slides were counterstained with hematoxylin, and then they were dehydrated
and cover-slipped for image analysis.

Immunohistochemistry stained slides were scanned using Aperio AT2 scanner (Leica
Biosystem) at 20x, the images were visualized and evaluated using image analysis
software (Halo software, Indicia Labs). A pathologist trained in image analysis selected the

viable tumor tissue area (areas of necrosis or artifacts were excluded for analysis), then the
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cytonuclear algorithm v2.0.5 was used to identify CD20+ and CD56+ positive cells. We
reported the results as cell densities (n/mm?2) using the following formula: number of positive
cells for each biomarker divided by the tissue area (mm?2) analyzed.

Multiplex immunofluorescence staining

Multiplex immunofluorescence (mIF) was conducted on pre-treatment and on-treatment
samples. Briefly, four micrometer-thick formalin fixed, paraffin embedded sections were
stained using an automated staining system (BOND-RX; Leica Biosystems, Buffalo Grove,
IL) on two panels containing the following markers: CD3, CDS8, PD-1, PD-L1, CD68,
Granzyme B, CD45 RO and FOXP3. Pre and on-treatment samples were then
immunophenotyped based on the co-localization of these markers including: T lymphocytes
[(CD3+CD8+)+(CD3+PD-1+)+(CD3+CD8+PD-1+)+(CD3+)], Cytotoxic T cells
[(CD3+CD8&+)+(CD3+CD8+PD-1+)], T  cells antigen-experienced [(CD3+PD-
1+)+(CD3+CD8+PD-1+)], Cytotoxic T cells antigen-experienced (CD3+CD8+PD-1+),
Macrophages [(CD68+PD-L1-)+(CD68+PD-L1+)] and Percentage of macrophages PD-L1+
(CD68+PD-L1+) for Panel 1. Panel 2 was characterized wusing: T
lymphocytes[(CD3+CD8)+(CD3+CD8+G&B+)+(CD3+CD8+CD45RO+)+(CD3+FOXP3+)
+(CD3+CD8+FOXP3+)+(CD3+)], Cytotoxic T cells activated (CD3+CD8+G&B+),
Effector/memory cytotoxic T cells (CD3+CD8+CD45RO+) and Regulatory T cells
[(CD3+FOXP3+)-(CD3+CD8+FOXP3+)]. Immunofluorescence was performed
simultaneously for each fluorochrome to make a spectral library and stained slides were
scanned using the multispectral microscope, Vectra 3.0.3 imaging system (Akoya
Biosciences/PerkinElmer PerkinElmer), under fluorescence conditions at 40x magnification .

Analysis was performed based on regions of interest determined by the pathologist. Final
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immune cell densities were reported as the average density of cells per mm2. Samples without
tumor areas or severe necrosis accompanied by lack of viable tumor cells were excluded from
analysis.

TCR Sequencing

DNA sequencing of the variable region of the Beta chain was performed by Immunoseq
(Adaptive Biotechnologies, WA)(Robins et al., 2009a, Carlson et al., 2013). Immunarch was
used to compute the clonality and diversity present within our cohort(Team, 2019). The top
clonal proportions for each sample was calculated following the clonal proportions defined as
a highly expanded clone (>0.1 of repertoire), largely expanded clones (0.001 < x < 0.1),
medium (0.0001 <x < 0.001) and rare (< 0.00001) clones. Using the ImmunoSeq analyzer,
we estimated the levels of Simpson clonality, maximum productive frequency (frequency of
the most productively forming clone), Simpson diversity, Simpson Evenness and Shannon
diversity. Simpson diversity was defined as the complement of the Simpsons’ Dominance (1-
Dominance). Simpsons’ Evenness is calculated from Simpson’s D by dividing by the richness
of the repertoire ((1-Dominance/Richness). Maximum productive frequency is computed using
the highest frequency of the most dominant clone in a sample accounting for only in frame
sequences that would produce a functional template.

Aim 3: To characterize the landscape of immune microenvironment of Barrett's esophagus and
high-grade dysplasia by multiplex immunofluorescence and TCR sequencing

Cohort Selection

We searched our institutional databases and identified 10 patients of EAC who underwent
esophagogastrectomy or endoscopy-based resection without preoperative therapy. All patients

had BE on esophagogastroduodenoscopy and on pathology examination.
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Multiplex immunofluorescence (mIF) staining

Multiplex immunofluorescence staining was performed using similar methods that have been
previously described and validated(Parra et al., 2017). Briefly, four micrometer-thick formalin
fixed, paraffin embedded sections were stained using an automated staining system (BOND-
RX; Leica Biosystems, Buffalo Grove, IL) and a panel of antibodies against: pan cytokeratin,
CD3, CD8, CD45RO0O, Granzyme B, and FOXP3 (Supplemental table-1). All the markers were
stained in sequence using their respective fluorophore in the Opal 7-color fTHC kit (catalogue
#NEL797001KT; Akoya Biosciences/PerkinElmer, Waltham, MA) (Parra et al., 2019).
Uniplex IF was performed simultaneously for each fluorochrome to make a spectral library in
human tonsil FFPE tissues as control and was used in the multispectral analysis. The stained
slides were scanned using the multispectral microscope, Vectra 3.0.3 imaging system (Akoya
Biosciences/PerkinElmer  PerkinElmer), wunder fluorescence conditions at 10x
magnification(Parra et al., 2019). Entire EAC or BE region on a slide was selected as regions
of interest (each ROI, 0.335 mm?) by a pathologist using the phenochart 1.0.9 viewer (Akoya

Biosciences/PerkinElmer PerkinElmer). Multispectral Analysis: InForm 2.4.0 Image Analysis

software (Akoya Biosciences/PerkinElmer) was used to analyze the scanned images. Using the
tissue segmentation tool, each ROI was divided into intraepithelial and stromal compartment.
The phenotype was defined based on co-localization of antibodies and a training algorithm was
created as described earlier (Parra et al., 2017, Parra et al., 2019). The algorithm identifies each
cell separately for one of the phenotypes mentioned. The final report of the various cell
phenotypes is created by the InForm software expressing the results as number of cells of each

phenotype in the individual compartment per mm?. All the data was consolidated using the R
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studio 3.5.3 (Phenopter 0.2.2 packet, Akoya Biosciences/PerkinElmer) and SAS 7.1
Enterprise.

TCR sequencing

DNA sequencing of the variable region of the beta chain of the TCR (TCR-beta) was
performed with immunoSEQ (Adaptive Biotechnologies, Seattle, WA) (Robins et al., 2009b).
TCR clonality was computed using the Simpson Clonality Index (Simpson, 1949). The
observed richness was computed as the number of unique nucleotide rearrangements per
sample. The top 10 clones for each sample were calculated using the read proportions derived
from the immunoSEQ analysis. We used the Shannon Equitability Index, computed as
normalized Shannon entropy, to determine each repertoire’s degree of uniform distribution;
values approaching 0 indicated a very skewed distribution of frequencies (i.e., more variation
in abundance), whereas values approaching 1 indicated nearly identical frequencies of every
rearrangement (i.e., less variation in abundance). The inverse Chao, Efron thisted and Daley
Smith estimator metrics are non-parametric models of determining repertoire richness and
abundance based that were computed based on sample richness, extrapolation of the rarefaction
curve and accounting for sampling depth (Chiu et al., 2014, Efron and Thisted, 1976, Daley
and Smith, 2013).

Statistical Analysis

Statistical analyses were performed using R v3.6.1 (R Core Team, 2019). Analysis packages
and tools used are described in the relevant methods sections. Statistical tests included basing
the distribution of the samples based on a Shapiro test for normality. Mean analysis for groups
with normal distribution were carried out using a two-sample t-test (for two groups) or

ANOVA (for multiple groups) while non-parametric tests were carried out using the Wilcoxon
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Rank sum test (for two groups) and the Kruskal-Wallis test (for multiple groups). TCR
statistics were computed using the R packages tcR (v2.2.4) and immunarch(Team, 2019). Data
were parsed and organized through R packages tidyr, reshape2, and dplyr (Wickham et al.,
2017b, Wickham, 2007, Wickham et al., 2017a). All TCR-seq based Plotting was done through
ggplot2 and ggrepel (Wickham, 2011b, Slowikowski et al., 2018).TCR statistics were

computed using the R packages tcR (v2.2.4) and immunarch(Team, 2019).
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Chapter Three: Spatial Intratumor Heterogeneity
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3.1 Introduction

Modern treatment paradigms increasingly expose patients with metastatic melanoma to multiple
treatment modalities through the course of their disease(Coit et al., 2016). Immune checkpoint blockade
in particular has revolutionized the therapeutic landscape, yet durable clinical benefit remains limited

to a subset of patients(Chen et al., 2016a, Reuben et al., 2017, Roh et al., 2017). Numerous biomarker
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studies aiming to elucidate why the majority of patients fail to respond have revealed both immune and
genomic contributors to therapeutic activity but incorporation of such factors into clinical practice is
not yet routine(Chen et al., 2016a, Roh et al., 2017, Snyder et al., 2014a, Van Allen et al., 2014, Van

Allen et al., 2015a).

Intra- and inter-tumoral heterogeneity can influence lesion-specific and overall patient response to
therapy and may contribute significantly to tumor immune evasion(Reuben et al., 2017, Joyce and
Pollard, 2009, Akbani et al., 2015). Studying the influence of intra-tumoral heterogeneity (ITH) using
standard approaches such as bulk tumor sequencing or single cell sequencing generally loses spatial
information. Thus, here we perform spatially detailed immune and genomic analysis of three metastatic
lesions, including 67 sub-regions of one tumor sampled throughout its entire mass, from a heavily
treated but long-term surviving melanoma patient. Through molecular analyses coupled with strict
retention of spatial detail, we reconstruct the striking relationship between genomic and immune
heterogeneity. We identify a remarkable link between copy number gain of chromosome 7 and an
unfavorable immune composition driven by neutrophil activation recapitulated within TCGA
melanoma samples and dominating non-responders to checkpoint blockade immunotherapy across
multiple published cohorts. We also identify a long-term persistent T cell clonotype having potential

relevance to vaccine and cellular immunotherapy.
3.2 Results
Longitudinal tumor sampling

Tumor and blood biospecimens were obtained from a Caucasian female diagnosed with de novo stage
IV M1b melanoma of unknown primary metastatic to the left lung at the age of 77. Following initial
curative intent wedge resection of the solitary NRAS?%'® mutated lung metastasis (Fig. 1A, lesion 1),
her clinical course was remarkable for long-term survival despite multiple lines of therapy for widely
distributed soft tissue metastases with limited to no objective response over the following 8 years (Fig.

1A). To explore the relevance of intra-tumoral heterogeneity (ITH) to the setting of long-term survival
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with metastatic disease, we studied a ventral abdominal wall metastasis resected due to isolated
progression during therapy with the PD-1 inhibitor pembrolizumab. This mass (Fig. 1A, lesion 2) was
subjected to extensive multi-dimensional spatial and immunogenomic profiling by serial sectioning and
use of alternate tumor sections for region matched immunohistochemistry analyses (odd numbered
slices) and genomic and proteomic analyses (even numbered slices; Fig. 1B). Individual sections were
further sub-divided into up to 20 regions (Fig. 1B, Supplementary Fig. 1), producing a total of 67

regions assessed by at least one analytical platform (Supplementary Data 1).
Mutational ITH is highly prevalent and spatially restricted

To characterize genomic ITH within the tumor specimen progressing during PD-1 inhibitor treatment
(“on-PD-1 inhibitor” tumor), we performed deep targeted DNA sequencing for a panel of 265 cancer-
related genes (Supplementary Data 2) of DNA from 41 tumor sub-regions. Of 53 identified somatic
mutations, 28% (15 of 53) were shared in all 41 regions whereas 30% (16 of 53) were restricted to a
single region, consistent with a degree of mutational ITH not previously described at this resolution.
Somatic mutations in putative melanoma driver genes including NRASC®, BRAF“*® and
MAP2KI17?%  all key components of the MAPK pathway, were ubiquitously detected in all 41 regions,
supporting the notion that somatic mutational heterogeneity is predominantly attributable to passenger
mutations. A JAKI"'"**S mutation affecting the activation loop of JAK1 detected in all 41 regions that
conferred signaling hypomorphism by Ba/F3 mutant transformation assay (Fig. 1C), potentially

contributed to the immunotherapy resistance displayed by this tumor clinically(Zaretsky et al., 2016).
Genomic ITH is dominated by copy number alterations

Analysis of copy number alterations (CNAs) detected across all 41 deeply sequenced samples identified
gains of chromosome 6p and 20q, and losses of chromosome 6q and 9p, each of which has previously
been identified in melanoma clinical samples (Fig. 1D)(Akbani et al., 2015). Subclonal alterations were
also seen, including chromosome 7 gain in 4 samples, whole chromosome 10 loss in 5 samples, 10p

loss in 1 sample, and chromosome 13 gain in 4 samples. Samples with subclonal loss of chromosome
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10 were localized in adjacent tumor slices, but subclonal gains of chromosome 7 and 13 were found at
non-contiguous sites (Fig. 1D). While previous studies have shown metastatic potential being
associated with the loss of chromosome 10, we found evidence of regional losses of chromosome 10,
most extensively along the tumor margin, suggesting this may be selected for in the context of stromal
interactions at advancing tumor margins(Kabbarah et al., 2010). Nearly half (17/39, 44%) of the
differentially expressed genes associated with chromosome 10 copy number losses were located on
chromosome 10 itself, characterized by relatively high expression but low fold-change. Additional,
more pronounced changes (at fold-change level) were observed in differentially expressed genes
located on other chromosomes, such as MTIB (chrl6), TNNT3 (chrll) and MUCI2 (chr7) and
RPS6KA6 (chrX) (Supplementary Data 3). Additionally, unique chromosomal CNAs were found in
nearly all (12 of 14) regions, demonstrating that CNAs may develop along spatially distinct trajectories
even within a single metastasis. Comparing CNAs across longitudinal metastases of this patient, we
also identified progressive stepwise regional loss of chromosome 10 in relation to therapy (pre-, on-,
and post-PD-1 inhibitor therapy), thus implicating this CNA in both tumor margin dynamics and overall

disease progression (Supplementary Fig. 2).

Immune cell content is highly and spatially diverse

We next characterized the ITH of gene expression patterns in the tumor, to gain insight into the nature
of local tumor-immune microenvironments. Unexpectedly, unsupervised hierarchical clustering based
on transcriptomic profiling revealed limited association between regional gene expression and
histologic features such as intra-tumoral site (e.g.: “core” surrounded only by tumor mass versus
“margin” spanning the tumor edge and including surrounding tissue) (Fig. 2A, Supplementary Fig.
3A). We then used several immune deconvolution tools to enumerate separate immune, stromal, and
tumor cell populations as well as melanoma-, AXL- and MITF-related gene expression
programs(Tirosh et al., 2016, Yoshihara et al., 2013, Rooney et al., 2015, Becht et al., 2016, Li et al.,

2016b, Newman et al., 2015). Sub-regions with high content of one immune cell subset generally

45



displayed an enrichment for multiple cell subsets, indicative of a broadly diverse infiltrating immune
population, and consistent with the observed high correlations between immune cell marker stains by
immunohistochemistry (Fig. 2B-C, Supplementary Fig. 3B-C). Samples with higher immune activity
were over-represented at tumor margin sites (p<<0.001, Fisher’s exact test), reflecting the spatially
excluded (i.e.: peri-tumoral) leukocytic accumulation observed on IHC (Fig. 2A, Supplementary Fig.
1). A notable exception was particularly high T and B cell signatures in multiple samples of section 8
(8A6, 8A7, 8AS8, and 8A13), which was highly necrotic and displayed heavy neutrophil infiltration on
matched FFPE slices (CD15 stain; Supplementary Fig. 3D) although this could not be determined as
the cause or consequence of necrosis. In many cases, high immune cell signatures were accompanied
by high expression of interferon-stimulated genes. Relatively low levels of variability were observed
in expression of genes linked to melanoma cell phenotype (i.e.: melanocytic, MITF-related and AXL-
related gene sets), however the same samples that displayed prominent and uniform immune signature
upregulation also displayed a non-melanocytic phenotype that is known to be associated with
mesenchymal-like and pro-invasive cellular behaviors, evidenced by high expression of the AXL-
related gene set, and correspondingly low expression of the melanocytic and MITF-related gene sets

(Supplementary Fig. 3A)(Konieczkowski et al., 2014, Garraway et al., 2005).

Mirroring transcriptional ITH, a high degree of ITH was observed between samples at the protein level,
measured by a 296-target reverse-phase protein array (Supplementary Fig. 3E). Within the most
spatially variable proteins, two notable modules of co-expressed proteins emerged; one including
AIM1, ARID1A, MTOR, STAT5A, DUSP4 and SOX2, resembling a melanocytic cellular origin, and
an anti-correlated set comprising AXL, PDGFR, JAK2, STAT, PDCDI1 (PD-1) and PREX1, suggesting
a mesenchymal-shifted and/or immune-infiltrated set (Fig. 2D). Several proteins were significantly
associated with either locally low (VIM, SOX2) or high (MYHI11, LCK, PTK2) immune infiltrate

(FDR<0.10, Spearman’s rho rank correlation, Fig. 2D).

Sites of similar immune composition may be spatially remote
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Using sample-wide Euclidean distance metrics to connect samples with highly similar immune
composition based on immune deconvolution rather than reductive immune scores or overall immune
cell densities, we found that similar immunophenotypes were unrestricted by location at core or margin
sites (e.g.: core 4A7 vs margin 6A3), or by spatial proximity (Fig. 2E). Three-dimensional mapping
across all sampled regions of the tumor revealed clear but disconnected pockets of immune activation
and suppression as typified by signatures derived for cytolytic activity, type I IFN activity and an anti-
inflammatory signature (Fig. 2F)(Rooney et al., 2015), indicative of a degree of immunophenotype
convergence. To address the implications of regional immune phenotype variation for clinical
biomarker assessment, we performed consensus clustering of samples based on gene expression data
and identified an optimal four cluster solution, being the minimum number of distinct regional
“phenotypes” that would need to be sampled in order to approximately represent the transcriptional
heterogeneity present across the entire tumor mass (Supplementary Fig. 3F). Importantly, we found
that each of these clusters contained non-contiguous samples, indicating a low chance of
serendipitously sampling all microenvironmental types with any single biopsy of the lesion

(Supplementary Fig. 3F).

ITH implicates simultaneous methods of immune exclusion

Given progression of this tumor through anti-PD-1 immunotherapy, and previous findings suggesting
a predictive significance of the immune status at the invasive tumor margin, we next compared tumor
regions having either a high or low immune cell content as measured by a pan-leukocyte stain
(CD45LCA) on IHC (Supplementary Fig. 1)(Tumeh et al., 2014). The most differentially expressed
genes enriched in heavily infiltrated sub-regions included FCRLI1, CADM3, CR2 and PAX5 (Fig. 3A,
Table 1, Supplementary Data 4 Top 100), as well as genes involved in T cell function including
CD3D, CD28, ZAP70, and CD40LG, in agreement with extensive CD8 and CD4 staining of
mononuclear cells within these highly immune infiltrated regions by IHC (Fig. 3B-D). At the gene

ontology pathway level, these differentially expressed genes contributed to mixed T and B cell
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enrichments and a substantial degree of functional gene connectivity (Fig. 3C-D), that was maintained
even when specifically comparing samples located at the tumor margin (Supplementary Fig. 4A-B).
We also identified a clear B cell gene enrichment in highly immune infiltrated samples, driven by PAX?5,
BLK, CD19, CLECLI1, CDI180, CD22, CD794 (Fig. 3C-D, Table 2). Parallel PAX5 immunostaining
of tumor sections confirmed B cell lineage presence within these immune infiltrated samples localized
to intra- and peri-tumoral leukocytic infiltrates, or within dense para-tumoral clusters associated with
blood vessels and other immune cell types, suggestive of tertiary lymphoid structures (Fig. 3E).
Additionally, a pro-tumorigenic M2 macrophage signature was evident throughout most regions of the
tumor (Supplementary Data 5)(Newman et al., 2015, Coates et al., 2008). Tumor associated
macrophages at the tumor periphery are known to be associated with tumor progression thus these data
implicate active participation of immunosuppressive macrophages in the observed clinical progression

of this tumor despite anti-PD-1 therapy(Qian and Pollard, 2010).

Reasoning that grouped analyses may obscure the true extent of variability in gene expression between
individual samples, we performed single sample GSEA (ssGSEA) to gain a finer resolution of the
functional transcriptomic activity(Barbie et al., 2009). Strikingly, unsupervised hierarchical clustering
of the samples based on ssGSEA of Hallmark gene sets again revealed little similarity in terms of
physical location within the tumor or the extent of peri-/intra-tumoral immune infiltrate (Fig. 3F).
Samples with prominent enrichment of WNT/B-catenin signaling (2A10, 2A13, 2A16, 4A11, 8A4),
which is a known tumor cell-intrinsic mechanism of immune cell exclusion(Spranger et al., 2015), were
typically located at the tumor margin but did not show consistent association with immune cell content,
although when immune cells were present, they were largely peri- or extra-tumoral in distribution.
These data suggest that WNT/B-catenin signaling may contribute to exclusion of an immune infiltrate
when one is present, but additional factors are necessary to explain the complete absence of an immune
infiltrate from some regions. Intriguingly, despite known presence of activating NRAS and MAP2K]

mutations, phospho-ERK1/2 (pERK) expression (by IHC) was largely absent from tumor cells except
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when located at or immediately beneath the tumor margin (Fig. 3G), suggesting MAPK activation in
response to factors originating near the tumor surface. Areas of strong tumor cell pERK staining were
frequently observed in association with overlaid peri-tumoral immune infiltrates, thus tumor cell ERK
activation may be actively involved in the maintenance of immune cell exclusion, and at a scale that is
significantly more spatially localized than previously thought based on pre-clinical models and broad

assessments of patient samples(Khalili et al., 2012, Frederick et al., 2013).
Integrative analyses of multimodal molecular phenotypic data

Having identified clear links between immune and genomic heterogeneity throughout sub-regions of
this tumor, we sought to identify genomic features underlying this through an integrative analysis of
CNA and mRNA data, with the addition of methylation as a potential modulator of transcriptional
activity. Examining the 560 most variably expressed genes for which all genomic data were available,
unlike CNA, underlying methylation patterns appeared more variable between samples rather than
between genes, implying that a genome-wide methylation state interacts with more localized genomic
and post-transcriptional influences to affect gene expression in this context (Fig. 4A). From an immune
standpoint, transcriptome-derived ESTIMATE immune scores trended lower in regions with
chromosome 10 losses (p=0.088, two sided t-test), and were significantly lower in regions with sub-
clonal gain of chromosome 7 (p=0.018, two sided t-test)*. Similarly, differentially expressed genes
were enriched within CNA-affected regions of chromosome 6 and 7 (p=3.53e-7 and 1.22¢-5,
respectively, Benjamini-Hochberg corrected p-value). As expected, the clear majority of genes on
chromosome 7 showed positive correlations between copy number and transcript abundance, consistent
with CNA representing a dominant method of regulation of these genes (Fig. 4B, upper panel).
However, copy number versus transcript correlations were negligible for four genes (CALD1, CCT6A,
CHCHD?2, and ESYT?2) and negative for six genes (ACTB, AEBP1, COL1A2, GIMAP4, GIMAP7, and
SFRP4), suggesting that additional mechanisms regulate transcript abundance of these genes, such as

methylation. Gene methylation was inversely correlated with transcript abundance and thus consistent
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with negative regulation of transcription for most chromosome 7 genes (Fig. 4B, lower panel),
including all but three of the copy number discordant genes (GIMAP4, GIMAP7 and SFRP4). Notably,
SFRP4 is a soluble modulator of Wnt signaling that may antagonize Wnt-driven immune exclusion
when highly expressed. GIMAP4 is known to be involved in the regulation of Thl versus Th2 T cell
phenotypes. Using the unique genome-phenotype associations of chromosome 7 to model overall
regulatory complexity and ITH, we found strikingly little similarity in the unsupervised clustering
patterns of sub-regions based on copy number, methylation or transcript abundances, evidenced by a
high degree of cross-cluster entanglement indicating the action of additional (unmeasured) factors in
regulation of these genes (Fig. 4C). Furthermore, sub-regions of similar immune cell content (measured
by IHC) were generally dispersed throughout the clusters, thus demonstrating unequivocally the
presence of profound ITH underlying broadly similar appearing immune microenvironments at the

cellular level.

Tumor-specific and agnostic T cell recruitment occurs on a regional basis

T cell function is central to current immunotherapy efficacy, hence, we performed sequencing of the
variable region of the T cell receptor beta chain using both DNA and RNA approaches to study T cell
ITH. T cell repertoire clonality was substantially variable between samples (Fig. 4D), suggesting highly
localized patterns of clonal expansion and contraction that result in variable repertoire composition
throughout the volume of an individual tumor. Only 0.02% of all TCR rearrangements were detectable
in all regions of the tumor and the vast majority (74.6%) were restricted to a single region. We identified
the top five highly transcriptionally active T cell clones per sample by plotting complementary
productive frequencies generated from DNA- and RNA-based approaches (Supplementary Fig. 5):
Three dominant clonotypes were present at high abundances across multiple regions of the metastasis
(Fig. 4E). One dominant clonotype, at the amino acid level, present as a top five clone in all samples
(CSVPTSGSRDNEQFF), was most prevalent in the upper sections (2 and 4) and least prevalent in the

lowest section 8, which also had the lowest proportion of viable tumor. The next two most prevalent
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clones present in 72% (CASSSLQGARREETQYF) and 69% (CASSLHGDQPQHF) of all samples

were particularly enriched in sections 6 and 8.

We examined repertoire overlap between samples to infer intra-tumor trajectories of T cell clones and
found a high level of T cell clonal overlap between samples within section 8 (Fig. 4F). Conversely,
there was greater sharing of clonotypes between sections 4 and 6, and more sparsely with section 2,
paralleled by evidence of greater immune activation in key regions of these sections. The greater
restriction of T cell clones within section 8 may reflect a functionally distinct T cell repertoire reacting
to the prevailing necrotic conditions seen histologically throughout much of this section. Overall, this
spatial variation suggests underlying differences in regional immunogenicity and antigenicity driving

local accumulation of different T cell clones.

The observation of marked T cell repertoire ITH (Fig. 4D) and apparently distinct T cell repertoires
between distinct regions of the tumor was surprising given the comparatively similar mutational
landscape between tumor sub-regions. To explore the relationship between T cell clonal composition
and tumor mutations we compared the truncal set of 15 mutations found in every subsample of the
metastasis with the most highly expanded TCR-V[ sequences found simultaneously in high proportions
across all regions. In general, the productive frequencies of these expanded T cell clones correlated
positively with the mutation variant allele frequencies (VAF), suggesting a surrogate relationship
between VAF, tumor content and T cell clones reactive to tumor (but not necessarily these exact
mutations). However, some expanded T cell clones showed inverse or mixed patterns of correlation
with this set of truncal mutations, (Supplementary Fig. 6), including several clones negatively
correlated with all the shared mutations, such as one (CASSLHGDQPQHF) that was predominantly
found expanded in the necrotic slices. Together, these data indicate that while certain expanded T cell
clones correlate positively with a set of truncal tumor mutations and are likely tumor specific, a distinct

population of expanded T cell clones generally anti-correlate with truncal tumor mutations and although
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present within some regions of the tumor, are likely not specific for tumor antigens and may be non-

specifically recruited into regions of inflamed/necrotic TME.

T cell clone persistence reveals recurrent priming and functional diversity

Leveraging the availability of peripheral blood samples and tumor samples obtained from distinct
metastatic deposits spanning treatment-naive, progression on-PD-1 inhibitor and progression post-PD-
1 inhibitor time points (Fig. 1A), the temporal dynamics of the T cell repertoire were evaluated.
Strikingly, the dominant clone present within the progressing abdominal wall tumor during PD-1
inhibitor therapy was not only present over time but was the most hyperexpanded clone within the
treatment naive lung tumor sampled 7 years earlier (Fig. 4E). Evaluation of predicted neoantigens
revealed one (ZDHHCI17 p.H507Y; IC50=77.17nM) that was shared amongst all tumor specimens.
These data are at least consistent with a common neoepitope driving a persistent T cell response over
time. In order to validate the potential in vitro immunogenicity of the ZDHHC17 p.H507Y neoantigen,
we synthesized 12 overlapping candidate 9-mer peptides spanning the point mutation and used these
peptides to elicit CD8 T cell responses from HLA-A*0301 donor peripheral blood mononuclear cells
(PBMC) in peptide stimulation assays in vitro (see Methods). Compared with donor PBMC co-cultured
with non-peptide pulsed A3-K562 cells, we observed elevated IFN-y production by CD8 T cells of two
HLA-A*0301 donors with several peptides (4, 6, 7, 9, 11 and 12) but most particularly from peptides
4 and 12 which induced the most robust responses at an average of 3-5 fold greater than background
levels (i.e.: unpulsed cells), thus representing immunogenic epitope candidates (Supplementary Fig.

7A-B).

To evaluate the functional characteristics of this remarkably persistent T cell clonotype, we harnessed
matched single cell TCRa, TCRp and transcriptome sequencing of sorted CD45+CD3+ T cells within
the post-PD-1 inhibitor tumor. The T cells clustered broadly into a population of activated cytolytic T
cells (49%, CTL) expressing CD8A, GZMA, and PRF1 and checkpoint-regulated T cells (20%)

expressing multiple immune checkpoints including /COS, CTLA-4 and TNFRSF'18 but which were also
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dominantly CD4-expressing (Fig. 4G-H, Supplementary Fig. 7C). We recovered 11 counts of the
persistent TCR-Vf rearrangement in a population of 6267 T-cells (0.17%), and identified multiple
TCRo. (TRAV35-TRAJ23 and TRAV2-TRAJ2) and TCRp (TRBV29-TRBJ2, TRBV7-TRBJ2 and TRBV'5-
TRBJI) partners to the TCR-Vp sequence of interest comprising this T cell population, including T
cells with dual TCR-Vp rearrangements. Based on VDJ combinatorics, a minimum of two distinct T
cell clones contributed to this recurrent TCR rearrangement at the amino acid level. Interestingly, when
immunoprofiling these cells using matched RNA-seq data, we found eight cells within the cluster
expressing multiple immune checkpoint molecules, and five cells in the cluster resembling activated
CTLs. The detection of multiple clones at nucleotide level expressing a synonymous CDR3 amino acid
sequence, their persistence over nearly a decade, and simultaneous presence of both activated and
exhausted phenotypes suggests that this T cell population arose from multiple independent T-cell
priming events rather than functional divergence following a single more recent priming/activation

event.

Chromosome 7 gain is associated with an unfavorable immune outcome

To further explore the link between genomic copy number alterations and immune ITH we focused on
the observation of decreased ESTIMATE immune scores in regions with subclonal gain of chromosome
7 (p=0.018, two-sided t-test). Immune deconvolution revealed low counts of multiple immune cell
subsets including T cells (p=0.00096), CD8+ T cells (p=0.084), cytotoxic lymphocytes (p=0.036), NK
cells (p=0.0013), B cells (p=0.015), monocytic lineage (p=7.6¢-5), myeloid-derived dendritic cells
(p=0.0039) and most significantly neutrophils (p=3.4¢-5; all two-sided t-test comparison of means) in
these sub-regions (Supplementary Fig. 8A; neutrophil signature genesets)(Becht et al., 2016).
However, whilst overall neutrophil counts (derived from transcriptome data) were low and this was
consistent with generally low neutrophil densities identified by CDI15 immunostaining of
corresponding FFPE sections, interrogation of neutrophil activation gene sets to assess putative

neutrophil functional status revealed a net neutrophil activation (slightly higher levels of ‘positive
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neutrophil activation’, p=0.51; significantly lower levels of ‘negative neutrophil activation’,
p=0.00087, and ‘negative regulation of neutrophil degranulation’, p=0.0068; all Benjamini-Hochberg
corrected p-values) in the sub-regions with gain of chromosome 7 compared with chromosome 7 stable
regions (Fig. SA-B). We sought to validate this relationship using TCGA SKCM samples and identified
samples with both copy number and mRNA expression data (n=470), within which 50 samples
harbored whole chromosome gains of chromosome 7. Differential expression analysis comparing
samples with chromosome 7 gain versus non-gain revealed marked enrichment for neutrophil-related
genes and associated pathway level enrichment (Fig. 5C-D) despite marginally lower neutrophil
enumeration by CIBERSORT (Supplementary Fig. 8B): The top four enriched gene ontology (GO)
terms were neutrophil degranulation, neutrophil involved in immune response, neutrophil activation
and neutrophil mediated immunity (all p=1e-6, two-sided t-test comparison of means with Benjamini-
Hochberg correction). In parallel, KEGG pathways enriched in the chromosome 7 gain samples
included response to bacterial infections, phagosome and lysosome formation, and antigen processing,
consistent with the observed strength of gene enrichments in neutrophil-related GO terms

(Supplementary Fig. 8C).

As immune infiltrate correlates with OS and has been shown to correlate with responsiveness to anti-
PD-1 and anti-CTLA-4 immunotherapy, we then investigated the significance of such neutrophil
signatures in three publicly available immunotherapy-treated melanoma cohorts (n=119)(Van Allen et
al., 2015b, Tumeh et al., 2014, Hugo et al., 2016, Riaz et al., 2017b). Within the anti-CTLA-4 cohort
(Van Allen, n=36) and two anti-PD-1 cohorts (Hugo, n=27; Riaz, n=56), overall neutrophil estimation
was again largely similar (Supplementary Fig. 8D-F) however the genes significantly enriched in non-
responders compared with responders to therapy showed pathway level enrichments dominated by the
same neutrophil signatures observed in chromosome 7 gain TCGA SKCM samples, namely neutrophil
degranulation (p=6e-5, 3e-10, 5e-6, respectively), neutrophil involved in immune response (p=6e-5,

3e-10, 5e-6, respectively), neutrophil activation (p=6e-5, 3e-10, 5e-6, respectively) and neutrophil
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mediated immunity (p=6e-5, 3e-10, 5e-6 respectively; all Benjamini-Hochberg corrected p-values)
(Fig. SE-G). A core group of differentially expressed genes (FTHI, FTL, HSPAS8, HSP90AAIl and
HSP90B1) was recurrently identified within significantly enriched pathways across TCGA SKCM
samples and clinical cohorts (Fig. SH). Together, these data suggest a recurrent immunosuppressive
role of chromosome 7 gain, potentially mediated by neutrophil accumulation and/or activation,
although it is unclear whether neutrophil density or activation status are acting as a surrogate for the
typical co-localisation of tumor necrosis observed at such sites. However, these associations appear
active both locally within tumors and at the bulk tumor level where it has clinical implications for

immune checkpoint blockade.
3.3 Discussion

In this study, we performed matched genomic and immune analysis of 67 distinct regions of a
melanoma metastasis coupled to longitudinal analyses in a patient treated with multiple therapies,
including prolonged exposure to (and progression on) anti-PD-1 immunotherapy. Consistent with
previous studies, we observed minimal ITH in oncogenic mutations in canonical melanoma driver
genes, but reveal striking genomic ITH in CNAs, including distinct copy number loss in chromosome
10, and gains of chromosomes 7 and 13, which may contribute to differences in the immune landscape.
The loss of chromosome 10, and thus PTEN, has been implicated in resistance to PD-1 blockade
previously, and in the context of this immunotherapy treated patient was observed to be lost in a
stepwise fashion between tumors sampled prior to, during, and after anti-PD-1 therapy(Peng et al.,

2016, Roh et al., 2017).

The most immediately apparent implication of the extent of heterogeneity observed, and its diverse
representation across space even within a single metastatic deposit, is how inherently limited the
prediction of clinical outcomes can be when based on limited physical sampling of tumor material,
especially if only one metastatic deposit is sampled. Indeed, based on transcriptional heterogeneity

alone, a complete understanding of the immunogenomic TME of the extensively profiled lesion in this
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study would likely require a minimum of four separate passes if subjected to needle biopsy. Whilst the
degree of immunogenomic spatial heterogeneity in any given tumor mass cannot yet be predicted non-
invasively, the spontaneous nature of immune-tumor interactions implies that relevant spatial
heterogeneity will be found, irrespective of prior therapeutic exposures. To the extent that additional
non-mutational features begin to emerge as clinically meaningful biomarkers for treatment
response/resistance, these facets of multidimensional heterogeneity will need to be considered when

planning biopsy-derived, biomarker driven trials.

Tumor heterogeneity has been linked to the emergence of treatment-resistant tumor cell sub-
populations which expand under the selective pressure of therapy. Conceptually, heterogeneity
encompasses multiple domains (e.g.: spatial, temporal, clonal) and can be applied to any measurable
feature of a tumor, thus it remains unclear exactly which molecular constituents of heterogeneity are
most consequential to clinical outcomes. Previous studies of heterogeneity in other tumor types (e.g.:
renal, prostate, lung) have focused primarily or exclusively on phylogenetic mutational analyses to
characterize clonal heterogeneity of tumor cell content(Linch et al., 2017, Morris et al., 2016, Jamal-
Hanjani et al., 2017a, Gerlinger et al., 2012b). When performed, multi-region sequencing either for
tumor cell mutations or TCR profiling has surveyed minimal numbers of regions (e.g.: 3-5 per tumor),
often in relatively small numbers of samples, whilst truly multi-platform analyses have effectively
evaluated infer-tumoral rather than intra-tumoral heterogeneity(Jamal-Hanjani et al., 2017a, Zhang et
al., 2013, Gerlinger et al., 2013, Roper et al., 2019, Gerlinger et al., 2014). At the extreme of cellular
resolution, studies employing single cell techniques, whilst informative of the multi-dimensional
cellular heterogeneity within bulk tumor cell populations, necessarily destroy spatial information
during sample processing and arguably do not comprehensively survey the transcriptome within any
individual cell(Tirosh et al., 2016). Thrane and colleagues performed a proof-of-principle high
resolution spatial transcriptomics analysis of four lymph node metastases obtained from patients with

stage I1I melanoma, finding evidence of variably distinct gene expression profiles between regions of
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tumor, lymphoid tissue, and an apparent transition zone that may have represented functional
interaction between tumor, stroma and lymphoid cells(Thrane et al., 2018). Relative intratumoral
transcriptomic homogeneity in one sample was associated with long-term overall survival, however

other domains of heterogeneity were not evaluable with this technique.

We found chromosome 7 gain to be significantly associated with features of an unfavorable immune
microenvironment, including a paucity of effector cell populations and signatures of neutrophil
activation. This relationship was confirmed amongst melanoma samples of The Cancer Genome Atlas.
Furthermore, a strikingly consistent set of neutrophil enrichments was observed in melanoma tumors
failing to respond to either anti-CTLA-4 or anti-PD-1 therapy across three independent published
cohorts. This reveals two key messages, with the important caveat that additional studies are required
to clarify the nature of neutrophil recruitment and activation in anti-tumor immune responses and
whether their presence is largely as a consequence of cellular destruction by other mechanisms. Firstly,
the insights from regional immunogenomic differences within a single tumor metastasis can directly
translate to the bulk tumor level, and secondly, chromosome 7 gain may drive an immunologically
adverse phenotype associated directly or indirectly with neutrophil activation. Several prominent
oncogenes (BRAF, EGFR, MET) are located on chromosome 7 and may thus be subject to amplification
in the setting of copy number gains. In our patient’s spatially profiled tumor, BRAF amplification
compounded by an activating BRAF**'® mutation may have contributed to immunosuppressive MAPK
signaling, potentially in conjunction with other chromosome 7 oncogenes(Khalili et al., 2012, Boni et
al., 2010). We also observed recurrent dysregulation of ferritin and HSP90-related genes, suggestive of
an enhanced acute-phase protein reaction, iron loading and molecular stress in the context of
chromosome 7 gain and immunotherapy failure. Iron availability is known to influence tumor cell
survival and the function of numerous immune cell types including T cells, however these competing

outcomes have been poorly studied in solid tumors such as melanoma(Pfeifhofer-Obermair et al., 2018,
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Wang et al., 2019). Nevertheless, a potential role for immunosuppressive neutrophil phenotypes and

iron trafficking within the TME warrants further evaluation.

We identified a persistent, high frequency T cell clonotype prevalent in multiple tumor deposits over
many years in this patient, with evidence of both activated and checkpoint molecule regulated (likely
previously activated) cells present simultaneously. The time frame, and multiplicity of independent
genomic rearrangements leading to this clonotype indicates repeated priming events, potentially in
response to a highly persistent tumor antigen robust to multiple lines of treatment. Identification of such
a persistent T cell population, or its persistent antigen, might be specifically useful for the development
of defined antigen therapies such as vaccines (definitive or adjunctive therapy) or engineered T cell
therapies based upon these targets, and warrants wider sampling of multiple tumors in patients —
including use of archival tissues — in order to identify persistent tumor features that may be exploited
for therapeutic advantage. Furthermore, our integrative immunogenomic analysis strongly suggests that
high frequency T cell clonotypes may be recruited to the tumor microenvironment not only due to tumor
cell reactivity, but as passengers in the inflammatory milieu. Further work will be required to determine
to what extent such “passenger” T cell clonotypes contribute usefully to the anti-cancer immune

response.

Our findings of extensive immunogenomic heterogeneity at the intra-tumoral level are inherently
limited by detailed multi-platform profiling of a single lesion, thus it is difficult to determine how
typical the observed extent of heterogeneity is to broader patient populations, particularly those having
differing clinical scenarios and treatment outcomes. Nonetheless, considering that sub-clonal variation
has now been described in numerous tumor types, these findings serve to highlight the potential
sensitivity of the immune microenvironment to local factors, including tumor genomic features that
appear to have functional impact on local tumor immunity. Through analyses of several clinical datasets
we found certain immunogenomic features from our deeply profiled tumor to have meaningful

correlates in additional cohorts of patient samples, but additional studies are clearly required to refine
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these inferences towards therapeutically manipulable strategies. Whilst overall objective clinical
responses were not achieved in this patient over a period approaching 10 years and 7 lines of therapy,
substantial clinical benefit was derived. Although this patient represents only a subset of long-term
survivors with metastatic melanoma, considering the increasing availability of disease modifying
therapies, it is likely that this group will become increasingly prevalent. Further molecular
characterization will ultimately aid in understanding long term survivors of metastatic disease,

providing therapeutic insights transferrable to the greater majority of patients.
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3.4 Figures and Tables
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Figure 1: Genomic inter- and intra-tumoral heterogeneity in a heavily treated melanoma patient
are driven by copy number alterations. (A) Timeline of treatments and surgical sampling of three
distinct melanoma tumors from a long-term surviving patient with largely treatment unresponsive
metastatic melanoma. Treatment modality is indicated by color (red - chemotherapy, blue - targeted
therapy, purple — immunotherapy). Molecularly profiled lesions are indicated: index left lower lobe
(LLL) Iung metastasis (lesion 1), progressing ventral abdominal wall mass (lesion 2) and slowly
progressing right gluteal mass (lesion 3). (B) Sectioning and use of the on-PD-1 inhibitor abdominal
wall lesion. The tumor was oriented by lateral inking (red — left, blue — right), sliced and laid on a grid.
The odd numbered slices were processed for FFPE and used for immunohistochemistry whilst the even
numbered slices were fresh-frozen and used for genomic and proteomic analyses (whole exome
sequencing - WES, RNA sequencing, TCR sequencing, reverse-phase protein array - RPPA). (C)
Functional hypomorphism of the identified JAKI/ mutation (JAKI"'***) was identified by Ba/F3
transformation assay. Also shown are known oncogenic JAKI variants (JAKI®% J4K15'%%,
JAK 179 wild-type JAKI, a truncating JAKI hypomorph (JAKI"'%*""), and oncogenic PIK3CA
variants. (D) Copy number alterations in each region of the tumor are shown in the chromosome
coordinate as log2-transformed copy number probe intensities R (observed intensity/reference

intensity); copy number gains are shown as red and copy number losses as blue.
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Figure 2.
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Figure 2: Immune-driven transcriptional heterogeneity implicates diverse immune cell
populations and highly localized immune activation or suppression. (A) Unsupervised hierarchical
clustering based on the top 1000 most variant (mean absolute deviation) genes across all samples of the
on-PD-1 inhibitor tumor, demonstrating limited associations between clustering of samples and tumor
location based on the general transcriptome, but apparent association between high immune infiltrate
and location at the tumor margin. (B) Heatmap of immune signature gene sets (from Rooney, et al')
across tumor sub-regions demonstrate dispersed pockets of immune activation or suppression
throughout the tumor, wherein immune-high samples (e.g.: 4A1/4A2, 6AS and 8A6) are physically
distant from each other within the tumor mass. IHC-based immune infiltrate and ESTIMATE immune
scores (top) and IHC-based tumor sample location (bottom) are indicated. (C) Immunohistochemical
marker inter-correlations demonstrating generally diverse representation of immune cell types when
infiltrates are present. Data are Spearman correlation values (with Benjamini-Hochberg correction; only
p<0.05 are shown) indicated according to the color scale shown. (D) Correlation of most variably
abundant proteins measured by reverse-phase protein array, revealing two main modules of highly
correlated molecules. Proteins displaying statistically significant (FDR p<0.10) correlation with
immune infiltrate are indicated by * and color (blue = anti-correlated with immune infiltrate, red =
directly correlated with immune infiltrate). Data are Spearman correlation values (with Benjamini-
Hochberg correction; only p<<0.05 are shown) indicated according to the color scale shown. (E) Sample-
wide similarity of immune activity was estimated by calculation of the distance matrix between samples
using the immune activation signature expression data; lines connect samples in the top quartile of
similarity scores, demonstrating global immune signature similarities that are not restricted by intra-
tumoral location. (F) Three-dimensional spatial mapping of subregion Cytolytic activity signature,
Type-I IFN response signature and Co-inhibition, T cell signature scores derived from transcriptomic
data, in the manner of Rooney et al". Data map the geometric mean of genes included in each gene set
onto three-dimensional space representing the tumor slices, with color and height indicating expression

value (higher expression = red peaks, lower expression = blue troughs).
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Figure 3: Transcriptomic analysis demonstrates considerable ITH underlying convergent
immune phenotypes. (A) Volcano plot of differentially expressed genes comparing high versus low
immune infiltrate regions across the tumor core and margins. Vertical red lines indicate a minimum 2-
fold change in expression value; horizontal red lines indicate the adjusted p value threshold of <0.05.
(B) Representative IHC sections demonstrating matched tumor content (SOX10 stain, above), and
immune infiltration (CD8 stain, below) illustrating substantial variation of local CD8 T cell content
ranging from low (arrows) to high (arrowheads). (C) Gene connection network of genes upregulated in
immune-infiltrated samples that contribute to highly enriched GO terms/pathways, showing substantial
connectivity. (D) Functional enrichment network showing diverse representation of immune cell
pathways and functions in the immune infiltrate-derived differentially expressed genes, dominated by
highly inter-connected T and B lymphocyte-related terms. (E) Representative IHC images of a para-
tumoral lymphoid structure present in section 1B, demonstrating absence of tumor cells (SOX10) but
mixed populations of CD4+, CD8+ and PAXS5+ lymphocytes. Magnification 10X. (F) Single-sample
gene set enrichment analysis demonstrating spatially discontiguous enrichment of functionally relevant
gene sets throughout the tumor. IHC-based estimate of immune infiltrate (top) and sample location
(bottom) are indicated. (G) Immunostained tumor tissue revealing restriction of tumor cell phospho-
ERK1/2 expression (brown staining) to cells located at or immediately subjacent to the tumor cell

surface. Arrowheads: tumor-surrounding tissue interface. Magnification: 10x.
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Figure 4.
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Figure 4: T cell repertoire dynamics reveal high ITH, potential for long-term clonal persistence
and irregular intra-tumoral movement. (A) Heatmaps of the 560 most variably expressed genes
(based on median absolute deviation) across the transcriptome dataset for which matched methylation
and copy number data were available indicating distinct sample-wise clustering patterns within each
dataset and generally unidirectional methylation patterns within samples. Data are log2-transformed
counts (gene expression), beta values (methylation) and log2(probe intensity=observed
intensity/reference intensity) (copy number), z-scored within each data type. (B) Correlation of copy
number (upper panel) and methylation (lower panel) with transcript expression for the most variable
genes on chromosome 7 showing mostly positive correlations for CNA and mostly negative
correlations for methylation as expected. Three genes (indicated in blue, lower panel) showed
discordant correlations for both CNA and methylation. (C) Tanglegram showing relationships between
the sample clustering obtained independently from each of the copy number, methylation and
transcriptome datasets for samples represented in all datasets. Entaglement values (range 0-1) indicate
moderate lack of cluster structure concordance, indicative in this context of significant additional
(unmeasured) factors contributing to the regulation of mRNA expression. Immune status of each
subregion sample is indicated in color. (D) T cell receptor-VB (TCR) clonality (range 0-1) varied
considerably between clinically relevant time points, between tumors and the peripheral blood, and
spatially within the on-PD-1 inhibitor tumor. Samples with clonality > 0.1 are highlighted in orange.
(E) Top 10 most abundant TCR clonotype proportions (i.e.: fraction of total identified TCR clonotypes)
in each sample are represented as stacked bar plots. The topmost abundant clone is colored at the top
of the bar, with each color representing a unique clonotype that may be shared between samples.
Clonotypes 2-5 and 6-10 are colored in light blue and deep blue, respectively. (F) Morisita overlap
index (MOI, range 0-1) values of TCR repertoires comparing the pre-treatment sample, peripheral
blood samples, on-PD-1 inhibitor sample (each sub-region) and a post-PD-1 inhibitor sample were used
to compare the overlap in shared nucleotypes in the TCR repertoire identified in each sample. Higher

MOI indicates a greater proportion of shared TCR sequences. Within the on-PD-1 inhibitor sample,
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TCR clonotypes present in section 8 were largely restricted to this geographic location, which was
notably highly necrotic. There was considerable sharing of clonotypes between sections 4 and 6, and
to a lesser degree between 2, 4 and 6, suggesting a greater degree of physical movement of T cells
between these sections. (G) tSNE plot of TIL populations. The majority of the cells fell into an activated
cytotoxic T cell lymphocyte, CD4 T cell and checkpoint-inhibited T cell phenotype. (H) Marker gene
expression levels across TIL clusters. Relative expression of key marker genes associated with a
cytotoxic T-cell phenotype (CDS, GZMA and PRF1), CD4 phenotype (CD4 and IL7R) and a multiply

checkpoint inhibited phenotype (FOXP3, CTLA4, GITR and ICOS) are overlaid on the tSNE clusters.
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Figure 5.
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Figure 5: Chromosome 7 gain is associated with an unfavorable immune environment driven by
neutrophil signatures that characterize non-responders to immune checkpoint blockade. (A-B)
Chromosome 7 gain sub-regions of the melanoma mass progressing during anti-PD-1 therapy revealed
lesser suppressive neutrophil signatures compared with sub-regions unaffected by chromosome 7 gains.
Scores shown represent geometric mean log2-transformed counts of genes within the GO terms
indicated (see also Supplementary Data 7). Plots include two-sample t test comparison with
accompanying significance values. (C) Samples affected by whole-chromosome 7 gains within The
Cancer Genome Atlas melanoma (SKCM) dataset revealed prominent differential upregulation of
genes involved in neutrophil activation signatures revealed by gene ontology term enrichments. Gene
ratios indicate the ratio of representation of input genes within the indicated GO term gene set relative
to all queried GO term gene sets. Top enriched pathways are displayed after Benjamini-Hochberg
correction for multiple testing. (D) Connected gene network of genes involved in major GO term
enrichments within chromosome 7 gain TCGA SKCM samples. (E-G) Differentially expressed genes
contrasting responders versus non-responders to immune checkpoint blockade agents in publicly
available datasets revealed consistent GO term enrichments for neutrophil activation signatures; Top
enriched pathways are displayed after Benjamini-Hochberg correction for multiple testing. (E) Van
Allen, et al., anti-CTLA-4 dataset, (F) Hugo, et al., anti-PD-1 dataset, (G) Riaz, ef al., anti-PD-1
dataset. (H) Heatmap of genes found recurrently enriched across TCGA SKCM chromosome 7 gain
and clinical non-responder samples showing relative enrichment of each gene across the datasets as a

scaled value.
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TABLES

Table 1. Differentially expressed genes confirm the activity of multiple immune subsets in regions
of heavy immune infiltration. Top 50 most differentially expressed genes (n=25) upregulated, n=25
downregulated in heavy versus low immune infiltrate) between tumor sub-regions based on extent of

immune infiltrate.

Gene BaseMean | logoFoldChange | IfcSE | stat pvalue padj

RP11.280H21.1 | 2.22 -4.34 1.65 | -2.63 | 8.54E-03 | 4.95E-02
RP11.376M2.2 | 3.45 -3.93 1.12 | -3.50 | 4.63E-04 | 5.46E-03
AL109763.2 1.75 -3.61 1.13 | -3.18 | 1.47E-03 | 1.36E-02
AC093850.1 3.34 -3.51 1.18 | -2.97 | 2.96E-03 | 2.29E-02
RP11.114H23.3 | 2.91 -3.43 0.97 | -3.52 | 4.34E-04 | 5.16E-03
CTD.2651C21.3 | 1.51 -3.41 1.03 | -3.31 | 9.34E-04 | 9.59E-03
RP11.307L14.2 | 1.88 -3.34 1.08 | -3.10 | 1.91E-03 | 1.65E-02
ICAMS 1.66 -3.19 1.10 | -2.89 | 3.86E-03 | 2.80E-02
RP11.29P20.1 12.71 -3.06 0.68 | -4.51 | 6.46E-06 | 1.58E-04
RNF208 1.39 -2.89 1.07 [ -2.70 | 6.99E-03 | 4.30E-02
ILIRAPL2 12.62 -2.80 0.65 | -4.32 | 1.54E-05 | 3.28E-04
EFNA3 1.98 -2.74 091 |-3.00 | 2.71E-03 | 2.14E-02
GPRI115 6.36 -2.59 0.69 | -3.76 | 1.67E-04 | 2.42E-03
MASTI 9.13 -2.58 0.60 | -4.33 | 1.50E-05 | 3.22E-04
RNU6.850P 2.17 -2.57 091 | -2.82 | 4.79E-03 | 3.27E-02
RP11.191L17.1 | 5.79 -2.53 091 |-2.79 | 5.31E-03 | 3.53E-02
AC007091.1 3.29 -2.40 0.88 | -2.71 | 6.68E-03 | 4.17E-02
RP11.67M1.1 6.98 -2.39 0.58 | -4.15 | 3.39E-05 | 6.41E-04
LINC00919 3.72 -2.33 0.84 | -2.77 | 5.60E-03 | 3.67E-02
ACO018742.1 16.53 -2.33 0.80 | -2.91 | 3.59E-03 | 2.66E-02
SMYDI1 4.20 -2.29 0.68 | -3.35 | 8.14E-04 | 8.65E-03
RN7SL151P 4.88 -2.23 0.77 | -2.88 | 3.99E-03 | 2.86E-02
RLBPI 27.57 -2.09 0.43 | -4.82 | 1.46E-06 | 4.65E-05
CTD.3064H18.4 | 8.82 -2.01 0.70 | -2.86 | 4.20E-03 | 2.97E-02
NDUFAF4P3 9.37 -2.00 0.46 | -4.40 | 1.11E-05 | 2.49E-04
RP1.153P14.5 3.39 5.48 1.20 | 4.58 | 4.74E-06 | 1.22E-04
LTF 351.40 5.52 0.73 | 7.60 | 2.89E-14 | 4.03E-11
LINC00086 6.09 5.52 1.26 | 4.39 | 1.11E-05 | 2.50E-04
IGLV3.21 18.88 5.62 091 |6.20 | 5.73E-10 | 8.57E-08
ADHI1B 128.01 5.67 1.05 [ 5.38 | 7.39E-08 | 4.12E-06
EPPK1 9.80 5.68 0.89 | 640 | 1.55E-10 | 3.18E-08
hsa.mir.5195 4.71 5.70 1.05 [ 5.45 | 5.12E-08 | 3.03E-06
SLC16A9 6.97 5.73 1.16 |4.92 | 8.62E-07 | 3.03E-05
ADIPOQ 300.86 5.73 0.73 | 7.86 | 3.72E-15 | 9.45E-12
RP11.89M16.1 | 4.91 5.75 1.00 | 5.76 | 8.42E-09 | 6.92E-07
KLHL14 19.27 5.83 0.82 | 7.10 | 1.23E-12 | 5.96E-10
PGBD4P1 5.38 5.90 1.05 [5.62 | 1.96E-08 | 1.37E-06
MDS2 4.65 5.93 1.10 [ 5.39 | 7.06E-08 | 3.99E-06
SAA2 11.85 5.99 0.97 |6.17 | 6.69E-10 | 9.56E-08
DSC3 5.00 6.06 1.25 | 4.85 | 1.25E-06 | 4.11E-05
PCK1 26.46 6.19 1.08 [5.75 | 9.17E-09 | 7.40E-07
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RP11.693J15.5 | 42.65 6.21 0.76 | 8.16 | 3.42E-16 | 1.52E-12
TNNT3 9.87 6.22 1.22 | 5.10 | 3.31E-07 | 1.40E-05
FCRLI1 50.74 6.33 0.55 | 11.53 | 9.37E-31 | 2.50E-26
MAL2 7.46 6.64 1.05 | 6.30 | 2.91E-10 | 5.03E-08
CAPN6 791 6.72 1.10 | 6.11 | 9.98E-10 | 1.33E-07
RBP4 9.54 6.72 1.18 | 5.72 | 1.07E-08 | 8.49E-07
CR2 574.56 7.01 097 |7.23 | 499E-13 | 3.24E-10
MFSD2A 17.06 7.02 1.10 | 6.38 | 1.82E-10 | 3.49E-08
GABRA2 39.51 7.54 1.07 | 7.07 | 1.54E-12 | 6.71E-10
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Table 2: GO term enrichment reveals prominent T and B lymphocyte activation in immune

infiltrated tumor samples. Top 20 most-enriched GO-BP terms within differentially expressed genes

between samples displaying high versus low levels of leukocytic infiltrate.

Gene Background
GO Term Description Ratio Ratio pvalue | p.adjust | gqvalue
7.01E- | 2.63E- 2.13E-
G0:0030098 | lymphocyte differentiation 36/376 344/18493 16 12 12
2.26E- | 4.25E- 3.44E-
G0:0070661 | leukocyte proliferation 31/376 283/18493 14 11 11
immune response-activating
cell surface receptor 4.14E- | 5.18E- 4.20E-
G0:0002429 | signaling pathway 37/376 414/18493 14 11 11
immune response-regulating
cell surface receptor 7.79E- | 6.85E- 5.55E-
G0:0002768 | signaling pathway 38/376 445/18493 14 11 11
antigen receptor-mediated 9.12E- | 6.85E- 5.55E-
G0:0050851 | signaling pathway 29/376 259/18493 14 11 11
1.46E- | 9.14E- 7.41E-
GO:0042113 | B cell activation 31/376 303/18493 13 11 11
regulation  of  antigen
receptor-mediated signaling 3.23E- | 1.73E- 1.40E-
GO:0050854 | pathway 15/376 57/18493 13 10 10
9.51E- | 447E- 3.62E-
G0:0046651 | lymphocyte proliferation 28/376 264/18493 13 10 10
mononuclear cell 1.14E- | 4.78E- 3.87E-
G0:0032943 | proliferation 28/376 266/18493 12 10 10
3.53E- | 1.33E- 1.08E-
G0:0042100 | B cell proliferation 17/376 91/18493 12 09 09
1.22E- | 4.16E- 3.37E-
GO:0042110 | T cell activation 35/376 451/18493 11 09 09
positive regulation of cell 3.63E- | 1.14E- 9.20E-
GO0:0045785 | adhesion 32/376 397/18493 11 08 09
positive  regulation  of 8.22E- | 2.38E- 1.92E-
G0:1903039 | leukocyte cell-cell adhesion | 23/376 214/18493 11 08 08
1.59E- | 4.13E- 3.35E-
G0:0007159 | leukocyte cell-cell adhesion | 28/376 327/18493 10 08 08
positive regulation of T cell 1.65E- | 4.13E- 3.35E-
GO:0050870 | activation 22/376 202/18493 10 08 08
T cell receptor signaling 2.23E- | 5.24E- 4.24E-
GO:0050852 | pathway 19/376 150/18493 10 08 08
positive regulation of cell 3.25E- | 7.18E- 5.82E-
GO:0050867 | activation 30/376 384/18493 10 08 08
positive regulation of cell- 3.62E- | 7.57E- 6.13E-
G0:0022409 | cell adhesion 24/376 251/18493 10 08 08
regulation of B cell receptor 5.39E- | 1.07E- 8.64E-
G0:0050855 | signaling pathway 9/376 24/18493 10 07 08
6.55E- | 1.22E- 9.88E-
G0:0030183 | B cell differentiation 17/376 125/18493 10 07 08
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Supplemental Information

Supplementary Figure 1.
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Supplementary Figure 1: Matched immunohistochemistry sections were used to infer tumor
and immune composition of genomic sections. Shown are IHC stains for tumor (SOX10) and
leukocytes (CD45LCA) from FFPE (odd-numbered) tumor sections, providing information
from above and below each intercalating frozen (even-numbered) tumor section in order to
infer tumor microenvironment composition based on multiple IHC stains. Sub-division of
sections into sub-regions in order to study intratumoral heterogeneity was performed on a
section- by-section basis on frozen sections, and analogous boundaries applied to adjacent

FFPE sections as indicated by blue lines on the SOX10-stained sections.
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Figure 2.
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Supplementary Figure 2: Inter-tumoral analyses reveal longitudinal copy number evolution.
(A) Copy number changes across the on-PD-1 inhibitor lesion demonstrate notable intra-tumor
heterogeneity, and additional longitudinal/inter-tumoral heterogeneity in comparison to the
treatment-naive and post-PD-1 inhibitor lesions. (B) Chromosome 10 copy number alterations
spanning metachronous tumors indicate step-wise losses (indicated by red bar, relative to a
zero baseline) in tumors sampled at treatment-naive, on-PD-1 inhibitor (regions 2A1, 2A16,
4A12, demonstrating ITH) and post-PD-1 inhibitor time points. Data are log2(R) where R is

the probe intensity expressed as (observed intensity/reference intensity).
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Supplementary Figure 3.
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Supplementary Figure 3: Deconvolution of melanoma and immune cell transcriptomic and
proteomic signatures. (A) Example histologic appearances (SOX10 stain) of subregions
designated as core, high-purity margin and medium-purity margin. (B) Supervised clustering
(in spatial order) of the transcriptomic profile of samples derived from the on-PD-1 inhibitor
tumor lesion, highlighting tumor-derived and immune cell subset-derived signatures. IHC-
based immune infiltrate and ESTIMATE immune scores (top) and IHC-based sample location
(bottom) are indicated. (C) Heatmap of immune infiltrate composition deconvoluted from
transcriptomic data using CIBERSORT. (D) Example of low-density (top) and high-density
(bottom) CD15+ staining as a marker for the presence of neutrophils. The majority of CD15
staining was observed within necrotic regions of FFPE slice 7. (E) Sample inter-correlation
matrix based on reverse-phase protein array quantification of protein expression, illustrating
dispersed protein expression patterns throughout sub-regions of the on-PD-1 inhibitor tumor.
(F) Delta area (left) and tracking plot (right) of consensus clustering of samples using
transcriptome data to identifying the optimal number of sample clusters that captures the
majority of intra-tumoral heterogeneity signatures. A total of 4 clusters provided the greatest
balance between information and similar cluster size, whilst >4 cluster-solutions contributed

lower-yield clusters containing few samples each.
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Supplementary Figure 4.
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Supplementary Figure 4: Transcriptional heterogeneity at margin sites. (A) Gene connection
network of differentially-expressed genes between samples located at the tumor margin
comparing those with high versus low immune infiltrates. (B) Functional annotation network
of differentially-expressed genes between high versus low immune infiltrate tumor margin

samples, showing enrichment for T and B lymphocyte pathways and functions.
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Supplementary Figure 5.
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Supplementary Figure 5: Identification and distribution of dominant TCR clonotypes. TCR
clonal activation inferred from matched TCR-V3 DNA and RNA sequencing identifies
dominant clonotypes and their spatial distribution. Data represent productive frequencies
within the total TCR repertoire derived from either DNA-based or RNA-based sequencing,

expressed as percentages.
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Supplementary Figure 6.
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Supplementary Figure 6: Associations between high-abundance TCR clonotypes and truncal
tumor mutations reveal probable distinct tumor-specific and bystander populations.
Correlations between abundance of high-frequency TCR clonotypes (defined at the amino acid
level) and a core set of truncal mutations (variant allele frequency) identified throughout all
sub-regions of the on-PD-1 inhibitor tumor. The strength and direction of correlation is
indicated by color, whilst the size of each circle indicates the statistical significance (larger
indicates more highly significant), with all values meeting the criterion of adjusted p-value <

0.05
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Supplementary Figure 7

A B
Donor1 | Donor 2
Fold-Increase
Peptide 4 1.9 0.74 o
Peptide 6 1.33 0.46 ” * *
Peptide 7 0.93 0.95 30 I I
20
Peptide 9 1.45 0.63 " I I I II I
0.0 II
Peptide 11 1.13 0_70 Peptide4 Peptide6 Peptide7 PeptideS Peptidell Peptide12 u;p;(l)-,]m
Peptide 12 1.66 0.64 SDonorl BDonor2
unpulsed K562 | 0.39 0.24
C

ccLa
O R A \ [l | \\\ NKG7

A TR { Il ‘ }} cD8A
AL EAACAL S W \ M GZMK
| ccLs 7R
‘ ‘ SLC2A3
Il ‘ CD40LG

00 A A O ||||h| m\ I\IHH H\IHHHI |||uN (L2
TN O O O T ST L
L T R ‘| \HIHHH‘I‘I (NI mumyuuuuunn HH \\\ KRBl

b i wu wfm e

CTLA4 BATF
\ MMP9 CST3
N \ \ H‘ \H\ (B REwT \‘ I \\\\H\Hw I\
\ \ \ I (il HH \ cxeL13
| \ \ ACPS
\ \

| \ HLA-DRA

Ll um TN TN uu |||uuuu|mulmumMm{mwnm HLA_DRB1
% ‘ IR | I I |) i .\ HLA_DRBS
\ (il HH | L | 4 |-

SERPINE2
COL1A1

|
CH QTR LT \ I i \W\IWHUI L1 I e

‘ ‘ ‘ CRYAB

V

S100A1

Activated CTL CDA T cell Checkpoint-regulated T f }
cell

HLA-rich

85



Supplementary Figure 7: Single cell sequencing identifies distinct T cell phenotypes. (A-

B) Detection of epitope specific CD8+ T cells in the PBMC of HLA-A*0301 healthy donors.
Potential epitope specific CD8+ T cells in PBMC were stimulated three times at 7-day intervals
by co-culturing with HLA-A*0301 expressing K562 (A3-K562) pulsed with overlapping
peptides (peptides 1-12) in the presence of IL-21. Epitope specificity of sensitized CD8+ T
cells was determined by co-culturing cells with peptide pulsed K562 overnight and performing
a standard intracellular IFN-y production assay. Cells co-cultured with non-pulsed K562 cells
served as background (negative) controls. Treatment with PMA and ionomycin served as a
positive control for the assay. The table (A) lists the highest responding peptide candidates as
% IFN-y+ CD8+ T cells among total CD8+ T cells (baseline of 0.39% and 0.24% from Donors
1 and 2, respectively). Fold-increase in peptide reactivity above baseline (baseline = 1.0) is
shown in the column chart (B) at right. (C) Heatmap of the most differentially-expressed genes

between tumor infiltrating lymphocyte clusters defined by tSNE analysis.
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Supplementary Figure 8.
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Supplementary Figure 8: Neutrophil estimation and related Gene Ontology (GO)-term and
KEGG pathway enrichments in clinical samples based on chromosome 7 gains. (A).
Neutrophil quantification within the on-PD-1 inhibitor samples (lesion 2) comparing sites by
chromosome 7 copy number status as determined from MCP counter (left) and CIBERSORT
(right). (B) Neutrophil content derived from CIBERSORT within TCGA SKCM samples
grouped by chromosome 7 copy number status. (C). KEGG pathways enriched in melanoma
samples harboring chromosome 7 gains revealed numerous pathways involved in reaction to
bacterial infections, phagosome and lysosome formation, and antigen processing, consistent
with the highly neutrophil activation-dominant GO term enrichments observed. (D-F)
Neutrophil content derived from CIBERSORT within clinical immune checkpoint blockade-
treated samples grouped by reported response status (NR=non-responder, R=responder) from
the Van Allen anti-CTLA-4 cohort (D) and the Hugo (E) and Riaz (F) anti-PD-1 cohorts.
Supplemental Data

Supplemental Data 1
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Supplemental Data 2

ABL1 ACVRI1B ACVR2A AKTI
AKT2 AKT3 ALK AMERI
APC AR ARAF ARIDIA
ARIDIB ARID2 ASXLI ATM
ATR ATRX AURKA AURKB
AXINI1 BAPI BCL2 BCOR
BIRC2 BRAF BRCALI BRCA2
BTK CARDI11 CASP8 CBL
CCND1 CCND3 CCNE1 CD79A
CD79B CDC27 CDC73 CDH1
CDK4 CDK6 CDKNIB CDKN2A
CEBPA CHEK1 CHEK2 CIC
CREBBP CSFIR CTCF CTNNBI
CYLD DAXX DDR2 DICERI
DNMT3A EGFR ELF3 EP300
EPCAM EPHA3 EPHAS ERBB2
ERBB3 ERBB4 ERCC2 ERCC3
ERCC4 ERCCS ESR1 ETVI
EZH2 FADD FAM123B FANCA
FANCD2 FBXW7 FGFR1 FGFR2
FGFR3 FGFR4 FH FLTI
FLT3 FLT4 FOXALI FOXL2
GABRAG6 GATA1 GATA2 GATA3
GNAI1 GNAQ GNAS H3F3A
HIST1H3B HNF1A HRAS IDHI
IDH2 IGFIR JAK1 JAK2
JAK3 KDMs5C KDM6A KDR
KEAPI KIT KRAS MAP2K1
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NKX2-1 NOTCHI NOTCH2 NOTCH3
NOTCH4 NPM1 NRAS NSD1
NTRK3 PALB2 PAXS PBRM1
PDGFRA PDGFRB PHF6 PIK3CA
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Supplemental Data 3

gene chr baseMean | log2FoldCha | 1fcSE stat pvalue padj
nge
RPS6KA6 X 37.499950 | -2.1415285 0.5067163 | - 2.38E-05 | 0.0284571
6 9 42262861 8
MPZ 1 125.85708 | -1.6860535 0.3875135 | - 1.36E-05 | 0.0205967
2 4.3509542 9
OLFML2A |9 218.74564 | -1.2022087 0.2851141 | - 2.48E-05 | 0.0284571
4 2 4.2165879 8
TUBB4B 9 540.12125 | -0.524472 0.1302330 | - 5.64E-05 | 0.0413003
4 8 4.0271799 8
PARGP1 10 630.34718 | 0.29025227 | 0.0728509 | 3.9841941 | 6.77E-05 | 0.0461218
7 4 2 5
SHOC2 10 7167.3413 | 0.29700997 | 0.0754784 | 3.9350290 | 8.32E-05 | 0.0497787
7 5 9
ABI1 10 10852.982 | 0.33369281 | 0.0793270 | 4.2065454 | 2.59E-05 | 0.0284571
1 4 8
PLEKHALI 10 2732.7107 | 0.352468 0.0794225 | 4.4378820 | 9.08E-06 | 0.0166022
7 8 1
OPTN 10 7387.2808 | 0.35745134 | 0.0781818 | 4.5720504 | 4.83E-06 | 0.0119258
4 7 5
LCOR 10 6014.1306 | 0.38570136 | 0.0982980 | 3.9237954 | 8.72E-05 | 0.0497787
6 3 9
FRAI0AC1 | 10 2210.4993 | 0.39211203 | 0.0646287 | 6.0671484 | 1.30E-09 | 8.57E-06
6 2 1
UPF2 10 14157.027 | 0.41163467 | 0.0917438 | 4.4867841 | 7.23E-06 | 0.0158704
5 1 4 2
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KAT6B 10 5048.8543 [ 0.42190343 | 0.0961855 | 4.3863489 | 1.15E-05 | 0.0189752
6 8 2
DCLREIC | 10 911.20574 | 0.42336868 | 0.1086038 | 3.8982837 | 9.69E-05 | 0.0497787
6 4 9
PFKFB3 10 5546.2801 | 0.45343985 | 0.1082633 | 4.1883045 | 2.81E-05 | 0.0292199
9 4 4 3
RSUI 10 4459.7669 | 0.46707871 | 0.0759530 | 6.1495700 | 7.77E-10 | 7.67E-06
5 7 2
EPCI 10 4705.8738 | 0.49195946 | 0.1010772 | 4.8671633 | 1.13E-06 | 0.0037273
8 5 1
FAM21A 10 229.28817 | 0.4928333 | 0.1057567 | 4.6600660 | 3.16E-06 | 0.0089205
6 2 5 7
ZNF22 10 1746.6713 | 0.49524957 | 0.1202217 | 4.1194681 | 3.80E-05 | 0.0357216
3 4 2
RUFY2 10 2014.4681 | 0.52835951 | 0.0967796 | 5.4594101 | 4.78E-08 | 0.0002359
5 6 2
CI0OORF68 | 10 216.02324 | 0.80654431 | 0.1949322 | 4.1375625 | 3.51E-05 | 0.0346697
8 3 6 3
RP11.849H4 | NA 43.988310 | 1.40544588 | 0.3608513 | 3.8948057 | 9.83E-05 | 0.0497787
4 9 4 7 9
RP11.819M1 | NA 54.076814 | 1.65746976 | 0.4056160 | 4.0863022 | 4.38E-05 | 0.0376444
5.1 5 5 3 9
BEX5 X 31.545114 | 2.80981838 | 0.7136666 | 3.9371582 | 8.25E-05 | 0.0497787
8 1 8 9
WHAMMP?2 | 15 55.327038 | 2.87030043 | 0.7103583 | 4.0406372 | 5.33E-05 | 0.0405003
1 6 3 8

94



STK32B 4 319.49149 | 2.92180985 | 0.6589379 | 4.4341195 | 9.24E-06 | 0.0166022
2 9 9 1

RGS14 5 10.609660 | 2.92843768 | 0.7247412 | 4.0406665 | 5.33E-05 | 0.0405003
7 3 8 8

RPI11.876N2 | NA 8.7388639 | 3.50522458 | 0.8970686 | 3.9074205 | 9.33E-05 | 0.0497787
4.2 9 9

ABCA10 17 58.098313 | 3.54853389 | 0.8760496 | 4.0506081 | 5.11E-05 | 0.0405003
2 7 1 8

GABRE X 80.530286 | 3.78448369 | 0.9649658 | 3.9218835 | 8.79E-05 | 0.0497787
1 5 4 9

RP11.21401 | NA 22.469734 | 4.07825492 1.0374881 | 3.9308931 | 8.46E-05 | 0.0497787
3 1 8 9

BLK 8 62.743283 | 4.20400218 1.0242322 | 4.1045401 | 4.05E-05 | 0.0363760
9 1 2 9

SELM 22 15.719333 | 4.42435986 | 1.0208990 | 4.3337879 | 1.47E-05 | 0.0206803
8 1 8 7

AC093642.3 | NA 27.770349 | 4.87752991 0.9628537 | 5.0657016 | 4.07E-07 | 0.0016075
7 2 8

GRIP2 3 11.579992 | 5.07934722 1.2670261 | 4.0088733 | 6.10E-05 | 0.0430419
5 3 5

NLRP7 19 9.8806310 | 5.33458412 1.3629872 | 3.9138915 | 9.08E-05 | 0.0497787
2 8 9

MUCI12 7 9.7682414 | 5.76379138 1.4763363 | 3.9041181 | 9.46E-05 | 0.0497787
5 7 9

TNNT3 11 20.955096 | 7.38027558 1.7481874 | 4.2216729 | 2.42E-05 | 0.0284571
7 2 8 8
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MT1B 16 37.923291 | 22.480718 2.4949812 | 9.0103755 | 2.05E-19 | 4.06E-15
4 6
Supplemental Data 4
Gene baseMean log2FoldChange | IfcSE stat pvalue padj
FCRLI1 50.74110637 | 6.333461098 0.5493271 | 11.529489 | 9.37E-31 2.50E-26
6
DGKE 230.3780947 | 2.34026609 0.255627 9.1550036 | 5.44E-20 7.24E-16
6
GCNT4 72.35086778 | 3.041550888 0.3402806 | 8.9383592 | 3.95E-19 3.51E-15
7 5
RP11.553K8. | 103.3282115 | 2.988765476 0.3640635 | 8.2094612 | 2.22E-16 1.46E-12
5 3 5
RP11.347P5. | 202.3039542 | 2.425309003 0.2963487 | 8.1839692 | 2.75E-16 1.46E-12
1 4 5
RP11.693J15 | 42.64742901 | 6.213668502 0.7617059 | 8.1575681 | 3.42E-16 1.52E-12
.5 9 2
PLCB4 110.1348642 | 3.276392776 0.4074282 | 8.0416436 | 8.86E-16 3.37E-12
5 5
CADM3 149.2069446 | 5.174369166 0.6526601 | 7.9281215 | 2.22E-15 7.41E-12
7 2
CLU 1280.537517 | 4.685860565 0.5939080 | 7.8898750 | 3.02E-15 8.95E-12
8 5
MS4A1 398.7408259 | 4.50496317 0.5732950 | 7.8580187 | 3.90E-15 9.45E-12
4 2
ADIPOQ 300.8602216 | 5.734927332 0.7292598 | 7.8640385 | 3.72E-15 9.45E-12
2 2
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ICOS 238.4482965 | 2.325699191 02971029 | 7.8279225 | 4.96E-15 | 9.99E-12
9 8
FAMI29C | 28.35170317 | 5.067201566 0.6471192 | 7.8303984 | 4.86E-15 | 9.99E-12
5 3
SIPRI 1684.920618 | 2.409973953 03081518 | 7.8207356 | 5.25E-15 | 9.99E-12
3 3
TNFRSF10A | 141.0750804 | 2.465683708 03162140 | 7.7975157 | 6.31E-15 | 1.05E-11
1 8
CNRI 4724102267 | 4.289220422 0.5497376 | 7.8023039 | 6.08E-15 | 1.05E-11
8
SIDTI 161.2179634 | 2.360184583 03060229 | 7.7124444 | 1.23E-14 | 1.93E-11
1
CNR2 22.68480867 | 4.789065596 0.6243869 | 7.6700281 | 1.72E-14 | 2.55E-11
6 8
LTF 351.397333 | 5.519492242 0.7259399 | 7.6032357 | 2.89E-14 | 4.03E-11
1 2
PARP15 256.3799532 | 2.607730938 0.3432485 | 7.5972085 | 3.03E-14 | 4.03E-11
7 4
RFTNI 566.5286103 | 1.427788836 0.1889858 | 7.5550033 | 4.19E-14 | 5.31E-11
7 3
CD22 213.1755724 | 2.178713116 02936713 | 7.4188824 | 1.18E-13 | 1.37E-10
4 2
SELL 890.6279646 | 2.532260226 03410743 | 7.4243640 | 1.13E-13 | 1.37E-10
6 1
CD79A 20.13130195 | 4.932978895 0.6655536 | 7.4118424 | 1.25E-13 | 1.38E-10
7 3
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STAPI 140.3040336 | 3.475002228 0.4708526 | 7.3802336 | 1.58E-13 | 1.45E-10
7

CYTIP 657.9512588 | 2.741192662 03704632 | 7.3993642 | 1.37E-13 | 1.45E-10
7 3

ELMOI 647.2066776 | 1.914306698 02591916 | 7.3856811 | 1.52E-13 | 1.45E-10
3 2

PAXS 9425515507 | 5.171992882 0.6996783 | 7.3919584 | 1.45E-13 | 1.45E-10
3

FAMI77B | 62.65566997 | 2.533010392 03431277 | 73821211 | 1.56E-13 | 1.45E-10
2 5

MPP7 97.33979575 | 3.215726769 0.4360634 | 7.3744475 | 1.65E-13 | 1.47E-10
1 7

RP1.225E12. | 94.51533767 | 2.645008889 03593994 | 7.3595241 | 1.85E-13 | 1.59E-10
2 4 7

RUNXITI | 410.2516983 | 1.00100036 0.1366624 | 7.3246168 | 2.40E-13 | 1.92E-10
9 3

SLC38A1 2741.805105 | 2.86862742 03918046 | 7.3215761 | 2.45E-13 | 1.92E-10
3 1

HOOK1 84.23349955 | 3.412609281 0.4656434 | 7.3288038 | 2.32E-13 | 1.92E-10
2 7

CLEC2D 591.1158297 | 1.658893563 0.2269063 | 73109170 | 2.65E-13 | 2.02E-10
6 3

PZP 136.0011632 | 2.896779643 03971938 | 7.2931127 | 3.03E-13 | 2.24E-10
7 4

SNORA16.1 | 20.93666302 | 3.264808224 0.4483582 | 7.2816954 | 3.30E-13 | 2.37E-10
5 7
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CD52 110.8822963 | 2.833434142 03896342 | 7.2720362 | 3.54E-13 | 2.44E-10
2 6
SPIB 4826475437 | 3.555411978 0.4889763 | 7.2711332 | 3.56E-13 | 2.44E-10
2 9
KCND3 113.658807 | 3.169719761 0.4364506 | 7.2624922 | 3.80E-13 | 2.53E-10
9 6
CR2 5745642824 | 7.012442134 0.9704895 | 7.2256751 | 4.99E-13 | 3.24E-10
4 1
ZNF483 92.75829031 | 2.520261019 03491393 | 7.2184965 | 5.26E-13 | 3.33E-10
3 5
MMRN1 186.0122621 | 4.824234917 0.66871 72142407 | 5.42E-13 | 3.36E-10
6
GVINP1 1521.47005 | 2.624681239 03651225 | 7.1884944 | 6.55E-13 | 3.97E-10
3
ANK3 232.7765494 | 2.857011549 0.3979072 | 7.1800938 | 6.97E-13 | 4.12E-10
7 3
RHOH 342.0863444 | 2.444313617 03410418 | 7.1671946 | 7.66E-13 | 4.43E-10
9
ABI3BP 2170.72449 | 2.62599135 03675991 | 7.1436266 | 9.09E-13 | 5.15E-10
9 1
PLACS 88.40519034 | 3.399873219 04764019 | 7.1365646 | 9.57E-13 | 5.20E-10
4 4
TTC14 760.6838645 | 1.228459621 0.1720679 | 7.1393884 | 9.37E-13 | 5.20E-10
1 5
TTN 3419.891732 | 2.670656684 0.3743963 | 7.1332331 | 9.80E-13 | 5.22E-10
8 7
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TNFRSFI3B | 127.1373614 | 3.488220704 0.4892361 | 7.1299328 | 1.00E-12 | 5.25E-10
2 8
FGR 3271257859 | 2.803587637 03941732 | 7.1125768 | 1.14E-12 | 5.80E-10
7
ST18 21.88110126 | 4.032706441 0.5671308 | 7.1107160 | 1.15E-12 | 5.80E-10
5 7
ATF7IP2 17529353 | 2.489300785 0.3501966 | 7.1082951 | 1.17E-12 | 5.80E-10
1
KLHL14 19.2738004 | 5.829742339 0.8208778 | 7.1018390 | 1.23E-12 | 5.96E-10
5 3
MCTP2 206.0448561 | 2389619806 0.3367554 | 7.0960088 | 1.28E-12 | 6.00E-10
7 7
RP11.7306.3 | 9.716468342 | 4.877665351 0.6873372 | 7.0964657 | 1.28E-12 | 6.00E-10
6 8
LINC00426 | 95.70967539 | 2.936893166 0.4142768 | 7.0892041 | 1.35E-12 | 6.20E-10
5 9
MYHI11 566.9184405 | 1.767478937 02497747 | 7.0762920 | 1.48E-12 | 6.69E-10
3 2
INADL 298.2740165 | 2.85218986 0.4032341 | 7.0732853 | 1.51E-12 | 6.71E-10
1
GABRA2 39.50820215 | 7.542918448 10667209 | 7.0711259 | 1.54E-12 | 6.71E-10
8 9
IL7R 3942315487 | 2.27318749 0.3219308 | 7.0611039 | 1.65E-12 | 7.10E-10
9 6
SOCS3 1664.839979 | 2.126691932 0.3022010 | 7.0373416 | 1.96E-12 | 8.29E-10
4 4
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XIST 5676.406336 | 2.196880741 0.3131693 | 7.0149918 | 2.30E-12 9.57E-10
9 5

MEOX2 480.4176607 | 2.547336915 0.3634350 | 7.0090573 | 2.40E-12 9.83E-10
2 7

TMEM156 51.30874163 | 3.037131007 0.4340136 | 6.9977775 | 2.60E-12 1.02E-09
5 8

ARHGAP30 | 2164.953163 | 2.148877084 0.3070486 | 6.9984910 | 2.59E-12 1.02E-09
3 5

F5 197.4752133 | 2.013309795 0.2875153 | 7.0024435 | 2.52E-12 1.02E-09
2 6

RP1.111C20. | 60.81214619 | 2.612409571 0.3742935 | 6.9795745 | 2.96E-12 1.14E-09

4 3 6

RP11.53B2.2 | 74.435796 2.631179847 0.3773612 | 6.9725752 | 3.11E-12 1.18E-09
7 3

FAM169A 107.1422404 | 1.666912239 0.2391907 | 6.9689667 | 3.19E-12 1.20E-09
3 3

LBH 60.33778957 | 2.410893233 0.3463640 | 6.9605760 | 3.39E-12 1.25E-09
4 1

RASGRP2 83.19469228 | 3.489566626 0.5023982 | 6.9458180 | 3.76E-12 1.36E-09
2 3

CD48 357.1688026 | 2.676074017 0.3853164 | 6.9451325 | 3.78E-12 1.36E-09
8 8

CH25H 38.43907194 | 3.08651817 0.4450495 | 6.935223 4.06E-12 1.44E-09
9

TACRI1 74.03975447 | 2.819917953 0.4104905 | 6.8696303 | 6.44E-12 2.23E-09

1
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RPI11.570L1 | 15.16813625 | 3.027611425 0.4407116 | 6.8698237 | 6.43E-12 2.23E-09

5.1 6 2

COLI19A1 40.13482469 | 4.75106041 0.6925387 | 6.8603530 | 6.87E-12 2.33E-09
6 6

AFF3 135.2458246 | 2.749348862 0.4008089 | 6.8595002 | 6.91E-12 2.33E-09
2 7

MST4 285.4442332 | 2.356706017 0.3447209 | 6.8365611 | 8.11E-12 2.70E-09
8 1

KBTBDS 161.7661447 | 2.292637935 0.3366759 | 6.8096278 | 9.79E-12 3.22E-09
5 7

TRABD2A 68.1864891 | 2.259888392 0.3323489 | 6.7997451 | 1.05E-11 3.41E-09
9 1

NOVA2 35.37003833 | 3.086970492 0.4556357 | 6.7750840 | 1.24E-11 3.99E-09
5 2

ANK1 24.56248667 | 3.156782296 0.4662065 | 6.7712093 | 1.28E-11 4.05E-09
7 5

SPOCK2 1280.394485 | 2.326934351 0.3447502 | 6.7496240 | 1.48E-11 4.65E-09
2 3

RP11.436124 | 21.41330974 | 3.080692074 0.4568460 | 6.7433923 | 1.55E-11 4.79E-09

1 4 6

TRAF3IP3 302.393281 1.920845002 0.2853289 | 6.7320366 | 1.67E-11 5.12E-09
6 2

SCARAS 43.91479913 | 3.975186924 0.5917202 | 6.7180175 | 1.84E-11 5.52E-09
3 8

NEURLIB 162.6996444 | 2.454707148 0.3653999 | 6.7178637 | 1.84E-11 5.52E-09
6 8
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GPR183 738.2996802 | 1.875869214 0.2794330 | 6.7131251 | 1.90E-11 | 5.64E-09
8 7

BIRC3 6105.467362 | 1.891433896 0.2823048 | 6.6999685 | 2.08E-11 | 6.05E-09
9

SYTI5 194.5348939 | 2.789165782 04164142 | 6.6980562 | 2.11E-11 | 6.05E-09
1 4

Cldorfo4 54.03787264 | 3.366448744 0.5024984 | 6.6994214 | 2.09E-11 | 6.05E-09
3 8

IRFS 778.5105336 | 2.113708057 0.3160866 | 6.6871168 | 2.28E-11 | 6.45E-09
1

ENPP2 1875.877502 | 1.690646168 02530175 | 6.6819319 | 2.36E-11 | 6.61E-09
7 6

EDNI 41.08132814 | 3.238727181 0.4852931 | 6.6737536 | 2.49E-11 | 6.92E-09
9 7

PCSK5 271.6040531 | 2.168165528 0.3252458 | 6.6662362 | 2.62E-11 | 7.21E-09
3 1

ARHGAPY9 | 261.8492867 | 2.270009616 0.3410673 | 6.6556055 | 2.82E-11 | 7.67E-09
3 1

PRG4 157.4224403 | 4.121402613 0.6196813 | 6.6508420 | 2.91E-11 | 7.84E-09
3 4

TMCS 118.5583202 | 2.709245729 04075138 | 6.6482305 | 2.97E-11 | 7.90E-09

1
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Chapter Four: Predictors of Response and Resistance to

CICB
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of response to combination immune checkpoint blockade in advanced sarcoma. Submitted, In
review.

4.1 Introduction

An estimated 13,130 new cases of soft tissue sarcoma (STS) and 3,600 new cases of bone
sarcomas were diagnosed in 2020 in the United States(Street, 2020). While chromosomal-
translocation driven tumors such as synovial sarcoma and alveolar soft part sarcoma have a
limited number of mutations and therefore fewer potential neoantigens, genetically complex
tumors such as undifferentiated pleomorphic sarcomas and leiomyosarcomas typically have
multiple mutations, which may in turn generate significantly more neoantigens (Groisberg et
al., 2020, Cancer Genome Atlas Research Network. Electronic address and Cancer Genome
Atlas Research, 2017). As a group, sarcomas are genomically heterogeneous with diverse

phenotypes and tumor microenvironments influencing tumor growth and disease progression.
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Given that the overall five-year survival for patients diagnosed with metastatic sarcoma is only
16%, there i1s a critical unmet need for more effective systemic therapy(2020). Immune
checkpoint blockade (ICB) has led to promising results in patients with metastatic
cancers(Hodi et al., 2010, Snyder et al., 2014b, Le et al., 2015, Hellmann et al., 2019, Motzer
et al., 2018). However, compared to melanoma or non-small-cell lung cancer, sarcomas are
characterized by less genomic instability with low tumor mutation burden (TMB) and a more
immunosuppressive tumor microenvironment TME(Cancer Genome Atlas Research Network.
Electronic address and Cancer Genome Atlas Research, 2017). One potential approach to
overcoming these features that may limit ICB activity is combining ICB agents that target
different aspects of the adaptive immune response. For instance, anti-CTLA-4 enhances T cell
priming in secondary lymphoid organs while PD-1/PD-L1 blockade reverses inhibition of T
cells within the tumor and improves antigen-specific responses; combination therapy results in
the activation of previously phenotypically exhausted CD8 T-cells (Ribas, 2012, DR Leach,
1996, Wei et al., 2019). However, responses and mechanisms of response and resistance to
combination ICB (C-ICB) appear distinct from those seen with ICB monotherapies and have
not been detailed in metastatic sarcoma(Wei et al., 2019). To this end, we extensively profiled
pre- and on-treatment tumor biopsies acquired from 57 patients with metastatic sarcoma
enrolled to a phase II clinical trial (NCT02815955) evaluating combined durvalumab (anti-PD-L1)

and tremelimumab (anti-CTLA-4) (Somaiah, submitted). Genomic, transcriptomic and immune-based

molecular correlates were analyzed alongside relevant clinical data. Here we report the evaluation
of genomic and transcriptomic features underlying clinical benefit as well as in-depth
characterization of the TME underlying the mechanisms of C-ICB response in multiple
sarcoma histologies.

4.2 Results
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Patient Profile

Fifty-seven adult patients with metastatic sarcoma were treated across eight study arms based
on their histologic subtype. All patients received combination durvalumab 1500 mg and
tremelimumab 75 mg every 4 weeks for 4 cycles followed by durvalumab 1500 mg every 4
weeks for up to 8 additional cycles (Fig 1A and Supplemental Table 1). Patients underwent a
pre-treatment biopsy and blood draw prior to initiation of combination therapy, followed by
an on-treatment biopsy and blood draw at the 6-week timepoint. DNA and RNA were extracted
from these longitudinal tumor biopsies, resulting in a total of 79 RNA samples which were
analyzed by RNA-sequencing and 118 DNA samples which were analyzed by whole exome
sequencing and T-cell receptor(TCR) sequencing.

Response was assessed using the immune-related response criteria (irRC) comparing baseline
staging (CT or MRI-based) scans with repeat imaging at the 12-week time point. In total, 26
(46%) patients were classified as having received clinical benefit (18SD + 8 PR). One (2%)
patient had no follow up scan on therapy, 7 (12%) patients had unconfirmed PD (i.e. did not
have a sufficient period of follow-up at the time of analysis to confirm PD), and 23 (40%)
patients had confirmed PD (Fig S1A, Supplemental Table 2). Patient responses in this analysis
were coded based on best response criteria at the 12-week time point based on irRC criteria,
with partial responders (PR) and patients with stable disease (SD) characterized as responders
and patients with progressive disease (PD) as non-responders unless otherwise noted.

Copy number alterations acquired during ICB exposure may lead to therapy resistance
We detected a total of 9610 exonic mutations across our cohort after strict filtering criteria.
The overall somatic TMB was low, with a median of 1.63 mutations per Mb (Fig 1B), similar

to previous reports(Cancer Genome Atlas Research Network. Electronic address and Cancer
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Genome Atlas Research, 2017). There was no significant correlation of TMB and response
(Fig S1C). Non-synonymous mutations were compared against the COSMIC database and the
most commonly mutated cancer gene was found to be KMT2C (21%) followed by EP400
(19%), TP53 and POLE (11%) (Fig 1B). We observed an enrichment in recurrent mutations
involved in chromatin remodeling and transcriptional coregulation (p = 4.06 e-12) including
KMT2C, EP400, KMT2D and ARIDIB, as well as genes involved in chromosome regulation
(p=1.89 ¢-9) including POLE and POLDI. While samples with mutations in POLE/POLD1
had a higher mutational burden than samples without POLE/POLD1 mutations, only 3 of 5
patients with these mutations responded to C-ICB. Next, we analyzed copy number alterations
(CNA) across the cohort (Fig S1C) and found frequent CNA of genes in the MDM2-p53, p16-
CDK4-RB1, PTPRB and CDKN2A pathways, as previously reported(Cancer Genome Atlas
Research Network. Electronic address and Cancer Genome Atlas Research, 2017). MDM?2
amplifications were present in 85% of LPS cases, which were also predominantly non-
responders. Additionally, we detected CDK4 and PTPRB amplifications in all MDM?2-
amplified samples, suggesting a role for recurrent focal amplifications at 12q14-15 in these
cases. Deep deletions in 7P53 were observed in four samples, mutually exclusive of any
significant amplifications in other genes.

Globally across the exome, we found higher levels of copy number gain events in non-
responders at both the on-treatment and inclusion of pre and on-treatment time points,
compared to responders (p = 0.0093 and p = 0.013, respectively) (Fig S1E Fig 1C).
Additionally, we noted acquired copy number losses in on-treatment samples of two patients
affecting genes involved in antigen presentation machinery including B2M and JAK2/JAK3.

Losses were also observed for other key immune genes including; CD209, required for antigen
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presentation on immature dendritic cells; CD794, involved in the B lymphocyte antigen
receptor complex(Gordon et al., 2003, Engering et al., 2002); PDCDI, encoding the PD-1
protein and CD274 , encoding the PD-L1 protein. All of the patients with these treatment-
emergent immune gene CNAs were non-responders, thus these CNA events may be means of
acquired resistance to C-ICB(Zaretsky et al., 2016, Sharma et al., 2017). Additionally, non-
responders frequently displayed shallow deletions of RBI, or gains of TERT, SI10047 and
SDHA compared with responders.

We then integrated focal CNAs into chromosomal segments in order to determine if response
status was associated with specific segmental amplifications or deletions through the use of
GISTIC(Mermel et al., 2011). Responders were characterized by a pre-treatment amplification
of 14q11.2 (Fig S1D). Further examination revealed an amplification event spanning DADI, a
negative regulator of programmed cell death, previously associated with enhanced T-cell
proliferation(N. A. Hong, 1999). Interestingly, the most significantly amplified peak found in
non-responders at the pre-treatment time-point involved the 6p21.32 locus which contains
several HLA and TAP genes essential for Major Histocompatibility Complex Class 1T (MHC-
II) antigen presentation machinery (q = 0.0025)(Fig 1D). Additionally, 75% (9/12) of non-
responders also contained amplifications spanning PDGFA on chromosome 7p22.3 which may
activate MAPK signaling pathways.

Co-expression networks modulating response to C-ICB in sarcoma

To delineate the strongest underlying predictors of response to C-ICB, we compared the pre-
treatment gene expression profiles of patients that went on to respond (partial response, n=3
and stable disease n = 13) against those with objective tumor growth (progressive disease,

n=22). After accounting for confounding factors such as batch effects and gender in our
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differential expression model, we found response-associated upregulation of several genes
modulating the immune response, including CD22, FCRLI, FCRL2, MS4A1, HLA-V and HLA-
G (Fig 2A). Interestingly, these genes all play roles in the regulation of B lymphocyte immune
responses. Non responders displayed significant upregulation of both CXCL10 and CXCL11,
chemokines involved in an activated T-cell response along with MAGEC2, a cancer testis
antigen.

An active immune response involves complex interactions between the many cell types present
within tumors, including contributions of many genes simultaneously. In order to estimate the
network of interactions in pre-treatment samples and relate these to ICB response, we
performed single sample network reconstruction implemented in LIONESS®uiijer et al., 2019)
Through our interaction network-based analysis, we found nodes enriched in responders
including genes involved with antigen presentation machinery (B2M), the innate immune
system (CD59 and CD63), genes involved in Thl differentiation (/L6ST) as well as the pre-B
cell growth stimulating factor CXCL12 (Fig 2B). EIF4G2, which has been shown to be
involved in interferon gamma signaling, was determined to be a hub node in
responders(NAOMI LEVY-STRUMPF, 1997). EIF4G2 was found to be connected to MXRAS,
previously shown to be positively correlated with viral infectivity, with links to CD59 and
CD63 involved in immune activation(“hang etal. 2018) Non-responding patient samples had co-
expression for multiple collagen family genes which may contribute towards an epithelial to
mesenchymal transition-like phenotype(Shintani et al, 2008) = Non-responders were also
characterized by an upregulation of MKI67 and MAP4K4 which contribute towards elevated

network activity in cellular proliferation and MAPK signaling. Through our co-expression-
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based analysis, we detected elevated network activity in innate immune activity in responders
and MAPK signaling non-responders.

Distinct immune microenvironments present in sarcomas

To better characterize the features of the TME at the pre-treatment time point, we utilized a
suite of immune deconvolution tools to quantify the immune and stromal features present in
the TME, based on mRNA expression in each sample(Newman et al., 2015, Aran et al., 2017,
Li et al., 2016b, Becht et al., 2016). We then applied consensus clustering methods and found
three distinct clusters of pre-treatment samples based on the similarity of cell types present
within the TME (Fig S4A, Fig 2C). An immune “hot” cluster was uniformly enriched for pan-
immune features, an immune “intermediate” cluster was enriched for multiple immune cell
sub-types but not CTLs and B cells, while an immune “cold” cluster lacked any particular
immune enrichment. Interestingly, fibroblasts were the only cell type found at consistent levels
across all pre-treatment samples (Fig S2).

Tumors classified as immune hot or intermediate prior to treatment almost exclusively (11/13
patients) remained hot or intermediate at the on-treatment timepoint (Fig 2D). Interestingly the
proportion of responders was similar within all three immune phenotype clusters at both time-
points, suggesting the existence of other factors that influence response to C-ICB.

To characterize the interactions present within the TME, we evaluated pairwise relationships
in of multiple TME components evaluated from the transcriptome (Fig 3A). We examined
absolute fractions of multiple immune compartments and subset these groups against major
immune cell types. Macrophages and regulatory T-cells were correlated in non-responders. B-
cells however, were positively correlated with multiple effector-immune phenotypes,

including CD8 T-cells and eosinophils.
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B-cells predict response to C-ICB

While the majority of immune cell sub-types were not found to be significantly associated with
response, B-cells were significantly increased in responders to C-ICB at the pre-treatment time
point (p = 0.05).To further stratify which immune cell sub-types may be underlying objective
response to C-ICB, we compared patients with partial response (PR) and progressive disease
(PD) (Fig S3). While CD8 T, CTLs and NK-cells were not significantly associated with irRC
based response metrics, B-cells were the only immune subpopulation found to be significantly
enriched in pre-treatment samples of patients who achieved a PR as compared to with PD (p =
0.005).

In order to validate our expression-based findings at the protein level, we performed IHC
staining of CD20 and found elevated levels of CD20+ B cells in responders compared with
non-responders to ICB (p =0.02) (Fig 3C and Fig 3D). Specifically surveying the pre-treatment
time point we found higher levels of B cells in responders (p=0.07), however response was not
particularly correlated with the presence of identifiable tertiary lymphoid structures (Fig 3C
Fig S4B Fig S4C). In order to gain more insight into the repertoire of B-cells that contribute to
ICB response, we employed the TRUST algorithm to probe the RNA-seq data for BCR
templates(Li et al., 2017). We found higher levels of Immunoglobulin Heavy (IGH) diversity
(p=0.03) and lower levels of IGL diversity (p =0.053) in responders to ICB at the on-treatment
time-point (Fig 3E). Additionally, we also found elevated levels of dominant IGL clones
(clonotype contribution > 1% of repertoire) at the on-treatment time point in patients that
responded to therapy (p = 0.02) (Fig 3F). Additionally, CD56+ NK cells were more abundant

at the on-treatment time point in patients that responded to ICB (p = 0.037) (Fig S4D, Fig S4E
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and Fig S4F). Overall, these findings imply that C-ICB may specifically expand sub-
populations of immune cell-types and antigen reactivities that assist in tumor reduction.

B cell enrichment significantly associated with response across multiple cohorts

As overall immune infiltrate has been shown to correlate with survival and response to anti-
PD-1 and anti-CTLA-4 immunotherapy, we next investigated the reproducibility of our B-cell
driven findings in three publicly available immunotherapy-treated melanoma cohorts
(n=168)(Van Allen et al., 2015a, Hugo et al., 2016, Riaz et al., 2017a). While transcriptomic
deconvolution revealed elevated levels of multiple immune cell sub-types in responders, the
most significantly associated cell type associated with response were driven through a clear B-
cell signature (p = 0.0058) (Fig 4A and Fig 4B). Increased levels of B-cells were correlated
with an infiltrate comprising of other immune cell subtypes however cytotoxic lymphocytes
and CD8+ T-cells were not as tightly correlated with response across these cohorts (Fig 4B).
Given that the Riaz anti-PD-1 dataset represents the largest cohort of pre and on-treated
samples, we explored this dataset further and found a significantly higher immune rich
infiltrate detected in the responders, compared to non-responders to anti-PD-1 therapy (Fig
S5A). Deconvoluting the multiple subtypes present in the immune compartment confirmed
that while several immune cell subtypes were enriched in responders, the most significant
immune cell type were B cells (p = 0.003) (Fig S5B).

To validate our findings, we obtained gene expression data from 79 samples collected through
a similar pre- and on-treatment biopsy sampling strategy from patients enrolled in SARC028
(NCT-2301039) and the expansion cohorts, evaluating the efficacy of single agent anti-PD-1,
pembrolizumab, in patients with metastatic sarcoma(Tawbi et al., 2017, Keung et al., 2020).

Longitudinal tumors biopsies were available from 79 patients, of whom 1 patient achieved a
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complete response, 12 PR, 30 SD and 36 PD; patients with tumor response by RECIST
primarily had UPS or LPS histology. We performed similar immune deconvolution on samples
passing our QC metrics and found that B-cells were the most significant immune cell subset
amongst responders as compared to non-responders (p = 0. 043) (Fig 4C). An overlap of the
gene sets between the original SARC028 and expansion cohorts revealed elevated levels of a
gene essential for B-cell activation, BANK 1, in responders to ICB (p = 0.032 Fig S5C)
Baseline and on-treatment TCR diversity correlates with response to C-ICB

In order to characterize T-cell contributions in this cohort interactions, we conducted
multiplexed immunofluorescence( mIF) profiling and TCR sequencing of the pre-treatment
and on-treatment samples under study . Pre-treatment biopsy slides were stained using a panel
of lymphocytic effector and regulatory markers (see Methods). While CTL levels (CD3"
CD8") strongly correlated with levels of PD-L1 expressing tumor cells, antigen experienced T
cells (CD3* PDI1") and antigen experienced CTLs (CD3" CD8" PD1") none of these
populations correlated with response, at the pre-treatment time point (Fig SA and Fig S6A). A
second panel of markers including activated CTLs (CD3* CD8" GZMB"), Effector/Memory
CTLs (CD3* CD8" CD45RO") and regulatory T-cells (CD3"FOXP3"CDS8") were strongly
correlated with one another however they were not significantly positively correlated with
response (Fig 5B and Fig S6B). While levels of CTLs and regulatory T-cells were relatively
equal between responders and non-responders at both time points, we found a significantly
stronger positive correlation in lymphocytic infiltrate with a regulatory T-cell phenotype in
non-responders at the pre-treatment time point (rho = 0.83, p <0.0001). This implies that while
certain sarcomas may be infiltrated with effector or activated CTLs that are necessary for tumor

recognition, these tumors are also heavily infiltrated with regulatory T-cells that likely
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contributing to an immunosuppressive microenvironment. Effector immune cell infiltrates
were similar between responders and non-responders at the on-treatment time-point.

Using genomic DNA isolated from pre- and on-treatment samples, we explored the
relationship of the TCR repertoire and response to C-ICB. We compared the maximum
productive frequency to quantify the clones that were most highly prevalent across both time-
points and found that the frequency of the top productive TCR rearrangements to be higher in
non-responders, compared to responders (Fig 5C, p = 0.04). We also examined dominant
clones (clonotype contribution > 1% of repertoire) and found no significantly elevated levels
of large clonotypes present at baseline in responders compared to non-responders (Fig S6C, p
= 0.22). Interestingly, when comparing the TCR repertoire over time, we observed a higher
proportion of dominant clonotypes (p = 0.059) prior to therapy, while on-treatment samples
were dominated by rare clonotypes potentially suggesting diversification of the TCR repertoire
over the course of C-ICB (Fig S6D and Fig S6E, p = 0.083).

Given that the highest frequency TCR clonotype was not positively correlated with response,
we then characterized the diversity and richness of the entire repertoire present across our
cohort. Evaluation of Simpson Diversity revealed a more diverse TCR repertoire in responders
as compared to non-responders, across both baseline and on-treatment timepoints (p = 0.047)
(Fig 5D). Additionally, levels of Simpson Evenness, depicting the richness of the repertoire,
revealed a more evenly distributed repertoire in responders compared to non-responders (p =
0.042) (Fig S5F). Finally, we sought to compare TCR-sequencing metrics along with multiple
immune cell phenotypes derived from mIF of effector and regulatory T cells. Using our
consolidated analysis, we correlated the effect of multiple immune cell types on tumor

shrinkage/growth as a continuous variable measured at the 12-week time point from baseline.
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Tumor shrinkage was found to be significantly inversely correlated with both maximum
productive frequency and Simpsons clonality (p = 0.029 and p = 0.049) (Fig SE). Thus, a less
clonal TCR repertoire at baseline correlated with tumor shrinkage within our cohort. Overall,
these findings imply that a diverse TCR repertoire, may be beneficial for creating a favorable
immunogenic response to C-ICB.

4.3 Discussion

The delineation of molecular and phenotypic correlates of response and resistance to immune
checkpoint blockade can be used to stratify patients for therapy as well as provide insights into
new therapeutic approaches. The work focused on sarcoma subtypes presented here reveals a
picture of substantial heterogeneity at the level of the tumors themselves and the attendant
microenvironment constituents. The histologies enrolled on trial ranged mutationally, from
those with quiet genomes largely comprised of translocation driven cancers (ASPS, synovial
sarcoma) to those with heavily rearranged and mutated genomes, exemplified by
osteosarcoma. No significant correlation was seen from tumor genomic features, including
tumor mutation burden on response to therapy. Indeed, the best responses noted were in ASPS,
a canonical translocation-driven tumor. Additionally, PD-L1 staining at baseline proved to be
uninformative as a predictor of response. The context of uniform treatment couple with a
mixed response not obviously driven by tumor genome features per se, framed a deeper
interrogation of the tumor microenvironmental impact on response. Total immune infiltrate as
delineated by RNAseq deconvolution and tissue staining was not found to correlate with
response. Whilst overall levels of immune infiltrate proved inadequate in providing robust
response correlates, further investigation of the immunocyte populations revealed B-cell

infiltrates as the most significant predictor of response in the cohort. These increased levels of
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B-cell infiltrates and IGH diversity was established at the expression level and further validated
through immunohistochemical staining. The involvement of B-cells in immune checkpoint
response has been recently highlighted, including in a sarcoma trial, in the single agent anti-
PD1/PD-L1 context(Petitprez et al., 2020). This work extends the association to additional
sarcoma types as well as into the combined checkpoint inhibitor realm. Alongside this, whilst
quantitative T-cell infiltrates were not predictive of response, a more diverse TCR repertoire
was found to correlate with response. The role of B-cells and, importantly, B-cell/T-cell
crosstalk in checkpoint blockade is not yet well understood. The detailed molecular and
cellular cross-talk of these populations of immune cells prior to and upon exposure to therapy
in the context of relatively somatic mutationally bland genomes provides a rich opportunity to
further explore the activity of these powerful therapies in the highly varied sarcoma landscape,
with a goal of further understanding critical immune biology and improving therapeutic

responses in this area of largely unmet clinical need.
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Figl A: 57 patients were enrolled across eight arms of a clinical trial encompassing multiple
sarcoma histologies. Sample collection is indicated along the treatment timeline. B: Clinical
and genetic profile of the cohort with TMB indicated at top bar plot. Co-mutation plot below
indicates the most recurrently mutated genes with response and histology annotated in
annotation tracks below. C: Density plot of copy number gain level events detected between
responders and non-responders at the on-treatment time point (two-sided T-test) D: GISTIC
arm level amplifications recurrently detected in non-responders to ICB. Genes annotated in
orange represent genes amplified in non-responders along with significant pathways level
enrichments (if any). Green vertical line indicates FDR corrected p-values of most significantly

amplified regions in the genome in non-responders.
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Fig2 A: Volcano plot of most differentially expressed genes at the pre-treatment time-point
between patients with PR and PD. X-axis represents Log2 fold change indicated from
differential expression analysis while Y-axis represents FDR adjusted p-value. Vertical red
lines indicate absolute log fold change of 4 while horizontal red line indicates p-values less
than 0.005 B: Single sample network-based correlation maps of significantly differentially
expressed genes upregulated in responders as compared to non-responders at both time-points.
Edges are colored based on whether they have higher weights in responding patients (purple)
or non-responding patients (orange). Thicker edges represent higher log fold changes. Nodes
(genes) are colored based on the t-statistic from the differential expression analysis. Nodes
with absolute t-statistic < 1.5 are shown in white, nodes in red/blue have higher expression in
patients with response/non-response, respectively C: Heatmap of consensus calls from immune
deconvolution tools used to infer the varying TMEs present in the cohort. Top annotation track

indicates histology followed by response. Heatmaps below show consensus clustering based
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on an optimal cluster count of k=3 of varying immune/stromal sub-populations as well as gene-
expression of various immuno-modulatory genes. Group 1 (left to right) indicates an immune
cold, group 2 indicates an immune intermediate and group 3 indicates an immune hot
phenotype D: Sankey plot depicting changes in immune phenotypes of patients with paired
biopsies. Patient ID recorded in first axis, followed by pre and on-treatment immune status
based on immune activity. Responders and non-responders annotated in purple and orange,

respectively.
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Fig3 A: Correlation density and scatter plots of various TME features ascertained from the
absolute computation of CIBERSORT to ascertain which features associate with response.
Values in boxes indicate correlation between responders (in purple) and non-responders (in
orange) along with absolute frequencies of each group in the last column. Significance
indicated with > *** "if the p-value 1s < 0.001, ” ** "if the p-value is < 0.01, ” * ” if the p-
value is < 0.05, else “ “. B: MCP-counter enrichment of various TME elements at the pre-
treatment time-point. Each TME feature is represented in box plots with p-values (t-test)
indicated between groups. C: CD20+ staining was used to stain B-lymphocyte enrichments.
Bottom panel shows CD20+ staining of a patient that responded to therapy. D: CD20+ staining
was higher in responders as compared to non-responders. E: IGH diversity was inferred using
TRUST and found to be higher in responders as compared to responders to ICB at the on-
treatment time-point. Similar IGL based inference indicated higher levels of IGL diversity non-

responders compared to responders at the on-treatment time-point. F: Increased levels of
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dominant IGL clones were detected in responders as compared to non-responders. (Two-sided

T-test for all)

122



4 A

"
Rosporss T megense Resonsa

Fig4 A: Paired density and correlation plots of multiple TME features deconvoluted across the
Riaz, Van-Allen and Hugo datasets using MCP counter. Value in each box depicts correlation
value along with ” *** "if the p-value is < 0.001, ” ** "if the p-value is < 0.01, ” * * if the p-
value is < 0.05, else “ “. B: NK-cell, CD8 T-cell and B-cell proportions respectively,
represented in responders vs non-responders using the combined cohorts (Multiple
comparisons tested using Mann Whitney U test) C: NK-cell, CD8 —cell, Dendritic and B-cell
proportions respectively, inferred using the SARC028 cohort of metastatic sarcoma patients

receiving anti-PD-1 therapy. (two-sided T-test)
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Fig5 A: Multiplexed IF displayed no significant enrichment of multiple effector immune
subtypes in responders vs non-responders to ICB. B: Inclusion of regulatory markers as well
as activated cytotoxic T-lymphocytes marked no significant enrichment in responders. Both
panels A and B include paired density and scatter plots of the immune phenotypes of each
marker. Values in boxes indicate correlation between responders (in purple) and non-
responders (in orange) along with absolute frequencies of each group in the last column.
Significance indicated with ” *** "if the p-value is < 0.001, ” ** "if the p-value is < 0.01, ” *

(1313

” if the p-value is < 0.05, else ““ “. C: TCR dynamics of the maximum productive frequency,
a surrogate for TCR clonality in responders as compared to non-responders. D: TCR level
metrics of the diversity present in the repertoires of responding vs non-responding patients. E:
Correlation plot of multiple TCR metrics along with multiplex immunofluorescence data

containing various lymphoid markers. Tumor shrinkage was found to be most significantly

inversely correlated with the maximum productive frequency of the repertoire along with TCR
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clonality. Red indicates stronger positive correlation while blue indicates negative correlation.
Correlation values are indicated within the box with “X” marking off correlations that were

not found to be significantly associated with one-another.
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No. of patients 57 (100%)

Median age (range) 48 (22 -77)
Sex
Male 31 (54%)
Female 26 (46%)
Performance status
1 35 (61%)
2 21 (37%)
3 1 (2%)
Prior lines of therapy
Median (range) 2(0-6)
None 5(9)
1-2 24 (42)
>3 28 (49)
Cohorts
Adipocytic tumors 6 (10)
Alveolar soft part sarcoma 10(17)
Chordoma 5(8)
Osteosarcoma 5(8)
Undifferentiated pleomorphic sarcoma 5(8)
Synovial sarcoma 5(8)
Vascular tumors 10(17)
Other tumors 11(19)

Supplemental Table 1: Patient characteristics across cohorts
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All Cohorts

Adipocytic
Tumors

ASPS
Chordoma

Osteosarco
ma

Other

Synovial
Sarcoma

UPS

Vascular
Tumors

57

10

11

10

PR (irRC) (%)

8(14)

0(0)

5(50)

1(20)

0(0)

0(0)

0(0)

1(20)

1(10)

PR (irRecist)
(%)

7(12)

0(0)

4(40)

1(20)

0(0)

0(0)

0(0)

1(20)

1(10)

SD (irRC) (%)

18(32)

3(50)

4(40)

3(60)

1(20)

3(27)

2(40)

1(20)

1(10)

SD (irRecist)
(%)

20(35)

3(50)

5(50)

3(60)

1(20)

3(27)

3(60)

1(20)

1(10)

PD (irRC) (%)

23(40)

3(50)

1(10)

1(20)

3(60)

5(45)

1(20)

2(40)

7(70)

PD (irRecist)
(%)

22(39)

3(50)

1(10)

1(20)

3(60)

5(45)

0(0)

2(40)

7(70)

* Patient developed clinical progression and came off study before imaging was performed to confirm radiographic progression

Supplemental Table 2: Response metrics across cohorts

uPD (irRC) (%)

7(12)

0(0)

0(0)

0(0)

3(27)

2(40)

1(20)

1(10)

uPD (irRecist)
(]

7(12)

0(0)

0(0)

0(0)

3(27)

2(40)

1(20)

1(10)
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FigS1 A: Patient responses across all samples with a pre-treatment biopsy lesion present,
spread across each histology. B: Copy number alteration plot depicts copy number gains and
losses across the cohort. X-axis represents chromosomal locations; Y-axis indicates samples
and copy number intensity of gains to losses depicted in red to blue scale respectively. C: Non-
synonymous single nucleotide variant/TMB burden at the pre-treatment time-point was not
found to be significantly different between responders and non-responders to ICB. D: GISTIC
arm level amplifications recurrently detected in responders to ICB. Genes annotated in purple
represent genes amplified in responders. Green vertical line indicates FDR corrected p-values
of most significantly amplified regions in the genome in responders. E: Copy number gain
events at the pre-treatment time point was slightly elevated in non-responders, however this

did not reach significance thresholds (Two-sided T-test for all)
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Fig S2: Enrichment of various elements present in the TME at the pre-treatment time-point.
Each feature is indicated using density plots with ANOVA p-values indicated between the

immune hot, immune altered and immune cold subgroups.
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Fig S3: MCP-counter enrichment of various TME elements at the pre-treatment time-point.
Each TME feature is represented in box plots with p-values (t-test) indicated between groups
after stratifying only patients with tumor reduction (PR) and tumor growth (PD) within the

cohort.
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FigS4 A: Consensus clustering of the most variable genes in the transcriptome revealed an
optimal cluster solution of 3 as depicted by the relative change in area under the cumulative
distribution function (CDF) curve which explains the maximum concentration of the consensus
distribution. The largest K (optimal number of clusters) was determined at the level that selects
the largest K to induce a large enough increase in area under the corresponding CDF. B: CD20
density levels were slightly elevated in responders compared to non-responders at the pre-
treatment time-point, however this did not reach statistical significance. C: CD20+ staining for
a patient deriving clinical benefit indicates peritumoral staining of B-cells at the tumor
periphery D: CD56+ staining for a patient deriving clinical benefit indicates significant
infiltration of NK-cells with low staining on malignant cells. E: CD56+ staining for a patient
with progressive disease depicts lack of NK-cells within the tumor. F: CD56 density levels
were significantly elevated at the on-treatment time point in responders compared to non-

responders to ICB. (T-test and Wilcoxon rank-sum test for significance)
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FigS5 A: Paired density and correlation plots of multiple TME features deconvoluted across
the Riaz dataset with matched pre and on-treatment samples using MCP counter. Value in each
box depicts correlation value along with ” *** "if the p-value is < 0.001, ” ** "if the p-value
1s <0.01,” *” if the p-value is < 0.05, else “ . B: B-cell, NK-cell and CD8 T-cell proportions
respectively, represented in responders vs non-responders using the Riaz cohort. C: : Using
consensus gene panels across both the original SARC028 and expansion cohorts, single gene

expression of BANK1 delineated response in the cohort.
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FigS6 A: mIF density staining of effector immune-markers for antigen experienced T-cells,
Cytotoxic T-Lymphocytes (CTL), Antigen-experienced CTLs and T-Lymphocyte levels were
not significantly different between responders and non-responders in the cohort. B: mIF
density staining of effector and regulatory immune-markers for effector/memory CTLs,
activated cytotoxic CD8 T-cells, regulatory T-cells and T-Lymphocyte levels were not
significantly different between responders and non-responders in the cohort. (T-test and
Wilcoxon rank-sum test for significance). C: Dominant TCRs were not found to be predictive
of response at the pre-treatment time-point. D: A trend of a higher proportion of dominant
TCRs were observed at the pre-treatment time-point as compared to the on-treatment samples
E: Rare TCRs were found to be non-significantly elevated at the on-treatment time point as
compared to the pre-treatment samples. F: Simpsons evenness, a TCR-metric of diversity was
found to be elevated in responders as compared to non-responders to ICB. (Two-sided T-test

for all)
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Chapter Five: Immune Spatial Microenvironment
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Contents of this chapter is based on:

Akash Mitra*, Anuj Verma *, Edwin Parra Cuentas, Alicia Mejia, Zhimin Tong' Omkara
Veeranki, Ana Garcia, Riham Katkhuda, Latasha Little, Curtis Gumbs, Wayne Hofstetter, Cara
Haymaker, Ignacio Wistuba, Andrew Futreal, and Dipen Maru. “Deciphering the Immune
Microenvironment of Barrett’s Esophagus and Esophageal Adenocarcinoma.” In Review

5.1 Introduction

The incidence of esophageal adenocarcinoma (EAC) in the United States increased 57-
fold between 1973 and 2010 (Rosemurgy et al., 2019). Most EAC patients present with
advanced disease and have very poor survival outcomes; patients with locoregional disease
have a 5-year survival rate of 22%, and those with distant metastasis have a median survival
duration of less than 20 months. Decreasing the incidence of EAC and improving EAC
patients’ survival outcomes are hindered primarily by a lack of validated biomarkers for
predicting either the progression of Barrett esophagus (BE) to EAC or the response of
locoregional EAC to adjuvant or neoadjuvant chemotherapy or chemoradiotherapy.

BE, defined as columnar mucosa with intestinal metaplasia of the tubular esophagus,
is present in up to 15% of individuals with frequent symptoms of gastroesophageal reflux
disease, and about 2% of the general adult population with the risk of BE progressing to high-
grade dysplasia and/or EAC being low (absolute risk, 24 cases per 10,000 person-years) (Cook
et al., 2018). The BE epithelium is genetically heterogeneous and clonally diverse (Li et al.,
2014, Lai et al., 2007). The low risk of progression and high genetic diversity of BE pose
significant challenges in identifying targetable mutations and in focusing preventive resources
on patients with a high risk of progression to EAC. Prior studies have demonstrated differences

in T-helper cell subtypes between BE and EAC and have analyzed the roles of critical immune
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mediators (e.g., [L-2, IL-4, IL-6, IL-8, TNF-alpha, and interferon-gamma) in the development
of BE (Smith et al., 2009, Kavanagh et al., 2014, Kavanagh et al., 2016, Quante et al., 2012,
Buas et al., 2017, Souza et al., 2009). However, achieving success with immune checkpoint
inhibitors in the treatment and prevention of EAC requires an improved understanding of the
characteristics of the T-cell repertoire in the microenvironments of BE and EAC. Identifying
the immune microenvironment attributes that signal a need to induce stronger anti-tumor
immune response by immune checkpoint inhibitors or other agents will help determine the risk
of BE progressing to EAC and help in designing a biomarker strategy for immunomodulation
in BE and EAC.

In this study, we characterized the immune microenvironment of BE and EAC using
multiplex immunophenotyping and T-cell receptor (TCR) sequencing. We found that EAC has
an immunosuppressive T-cell repertoire and shares TCR clones and V-gene usage with BE;
however, EAC lacks an expansion of TCR clones, which would be expected in a tumor whose
neoantigen burden is higher than that of a precancerous lesion like BE.

5.2 Results
Patient characteristics

The study population included 10 patients (8 men and 2 women) with median age of
65 years (range, 50 -75 years). Seven patients had a history of gastroesophageal reflux disease
and received proton pump inhibitor therapy. Six patients were either current or past tobacco
users. Three patients had a normal body mass index, 3 patients were overweight, and 4 patients
were obese. BE samples tested for mIF and TCR were procured adjacent to EAC in 7 patients
and away from EAC in 3 patients. Six patients had poorly differentiated adenocarcinoma, and

4 patients had moderately differentiated adenocarcinoma. Tumor was confined to the
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submucosa (T1b) in 5 patients, invaded up to the muscularis propria (T2) in 3 patients, and
invaded the adventitia (T3) in 2 patients. Four patients had stage I disease, 3 had stage II
disease, and 3 had stage III disease.

Multiplex immunofluorescence

Comparing quantitative changes in population of total T-cells and of T-cell subtypes in
different histologic regions revealed significant, immunologically relevant differences in the
distributions of T-cells subtypes between EAC and BE.

Intraepithelial compartment: Compared with BE, EAC had significantly more median
total CD3+ T-cells (EAC= 353/mm?, BE= 127/mm? P= 0.004), cytotoxic T-cells
(CD3+CD8+) (EAC= 44/mm?, BE= 17/mm?, P=0.011) (Fig. 1A), activated cytotoxic T-cells
(CD3+CD8+granzyme B+) (EAC=6.3/mm? BE= 1.1/mm? P= 0.023) (Fig. 1B), and T
regulatory cells (Tregs; CD3+FOXP3+CD8-) (EAC= 72.8/mm?, BE= 9.2/mm?, P= <0.001)
(Fig. 1C), but no significantly different numbers of memory T-cells (CD3+CD45RO+)
(EAC=43.7/mm?, BE=14.6/mm?, P=0.24) or effector/memory T-cells
(CD3+CD8+CD45R0O+) (EAC=1.7/mm?, BE=1.7/mm?, P=0.79). EAC had a significantly
higher median Treg/total T-cell ratio than BE (EAC=0.25, BE=0.07, P=0.035), whereas ratios
of activated cytotoxic T-cells/total T-cells, memory T-cells/total T-cells, and memory-effector
T-cells/total T-cells did not differ significantly between the two lesions, which suggests that
the epithelial compartment of EAC has immunosuppressive T-cell infiltrate.

Stromal compartment: Similar to the epithelial compartment, higher median number of
cytotoxic T cells (EAC= 210/mm?, BE= 56/mm?, P= 0.023) (Fig. 1D), activated cytotoxic T
cells (EAC= 24.9/mm?, BE= 2.5/mm?, P= 0.007) (Fig. 1E), and T regulatory cells (EAC=

184/mm?, BE= 79.9/mm?, P= 0.015) (Fig. 1F) in the stromal compartment of EAC were
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observed as compared to matched BE. However, there was no significant difference in total T
cells in the stromal compartments between BE and EAC (EAC= 1041/mm?, BE= 528/mm?,
P=0.063). Moreover, in contrast to the epithelial compartment, the ratio of activated T cells
/total T cells in the stromal compartment was higher in EAC as compared to BE (EAC= 0.02,
BE=<0.01, P=0.04), while ratio of Tregs/total T cells (EAC=0.21, BE= 0.15, P= 0.28) was
not significantly different in the stromal compartments of these lesions. Few rare phenotypes
were noted in the stroma of BE and EAC. CD3+ CD8+ FOXP3+ cells were significantly seen
more in the EAC than in BE (EAC= 7.3/mm?, BE= 0.7/mm, P= 0.042). Phenotype CD3+
CD45RO+ Granzyme B+ was uniquely seen only in the stroma of BE in 8 cases and not in any
EAC sample.

Total (intraepithelial and stromal compartment): Comparing T-cell subtypes in the
intraepithelial and stromal compartments in conjunction, we observed more median cytotoxic
T-cells (EAC=125/mm? BE=41/mm? P=0.035) (Fig. 1G), activated cytotoxic T-cells
(EAC=17.8/mm?, BE=1.8/mm? P=0.009) (Fig. 1H), and Tregs (EAC=121.4/mm?
BE=43.7/mm?, P=0.015) (Fig. 11-K) in EAC than those in BE. The ratio of activated cytotoxic
T-cells/ total T-cells (EAC=.02, BE=.01, P=0.05) in the entire region of analysis was higher in
EAC than in BE, while ratio of Tregs/total T-cells (EAC=0.19, BE=0.15, P=0.165) was not
significantly different in the entire region of these lesions. Multiplex immunofluorescent
images in show higher T-cells, cytotoxic T-cells, memory T-cells and T regulatory cells in
EAC than in BE (Fig. S1,S2). Overall, the differences in the quantity and distribution of the
T-cell subtypes in BE and EAC indicate T-cell response with higher Tregs in the intraepithelial
compartment and higher activated cytotoxic T-cells in stroma suggesting a more suppressive

microenvironment at play in EAC. Comparison of clinicopathologic features with distribution
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of T- cell subtypes did not show any significant correlation in EAC samples, while median
number of activated cytotoxic T-cells (intraepithelial: tobacco users= 4.08/mm?, non-users=
0.32/mm?, P=0.02), ratio of activated cytotoxic T-cells/T-cells(intraepithelial: tobacco users=
0.028, non-users= 0.001, P=0.01; stroma: tobacco users= 0.011, non-users= 0.002, P=0.02)
and ratio of activated cytotoxic T-cells/cytotoxic T-cells(intraepithelial: tobacco users= 0.26,
non-users= 0.01, P=0.05; stroma: tobacco users= 0.09, non-users= 0.02, P=0.02) were higher
in stromal and intraepithelial compartments of BE in tobacco users as compared to those in
tobacco non-users.
TCR sequencing analysis

Given the differences in T cell subtypes’ infiltration observed between BE and EAC,
we went on to study the attributes of the TCR repertoire between BE and EAC. To this end,
we sequenced the CDR3 region of the variable chain of the T-cell Receptor (TCR) beta-chain
essential in antigen binding in a paired manner across our cohort. EAC had significantly higher
mean numbers of TCR-beta productive templates (11,089 [range, 1,727-27,425]) and
productive rearrangements (6,094 [range, 1,359-16,352]) than normal esophagus (2,497
[1,285-6,464] templates; 1,677 [926-4,252] rearrangements) or BE (8,396 [1035-41,480]
templates; 4,024 [901-17,923] rearrangements) (p = 0.03 and 0.012 for templates and
rearrangements respectively). Unlike normal esophagus or BE, EAC had uniformly distributed
productive templates and rearrangements across our cohort, indicating a higher quantitative T-
cell response in EAC as compared to BE and normal esophagus (Fig. 2A, B). Using Simpson
clonality as a measure of the focus of the TCR repertoire, we found no significant differences
between the clonality of the various sites surveyed (Fig. 2C). However, multiple measures of

sample richness and abundance revealed d higher TCR-beta diversity in EAC as compared to
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normal esophagus and BE (p = 0.023, Daley Smith; p=0.022, Inverse Chao; p = 0.0096, Efron
Thisted). The higher levels of diversity in EAC were inversely correlated with an expanded
repertoire (Fig. 2D-F).

Using the clonal space occupied by a rearrangement, we computed the representation
of various clonotypes within specific proportions. Compared with normal esophagus and BE,
EAC had lower levels of expanded clones (p = 0.067) (Fig. 3A, B). For each patient, we found
lower levels of largely expanded clones in EAC than in BE or normal esophagus. Top
clonotypes had a varied range of clonality, with clonotypes from normal esophagus having
greater clonal proportions than BE and EAC. However, the top 10 clonotypes extracted from
EAC or BE overlapped remarkably, implying potential shared antigenicity (p = 0.0273) (Fig.
3C). These expanded clonotypes were shared in a public manner among BE, EAC, and normal
esophagus samples derived from each patient, but not among samples derived from different
patients. These results may also indicate a lack of tumor-driven clonal expansion.

Assessing the overlap in the T-cell repertoire revealed significant sharing of TCR-beta
clones among patients (Morisita Overlap Index >0.5). A higher degree of sharing was observed
between normal esophagus and BE, with fewer samples sharing BE and EAC, and the lowest
sharing observed between EAC and normal esophagus (Fig. 3D). An analysis of matched
samples revealed remarkably similar V-gene usage among normal esophagus, BE, and EAC.
V-gene usage did not differ significantly between any of the samples, with BE and EAC
samples demonstrating V-gene usage for an allele that was absent in matched normal
esophagus samples in only 2 patients (Pat 5 and 6). Moreover, except for those from patient 6,
EAC and BE samples had no quantitative differences in V-gene usage for any alleles (Figure.

4A, B). Shannon—Johnson entropy analysis for V-gene usage also demonstrated no significant
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difference in entropy between BE and EAC (Figure. 4C). Similarly, mapping recurrent amino
acid motifs to build k-mers using the TCR rearrangements revealed that normal esophagus,
BE, and EAC had broadly similar amino acid motifs in the CDR3 sequence (Figure. 4D-F). In
summary, our findings show that EAC has a more diverse TCR-beta repertoire than BE but
shares clones and V-gene usage with BE. However, EAC lacks the clonal expansion and hyper-
expanded clones that have been observed in other solid malignancies with high neoantigen
burden.

Through a composite analysis of the TCR-sequencing and mIF data, we found diversity
of the TCR repertoire correlated with infiltrating T-lymphocytes (p = 0.68 and p = 0.002 for
Daley Smith Estimator and p = 0.63 and p = 0.0007 for inverse Chao) (Figure 4QG).
Additionally, all the metrics for repertoire richness indicated the highest level of correlation
with a regulatory T-cell phenotype (p = 0.71 and p = 0.0004 for Daley Smith Estimator, p =
0.63 and p = 0.002 for inverseChao and p = 0.57 and p = 0.009 for Efron thisted estimator).
While the clonality of the repertoire indicated a complementary enrichment for an activated
immune phenotype (p = 0.32 and p = 0.16) as compared to a regulatory phenotype (p =-0.39
and p = 0.08). When analyzing the BE and EAC cohorts separately, we see the clonality of the
repertoire being linked to an activated immune phenotype and the diversity of the TCR
repertoire being correlated with a regulatory immune phenotype in both groups, however these
did not hold to our significance testing thresholds (supplementary figure 3). These findings
may indicate that while both BE and EAC lesions are infiltrated with T- lymphocytes, the
majority of the infiltrate may be acting in an inhibitory role by regulating the immune system
with a lack of T-cell expansion correlating with low levels of cytotoxic T-cell killing.

5.3 Discussion
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In the present study, mIF and image analysis based immunophenotyping revealed a
greater T-cell response in EAC than in BE. However, BE and EAC had significantly different
distributions of T-cell sub-populations. EAC had higher ratios of cytotoxic T-cells/total cells
and activated cytotoxic T-cells/cytotoxic T-cells in the stromal compartment than in the
intraepithelial compartment, indicating a cytotoxic T-cell immune response that is less targeted
towards the tumor cells. The presence of more Tregs in EAC as compared to BE, especially in
the epithelial component, suggest that the higher quantitative T-cell response in EAC is
immunosuppressive and elicits limited tumor cell cytotoxicity.

Previous studies in other solid tumors and preneoplastic lesions have demonstrated that
FOXP3+ Tregs have a role in determining clinicopathologic features and/or patient outcomes
(Ishibashi et al., 2006, Vacchelli et al., 2015, van der Linden et al., 2018). Kahraman et al.
demonstrated that malignant ovarian tumors have higher Treg infiltration than benign lesions
and borderline tumors (Kahraman et al., 2018). In estrogen receptor—negative breast cancer,
an increased abundance of Tregs is associated with a higher histologic grade (Mahmoud et al.,
2011) while in patients with metastatic colorectal cancer, high numbers of Tregs and CD8+ T-
cells expressing chemokine receptor 7 are associated with better survival outcomes (Correale
etal., 2012). High FOXP3+ Treg infiltration is associated with high T stage and poor survival
outcomes in gastric cancer patients and with a higher recurrence rate in hepatocellular
carcinoma patients (Li et al., 2019, Sasaki et al., 2008). Noble et al., in a study of EAC patients
treated with neoadjuvant therapy and surgery, demonstrated that patients who had a high
proportion of FOXP3+ Tregs had better survival; however, having more FOXP3+ Tregs was

not associated with improved pathologic response to neoadjuvant therapy (Noble et al., 2016).
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Our study was the first to assess the T-cell repertoires of matched BE and EAC samples.
We found that EAC had more diverse, TCR-beta productive templates and rearrangements
than BE, indicating that the TCR-beta repertoire in EAC has the potential to respond to a
significantly larger variety of antigens. However, the TCR-beta clonal compositions of normal
esophagus, BE, and EAC not only shared passenger TCR-beta clones but also shared the most
expanded clones across each lesion. Limited diversity in the V-gene usage and tumor-specific
clonal expansion, including a lack of expansion in hyperexpanded clones in EAC, further
support limited T-cell response that targets antigens specific to EAC. Chen et al. demonstrated
that the TCR-beta repertoire in squamous carcinoma differed significantly from those in
normal tissue and peripheral blood, whereas the repertoires in different regions of the same
tumor were similar (Chen et al., 2016b). Other groups reported similar findings; in particular,
ovarian cancer had a distinct but homogenous repertoire compared with normal tissue,
indicating a T-cell response more specific to the tumor antigens (Emerson et al., 2013,
Sherwood et al., 2013).

Given our study’s small sample size and limited evidence of the impact of
heterogeneity on the immune microenvironment of BE and EAC, we consider our findings to
be preliminary. Futures studies should investigate whether field effects arising from the
procurement of some BE samples adjacent to EAC result in the higher degree of TCR sharing
between BE and EAC. Although, immunophenotyping data showing significant differences
between the immune subtypes in adjacent BE and EAC samples potentially argues against field
effects having a significant impact in this respect.

In summary, our findings indicate that compared with BE, EAC has a more infiltrated

and diverse but immunosuppressive T-cell infiltrate, the clonal expansion of which is limited
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and non-targeted. Thus, in EAC, the quantitative increase in immune infiltrate is not associated
with a qualitative antitumor immune response against tumor cell antigens, supporting a need

to modulate the immune microenvironment to induce tumor cell directed T-cell response.
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5.4 Figures and Tables
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Figure-1: Box plot showing

significantly higher median values of CD3+CD8+,

CD3+CD8+Granzyme B+, and CD3+FOXP3+CD8- cells in EAC when compared with BE in

the epithelial compartment (A to C), in the stromal compartment (D to F) and the entire BE

and EAC (G-I). Multiplex immunofluorescence images (x200) showing a lower density of T

regulatory cells (CD3+ FOXP3+) seen as yellow nuclear staining in the stroma and epithelial

component of BE (J) compared to EAC (K) EAC- Esophageal Adenocarcinoma BE-Barrett’s

Esophagus
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Figure 2
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Figure-2: The CDR3 sequence of the TCR-beta chain was subject to high throughput

sequencing of paired normal esophagus (N), Barrett’s esophagus (B) and esophageal

adenocarcinoma (T) across our cohort. A and B) Higher levels of productive templates as well

as productive rearrangements were detected in T as compared to B and N. C) Simpsons

clonality indicated non-significant enrichment of a clonal TCR repertoire present in N as

compared to B and T. D-F) TCR-beta diversity (as a measure of richness and abundance) was

computed and significantly higher levels of diversity were found in T as compared to B and N

(D: Daley Smith, E: inverse Chao and F: Efron Thisted estimator).
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Figure 3
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Figure-3: Sample IDs include patient indicators, following by site of sample. A) Examining

the TCR repertoire, we characterized individual clonotypes based on their contributions

towards the clonal space (indicated in figure) occupied by a given sample. B) Samples derived

from N displayed higher levels of largely expanded clones as compared to B and T proportions.

C) The top 10 clonotypes from each sample were computed with the clonality of the top clone,
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clones 2-5 and clones 6-10 from each sample showcasing a higher level of clonality present in
N as compared to matched B and T. D) The Morisita Overlap index is a population overlap
metric relating the dispersion of clones in our sample pairings. Clear levels of intra-patient
sharing are depicted along the diagonal, however the patterns of within patient site-based

sharing varied between each patient case.

149



Figure 4
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Figure-4: Variable (V), Diversity (D) and Joining (J) gene alleles were computed using high
throughput sequencing. A) Bar graphs depict V gene usage in an allele specific manner with
V-gene alleles plotted on the x-axis and frequency of each allele on the y-axis. Most paired N,

B and T samples depict similar V-gene usage apart from Pat5T and Pat5B compared to Pat5N,
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and Pat6B and Pat6T. B) PCA-plot with PC1 on x-axis and PC-2 on y-axis depict primarily
clustering of all samples based on V-gene usage, apart from samples previously identified. C)
Shannon Johnson entropy analysis for V-gene indicates minor differences between B and T,
however differences between them and the paired N. D-E) Consensus 12-mers were generated
along each site displaying similar amino acid motifs in the CDR3 sequence of D) Normal
esophagus, E) Barrett’s Esophagus and F) Esophageal adenocarcinoma G) Correlation matrix
showing the correlation values between TCR diversity/clonality metrics and immune infiltrate
(color scale red to blue implying higher positive to negative correlation respectively; boxes

with “x” did not hold to significance testing thresholds of p < 0.05.
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Supplemental Information

Antibodies

Target

antigen Clone Dilution Company (location)

AE1/AE3 1:300 Dako (Carpentaria, CA)

CD3 1:100 Dako

CD8 C8/144B 1:20 Thermo Fisher Scientific (Waltham, MA)
CD45RO UCHL Ready touse  Leica Biosystems (Wetzlar, Germany)
Granzyme B F1 Ready touse  Leica Biosystems

FOXP3 206D 1:50 BioLegend (San Diego, CA)

Cells

Cell type Phenotype

EAC or BE epithelial cells AE1/AE3+

T lymphocytes CD3+

Cytotoxic T lymphocytes CD3+ CD8+

Activated cytotoxic T lymphocytes CD3+ CD8+ Granzyme B+
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Memory T lymphocytes CD3+ CD45RO+

Effector/memory cytotoxic T lymphocytes CD3+ CD8+ CD45RO+

Regulatory T lymphocytes CD3+ FOXP3+ CDS8-

Memory/regulatory T lymphocytes CD3+ FOXP3+ CD45RO+ CDS8-

Supplemental Table 1: Details of the antibodies used for cell staining and the phenotypes

identified using the antibodies
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Supplemental Figure 1
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Supplemental Figure 1: Multiplex immunofluorescence (x200) images showing lower density

of immune cells infiltrating in Barrett’s Esophagus (A) than in Esophageal Adenocarcinoma

(B).
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Supplemental Figure 2
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Supplemental Figure 2: Composite mIF low power(x200) images showing lower density of
immune cells infiltrating the BE than in EAC (A and B). EAC shows a higher infiltrate of
CD3+ T-cells and CD3+CD8+ Cytotoxic T-cells than BE (C-F). Lower CD45RO+ Memory
T-cells in BE (G) than in EAC (H). Higher density of CD3+ FOXP3+ CDS8- T regulatory cells
in EAC (J) than in BE (I). mIF- Multiplex Immunofluorescence, BE- Barrett’s Esophagus,
EAC- Esophageal Adenocarcinoma
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Supplemental Figure 3: Correlation matrix between TCR repertoire characteristics and
immune infiltrate in Barrett’s esophagus(A) and Esophageal Adenocarcinoma(B)



Chapter Six: Discussion, Conclusions and Future

Directions
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6.1 Discussion and Conclusions:

With recent advances in genomic and spatial molecular profiling, we have an unprecedented
lens through which we can characterize tumors and their surrounding neighborhoods. Our
understanding of tumor heterogeneity from the times of Nowell have made significant
advances however, certain central questions remain. Tumors evolve through space and time,
in combination with positive and negative signals from the surrounding microenvironmental
niche. While several studies have highlighted heterogeneity in the context of time and through
therapeutic intervention, only a subset of studies have attempted to uncover the three-
dimensional nature of tumors and their microenvironment(Snyder et al., 2014a, McGranahan
et al., 2016, Rizvi et al., 2016, Jiménez-Sanchez et al., 2017, Hellmann et al., 2018, Chen et
al., 2016a, Roh et al., 2017, Gerlinger et al., 2012a, Gerlinger et al., 2014, Jamal-Hanjani et
al., 2017b, Joshi et al., 2019, Thrane et al., 2018, Tirosh et al., 2016). Given that tumor
heterogeneity does not occur in silos, there is a growing demand to characterize tumor
heterogeneity as it interplays with the immune (and stromal) microenvironment in the context
of therapeutic response. ICB has demonstrated prolonged survival and durable responses in a
subset of patients. However, given the variable response rates and occurrence of immune-
related toxicity/adverse events, we require better molecular predictors for efficient patient
stratification. In addition to biomarker discovery, characterization of the underlying
mechanisms of resistance to ICB may help us in furthering the development of
immunotherapies and the rationale for other combinatory agents. Through my work, I
attempted to characterize a spatially aware understanding of the tumor microenvironment
while retaining three-dimensional information, to elucidate genomic and non-genomic features

and how their relationships may govern response and resistance to ICB. Further, through a
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longitudinal biopsy collection strategy I uncovered novel pre-treatment biomarkers and
resistance mechanisms to combination ICB (CTLA-4 and PD-L1 blockade) through
multidimensional profiling of tumor biopsies of patients with advanced sarcoma. Finally, to
better understand disease progression and the interplay with the immune system, I
characterized the immune contexture surrounding Barrett’s Esophagus and high-grade
dysplasia or esophageal adenocarcinoma.

In chapter 3, I used multiplatform profiling of genetic, epigenetic, transcriptomic and
immune features to characterize the tumor and its surrounding microenvironment. As expected
in the case of metastatic melanoma, we found sparse mutational intratumor heterogeneity.
However, through the copy number profiling, we found distinct gains of chromosome 7 and
chromosome 13 and loss of chromosome 10 in a spatially non-contiguous format. This finding
of non-adjacent tumor regions showcasing similar genomic features is consistent with other
studies showcasing evidence of parallel evolution within a tumor mass(Birkeland et al., 2018).
Through transcriptomic profiling, we uncovered the upregulation of several key immune
modulators including an effector T-cell response and B-cell activation however, this effector
immune population was primarily located at the tumor margins and not within the core of the
tumor. This is consistent with previous studies highlighting non-responding patients to have
evidence immune exclusion at the periphery of the tumor bed(Tumeh et al., 2014). Sequencing
of the beta region of the T-cell receptor revealed a dominant TCR clonotype that was found to
be expanded at high frequencies within distinct regions of the tumor as well as other tumor
lesions across a time span of eight years having received multiple targeted and
immunotherapeutic regimens. This expanded clonotype was immunophenotyped using paired

single cell RNA and TCRA/TCRB sequencing to reveal both activated and exhausted
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phenotypes suggesting a potential rise from multiple independent T-cell priming events.
Moreover, we integrated our genetic and immune related findings to find distinct regions with
low immune infiltrate (not affected through tumor core versus margin analysis) accompanied
by gains in chromosome 7. While we validated this finding across multiple cohorts, other
studies have recently shown a lower copy number burden being correlated with better overall
survival across other tumor types(Lu et al., 2020). These studies have also shown that this copy
number loss is associated with activated immune engagement, in particular lymphocyte
activation and interferon signaling(Chen et al., 2016a, Roh et al., 2017, Lu et al., 2020).

However, there are caveats in interpreting the immunogenomic relationships in this
study. Given that we primarily studied one given time-point, we were unable to ascertain
whether the neutrophil activation/recruitment was due to anti-tumor-immune responses or
whether their presence was a result of cellular destruction and necrosis through other means.
The extensive immunogenomic heterogeneity 1is inherently limited through the
multidimensional profiling of one tumor lesion. Thus, it is difficult to ascertain how typical
this heterogeneity would be reflected in a broader population setting, particularly those with
differing clinical regimens. Additionally, with the advent of spatial single-cell sequencing,
studies have demonstrated a higher resolution view of the tumor-immune cross talk while
retaining 2-dimensional information in several tumor types(Moncada et al., 2020, Berglund et
al., 2018, Casasent et al., 2018).

In chapter four, we utilized a longitudinal biopsy sampling strategy to profile the
dynamic changes tumors undergo through combination ICB and to delineate predictors of
response to ICB at the pre-treatment setting in sarcoma. This study demonstrated adaptive

mechanisms of resistance to ICB that have been shown in other tumor types but not within the
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context of sarcoma. Interestingly, the primary immune cell subset that was enriched in
responders compared to non-responders at the pre-treatment setting were B-cells. While
Fridman and colleagues demonstrated robust profiling of the tumor microenvironment and
multiple immune cells that were found to be enriched within certain sarcomas, our work went
on to show a sole B-cell infiltrate that correlated with response(Petitprez et al., 2020).
Additionally, we did not observe instances of tertiary lymphoid structures or T-cell derived
immune engagement within responders. The presence of B-cells at the pre-treatment setting
may assist in the activation or recruitment of other immune effector cells. Through the
secretion of cytokines including TNF, IL-2 and IFNG, B-cells can alter immune constituents
and result in active immune engagement. In parallel to these findings, we also observed an
increase in the TCR repertoire diversity at the pre-treatment setting in responders. The
increased levels of diversity may provide an advantage to combination ICB through the
availability of multiple TCR clonotypes, having a higher probability of a particular clonotype
being tumor-directed. The combination of higher B-cell proliferation and T-cell diversity may
work in conjunction to create a more robust effector immune response, however further studies
would be required in characterizing their interplay in the setting of combination ICB.
However, this study provided significant challenges in interpretation, in particular
dealing with multiple histologies of sarcoma subtypes that were enrolled on trial. While
genomic and transcriptional analysis included the confounders of batch effects and the
histological subtypes, some of these findings may still be driven through factors aside from
response. Additionally, given that sarcomas represent rare tumors, the power for predicting
response in any one particular subtype was low. In order to curb the low sample size, we

included the only other sarcoma ICB trial to date with matched molecular data(Tawbi et al.,
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2017). While we sequenced the TCR repertoire, our findings on the BCR repertoire included
an inference of the BCR from the transcriptomic data. While several algorithms attempt to
infer the BCR from RNA-seq data, biological challenges in terms of immune rearrangements
as well as technical challenges as a result of read depth may influence these results.

Chapter five highlighted the relationship of multiple immune cell subsets in the context
of Barrett’s esophagus (BE) and high-grade dysplasia. While studies have highlighted the role
of the inflammatory microenvironment on T-cell phenotypes, which may lead to the
development of wvarious tumors, we still lack a complete understanding of the
microenvironmental niche and the role of the immune repertoire present in patients with BE
and EAC(Quante et al., 2012, Kavanagh et al., 2014, Kavanagh et al., 2016, Noble et al., 2016,
Buas et al., 2017). Through our findings, we characterized an increase in effector and
regulatory immune populations in the context of esophageal adenocarcinoma (EAC). While
we did detect elevated levels of cytotoxic T-lymphocyte in EAC, these were mostly restricted
to the stroma. Parallel identification of an increase in regulatory T-cells may suggest an
inflamed yet immunosuppressed tumor microenvironment. Previous studies have reported an
increase in macrophage and regulatory T-cell components as well as an increased levels of
exhausted T-cells in the progression of EAC(Zheng et al., 2020). Additionally, we found
significantly higher measures of TCR diversity present in the EAC of these patients, potentially
due to a larger proportion of mutations and neoantigens through disease progression.
Surprisingly, we observed high levels of overlap in the expanded clonotypes at both disease
sites. Through a composite analysis, we found that an increase in the TCR repertoire richness
was most highly correlated with an immunosuppressive phenotype which may indicate that

while both BE and EAC lesions are infiltrated with T-lymphocytes, the majority of the infiltrate
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may be acting in a suppressive role by regulating the immune system with a lack of T-cell
expansion correlating with low levels of cytotoxic T-cell killing.

However, the majority of these findings are limited to analysis that are solely focused
on the immune repertoire and the varying tumor microenvironments between BE and EAC.
While we were able to phenotype the immune populations within these two distinct regions,
the use of transcriptomic modalities such as bulk or RNA-sequencing would provide us a
global picture of the various immune and stromal cell types that characterize the different
microenvironmental niches in Barrett’s and esophageal cancer. While inflammation has been
shown to be a significant predictive factor in the development of EAC, a more robust
characterization of effector, exhausted and regulatory immune cells is needed. Additionally, a
high degree of TCR overlap between the distinct regions may suggest similar immunogenic
peptides being secreted at both sites. This may be due to mutations that are clonal and found
in early stages of BE and remain present through the development of EAC. Genomic
characterization of these regions may help us better understand the clonal nature of mutations
and more importantly neoantigens in the context of tumor development in EAC.

6.2 Future Directions

Through Chapter 3, I attempted to characterize the varying levels of spatial ITH that
we observe in the context of metastatic melanoma along with the interplay of the TME.
Significant work has gone into furthering our understanding of spatial ITH, both at the bulk
tumor level through umbrella studies such as TRACERXx as well as through advances in single
cell spatial sequencing(Satija et al., 2015, Casasent et al., 2018, Moncada et al., 2020, Jamal-

Hanjani et al., 2017b, Biswas et al., 2019, Joshi et al., 2019).

163



Firstly, this study profiled one patient (with three biopsies) at unprecedented resolution.
While our integrative analysis was validated across public cohorts (at the bulk level), we would
obtain a finer understanding through prospective collection and the establishment of a larger
cohort with similar clinical and pathological features. Through the collection of these large
multi-region sequencing datasets, we can gain an understanding of the molecular
underpinnings of the disease at play. Seminal work by Swanton and colleagues, has established
the role of clonal neoantigens in the development and targeting of therapeutics towards lung
cancer(McGranahan et al., 2016). A similar approach in the context of melanoma, a tumor type
in which neoantigen derived long peptide vaccines play a significant role, would be
worthwhile(Hu et al., 2021).

Given the advances in spatial transcriptomic single cell sequencing, we could better
deconvolute the immune architecture and the various components of the TME at play while
retaining spatial information. Through paired transcriptomic and locational information, we
could then construct clusters of cells to most accurately phenotype multiple cell subtypes and
use this information downstream to construct cellular neighborhoods by characterizing the
neighbors of any given cell. Through combined cell type and cellular neighborhood
reconstruction, we could then observe how these cellular clusters function within each
particular neighborhood and how neighborhood compositions can in turn affect cellular
functions. Additionally, with advances in single cell DNA sequencing, the inference of
mutations and copy number profiles would allow us to better integrate the genomic and
transcriptomic data(Wang et al., 2014, Minussi et al., 2021). While our work primarily

showcased integration of multi-region sequencing, the single cell resolution of genomic
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features, in particular the amplification of chromosome 7 and how it affects local immune
contextures could be further interrogated.

In Chapter 4 we performed longitudinal collection of biopsies of patients with advanced
sarcoma on exposure to CICB. While our cohort represents the largest collection of sarcoma
patients treated with CICB, our cohort was restricted to 57 patients with varying histologies.
While a subset of patients did show response, this was most significantly noted in the group
with alveolar soft part sarcoma (ASPS). Other unpublished studies have highlighted the high
objective response rate within this histology but further interrogation of the pathognomonic
ASPSCRI1-TFE3 fusion is required. This unbalanced recurrent translocation can lead to the
generation of neoantigens and through the induction of CICB, may result in tumor shrinkage.
Additional means to expand analysis could include the incorporation of liquid biopsy to survey
adaptive immune signatures that may be present in the blood. Through transcriptomic analysis,
we may be able to identify peripheral immune subsets associated with favorable response.

Moreover, we uncovered a sole B-cell infiltrate to be strongly predictive of response in
our cohort. However, further studies would be needed to better understand the interplay of T-
and B-cells in response to CICB in sarcoma. These immune cell-types, especially in
conjunction with tertiary lymphoid structures, may create sites for the generation of an active
anti-tumor immune response. We also observed increased levels of TCR and IGH diversity
present at the pre-treatment time point in responders. Validation of IGH diversity and a deeper
characterization of the BCR repertoire through BCR-sequencing would provide us with a more
robust understanding of the immune repertoire on exposure to CICB.

In Chapter 5, we attempted to uncover the differing immune microenvironments

between BE and EAC. While the majority of this analysis was focused on the immune
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contexture, our findings were restricted to regulatory and immune cell phenotypes. Through
the incorporation of multiple marker panels, we could extend our findings to include other
immune subpopulations including the dendritic cells, NK-cells, macrophages as well as
exhausted immune cell-types. A deeper understanding of the spatial neighborhoods within
these multiple marker panels may assist in better understanding the crosstalk between multiple
cell sub-types. Additionally, comparing transcriptional states between the immune cell located
at the periphery versus infiltrated cells may also further our understanding of the immune
microenvironment within BE and EAC.

Finally, the addition of genomic data would greatly increase our understanding of the
shared overlap in the TCR repertoire. Through the use of whole genome sequencing and
neoantigen prediction algorithms, we could uncover potential neoantigens that are conserved
and shared between the BE and EAC. Given that neoantigen intratumor heterogeneity may
have a significant impact on anti-tumor immunity, a thorough integrated analysis of ITH, along
with neoantigen burden and how this pertains to the immune repertoire may improve
therapeutic opportunities for individuals with esophageal adenocarcinoma.

Through my work, I’ve established the multiple layers of intratumor heterogeneity and
how the tumor-immune crosstalk in the tumor microenvironment can shape disease
progression and response to therapy. While these studies were undertaken across multiple
tumor types, it’s clear that studying the tumor or immune heterogeneity in silos do not paint a
complete picture of the molecular changes that cells undergo within the tumor and its
surrounding microenvironment. Through the spatial incorporation of the tumor along with its
neighboring cells, we can understand how different cell-types and cellular-neighborhoods

influence tumor progression and response to therapy. Through in-depth longitudinal collection,
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we can better understand temporal changes in tumor, in particular the dynamic changes tumors
undergo in response to a therapeutic agent. While the pre-existing genetic heterogeneity has
been shown to be important through multiple studies in the context of ICB, recent work has
shown the importance of immune and other host-immune factors that are essential in response.
Surveying the immune compartment, studies have shown TCR clonality to be predictive of
response in melanoma, however the same findings did not extend to the cohort of sarcomas
that we studied(Tumeh et al., 2014, Roh et al., 2017). The immune heterogeneity that can be
sampled through repertoire analysis highlights the diversity that we observe in immune
repertoires and a better understanding of tumor-type specific immune heterogeneity is
essential. A deeper understanding of the mechanistic links between biomarkers may provide
new insights into cancer immunology and ultimately therapeutic intervention. Immune
microenvironments and their relationship in space and time are critical to further our
understanding of disease progression. While we observed significantly higher levels of
lymphocytic infiltrate in matched cases with EAC and BE, this infiltrate was primarily
composed of regulatory T-cells, with a sparse effector immune infiltrate. Understanding how
tumors employ immune exclusion is essential for multiple tumor types. Through molecular
characterization of immune cell sub-types paired with spatial information pertaining to cellular
neighborhoods, we may better understand the cross talk of cancer and immune cells in the

tumor microenvironment and ultimately leverage this for therapeutic benefit.
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