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Abstract

Although checkpoint inhibitor therapies have shown promise in improving progression-
free and overall survival in metastatic melanoma patients, individual responses vary
significantly, and the mechanisms underlying these differences remain unclear. To identify new
factors driving response, as well as intrinsic and acquired resistance to immune checkpoint
blockade (ICB), we employed single-nucleus RNA-sequencing (snRNA-seq) on biopsies from
51 metastatic melanoma patients undergoing ICB. Our dataset includes 30 pre-treatment samples
(19 from patients with durable clinical benefit and 11 from those without) and 21 post-treatment
samples (15 from patients with durable clinical benefit and 6 from those without). These samples
were acquired either prospectively or retrospectively. Given the important role of the tumor
immune microenvironment in modulating immunotherapy response, we aim to comprehensively
characterize the immune landscape in these melanoma patients to identify key tumor-infiltrating

immune cells, their distinct states, and cellular interactions that correlate with clinical outcomes.

We characterized the single-nucleus transcriptomes of immune cells from metastatic
melanoma patients before or after ICB treatment. In pre-treatment samples, T follicular helper
(Tth) like cells, naive CD4 T cells, memory B cells, plasmablast-like B cells, and CLEC94" type
1 conventional dendritic cells (¢cDC1) were more enriched in responders to ICB. Analysis of
tumor-infiltrating myeloid cells revealed diverse phenotypes of tumor-associated macrophages
(TAMs) with distinct functions. Among the TAM subsets, we identified one TAM subset

associated with angiogenesis and hypoxia phenotypes that was significantly more abundant in
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non-responders prior to therapy. Finally, our correlation analyses between tumor transcriptional
profiles and immune cell frequencies suggested two distinct tumor microenvironments (TMEs)
potentially associated with ICB response. We observed that the frequencies of different
lymphocyte and dendritic cell populations were highly correlated. In addition, we observed that
the frequencies of most TAM subsets were tightly and inversely correlated with lymphocyte
infiltration in non-lymph node metastasis samples, suggesting different tumor immune
microenvironments in lymph node and non-lymph node metastases. Overall, this study provides
a systematic view of the highly heterogeneous immune landscapes of metastatic melanoma in
response to ICB treatment. Our results highlight key immune cell types and interactions related
to clinical outcomes, laying the foundation for the development of novel diagnostic biomarkers

and therapeutic strategies for melanoma.
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Chapter 1: Background

Melanoma and Treatment Overview

Melanoma is among the most frequently diagnosed cancers in the United States, with an
estimated 100,640 new cases and 8,290 deaths projected for 2024'. This cancer type is the most
deadly form of skin malignancy, originating from genetic mutations in melanocytes that are
responsible for pigment production?. The melanocytes can be located in various anatomic sites
including the skin, eyes, mucosal epithelia, and leptomeninges’. Accordingly, melanoma
subtypes are classified based on the origin of the primary tumor, which include cutaneous
melanoma (CM), acral melanoma (AM), mucosal melanoma (MM), and uveal melanoma (UM)?>.
Among these melanoma subtypes, cutaneous melanoma is the most prevalent subtype reported,
which is characterized by a substantial number of somatic mutations primarily due to ultraviolet
(UV) exposure®. This leads to an increased tumor mutational burden (TMB), which enhances the
tumor immunogenicity and makes it a suitable candidate for immunotherapy*. However,
melanoma can metastasize quite rapidly, utilizing immune evasion mechanisms to counteract its

high immunogenicity*.

For early-stage melanomas, surgical intervention remains the primary treatment option’.
However, advanced metastatic melanoma requires a broader range of therapeutic strategies, such
as radiation therapy, targeted therapy, and chemotherapy”. Recently, the development of cancer
immunotherapy, particularly with immune checkpoint blockade (ICB), has markedly transformed
the treatment landscape for metastatic melanoma and is often used as the standard therapy in
advanced melanoma patients. The first checkpoint inhibitor, Ipilimumab, which blocks the action

of cytotoxic T-lymphocyte-associated protein 4 (CTLA-4) on T cells, was approved by the US



Food and Drug Administration (FDA) as a therapy for advanced melanoma in 2011°. This was
followed by the introduction of nivolumab in 2014 and pembrolizumab in 2015, which target
programmed cell death protein 1 (PD-1)°. In 2015, the FDA approved the combination of
Nivolumab and Ipilimumab for first-line treatment of metastatic melanoma®. The combined
Nivolumab and Ipilimumab therapy was shown to offer a longer median progression-free
survival compared to monotherapy with either Ipilimumab or Nivolumab alone in a phase 3
study with 945 untreated metastatic melanoma patients®. In 2022, FDA approved a new
combination therapy involving Nivolumab and Relatlimab, which targets another inhibitory
immune checkpoint lymphocyte-activation gene 3 (LAG-3), for treating patients with advanced

melanoma’.

Mechanisms of Action of Immune Checkpoint Blockade

Instead of directly killing tumor cells, ICB promote antitumor immunity by reducing
inhibitory signals on immune cells, mainly T cells, enhancing their activity to attack tumor cells.
PD-1 and CTLA-4 are co-inhibitory receptors expressed on the surface of T cells, which play
crucial roles in downregulating the T cell-mediated immune responses by interfering with co-
stimulatory signaling pathways®. T cell activation is highly regulated. CD28 is constitutively
expressed on the T cell surface and is a required co-stimulatory signaling receptor for activating
naive T cells®. CTLA-4 is an inhibitory receptor upregulated on T cells upon activation and also
competes with CD28 by binding to the same co-stimulatory ligands (B7-1 and B7-2) with a
higher affinity®. Therefore, CTLA-4 can exert inhibitory functions either through cell-intrinsic
inhibitory signaling or reducing B7 co-stimulation via CD28 by binding to B7 on antigen-

presenting cells (APCs)’.



PD-1 receptor, which is absent on resting T cells, is upregulated upon their activation and
contains an immunoreceptor tyrosine-based switch motif (ITSM) in its cytoplasmic tail®. It can
recognize its ligands, programmed death-ligand 1 (PD-L1) and programmed death-ligand 2 (PD-
L2). PD-L1 is widely expressed across various tissues, tumor cells, and immune cells, whereas
PD-L2 is mainly found on APCs®. The engagement of PD-1 on T cells with PD-L1 or PD-L2
triggers inhibitory signals in T cells that block kinase-dependent signals from CD28 and the T
cell receptor (TCR)°. The reduced TCR/CD28 signaling can lead to reduced TCR-induced
proliferation, cytokine production, and target cell lysis in effector T cells’. Tumor cells exploit
these inhibitory molecules to induce tumor tolerance and T cell exhaustion®. Therefore, by
targeting these co-inhibitory receptors on T cells, ICB such as anti-CTLA-4 and anti-PD-1
therapies can reinvigorate T cells and restore their functions to mount an effective antitumor

response.

Clinical Outcomes of Immune Checkpoint Blockade in Melanoma

ICB has demonstrated encouraging clinical outcomes in both adjuvant and metastatic
settings. In advanced melanoma, treatment with ICB has led to overall survival rates of 26% to
52% at five years'?. Additionally, adjuvant therapy with Pembrolizumab, administered after the
primary treatment, has notably increased recurrence-free survival compared to a placebo in high-
risk stage 111 melanoma patients'!. A recent phase 2 study has also reported that neoadjuvant-
adjuvant Pembrolizumab, given both before and after the primary treatment, has improved event-
free survival compared to adjuvant-only Pembrolizumab among patients with resectable stage I11
or IV melanoma'2. Despite these promising clinical results, therapy efficacy can vary
significantly among individual patients, with about half of the melanoma patients developing

either innate or acquired resistance to ICB. For example, the five-year progression-free survival



rates were 36% for the combination of nivolumab-plus-ipilimumab, 29% for nivolumab alone,
and only 8% for ipilimumab alone'®. Moreover, some patients undergoing ICB may encounter
immune-related adverse events (irAEs), such as autoimmune and inflammatory reactions'?.
These side effects are more severe in patients receiving combined therapy with nivolumab-plus-
ipilimumab, where 59% experienced grade 3 to 4 irAEs, compared to 21% and 28% for those
receiving nivolumab and ipilimumab monotherapies, respectively'*. These potential adverse
effects are crucial considerations when selecting the most appropriate treatment options for

melanoma patients.

Biomarkers for Inmune Checkpoint Inhibition Based Immunotherapies

Identifying more reliable predictive biomarkers for treatment response and developing
novel therapeutic targets for new treatment combinations to overcome ICB resistance and reduce
side effects remain crucial unmet needs in precision medicine. Research advances addressing
these challenges are important for facilitating more informed clinical decision-making, helping to
identify suitable candidates for ICB, and guiding treatment regimens for improved patient
outcomes. Several predictive biomarkers of responsiveness to ICB at the cellular and genomic
levels have been suggested, including PD-L1 protein expression on tumor cells, tumor
mutational burden (TMB), neoantigen load, and microsatellite instability'>. However, the
predictive accuracy of these biomarkers varies in different contexts and cannot be applied to
consistently predict the treatment outcomes across all cases. For example, durable responses

have been observed even in patients whose tumors do not express PD-L1'®

, and specific disease
subtypes can confound the association between TMB and treatment efficacy!’. Meanwhile, prior

treatment history of anti-CTLA4 can also influence the predictors of response to ICB!”. Such

variability suggests the need to integrate multiple molecular and clinical features when building



models instead of using any single factor to predict response and survival in patients treated with

ICB".

Additionally, recent research exploring the role of the human microbiome on cancer has
demonstrated that disruptions in the gut microbiome can also result in cancer progression, as
observed in mouse experiments'®. Moreover, the composition of the gut microbiome is important
in modulating the immune response, both through its direct interaction with immune cells and
indirectly via its metabolites, which in turn affects the efficacy of immunotherapies'®. For
example, the concentrations of fecal short-chain fatty acid (SCFAs) in solid tumors have been
associated with response to anti-PD-1 therapy and was suggested as potential biomarkers for
anti-PD-1 treatment'®. Further research indicated that SCFAs can boost CD8" T cell effector
functions by reprograming their cellular metabolism?, promoting the production of effector
molecules such as IFN-y and TNF-o. that enhance the anti-tumor responses®!. With the growing
understanding of how host-microbiome interactions affect immunotherapy outcomes, there is
increasing interest in exploring metabolites as potential clinical biomarkers and manipulating

them to augment the treatment efficacy'®.

It is becoming evident that a range of factors within the tumor microenvironment (TME)
can play important roles in modulating immunotherapy responses. This highlights the necessity
to consider different factors when developing robust and reliable biomarkers for precise patient
stratification to facilitate more effective clinical decision-making. Given that the mechanism of
action of ICB involves the cellular immune response to tumor cells, the role of various
infiltrating immune cells (IICs) within the TME is gaining increased attention as the candidate

biomarkers. Therefore, a more thorough comprehension of IICs could be key to significantly



enhance the precision and scope of predictions regarding treatment responses across various

cases, thereby improving the overall predictive accuracy of these biomarkers.

Several features of IICs have been investigated so far to understand the mechanisms of
response or resistance and to develop effective biomarkers for ICB. First, the infiltration of
immune cells within the TME prior to therapy has been correlated with response to ICB in
melanoma??. Several studies have also proposed that immune signatures, such as increased CD8"
T cell densities* or lower myeloid-derived suppressor cells (MDSCs) frequency?* early in
treatment, are associated with clinical benefit and may help predict response to therapy. Later,
additional immune factors within the TME, including type 1 interferon signatures® as well as
various cytokines and chemokines?®, have also been evaluated to assess the immune status of
TME. Furthermore, other studies have also identified some transcriptional signatures that
contribute to immunosuppression, such as the inactivation of antigen presentation mechanisms?®’
and mesenchymal transition and angiogenesis signatures®®, potentially correlating with resistance
to anti-PD-1 therapy. Considering the heterogeneous TME across patients, more comprehensive
strategies incorporating different tumor and immune factors should be developed to predict

individual responses to treatment, allowing for more personalized ICB regimens.

Single-Cell Transcriptomics in Cancer Immunotherapy

Understanding the complex immune cell composition and biological pathways associated
with cell state transitions during ICB treatment can potentially identify predictive biomarkers of
therapy response and potential targets for novel treatment options to overcome ICB resistance®.
Single-cell RNA sequencing (scRNA-seq) technology has emerged as a powerful tool for
analyzing complex biological systems, offering high-resolution transcriptomic data of individual

cells within a sample®. This enables the study of subtle, dynamic transcriptomic changes during



cellular transitions, which are associated with various cell phenotypes and their functional roles

within specific disease contexts®’.

The progress in scRNA-seq techniques in cancer research have enhanced our
understanding of tumor heterogeneity and distinct phenotypic states of immune cell within the
complex tumor ecosystem. For example, Tirosh et al. applied scRNA-seq to profile
heterogeneous multicellular ecosystems in metastatic melanoma, identifying two distinct tumor
cell states characterized by high levels of the MITF transcription factor or the AXL kinase?'.
Later, Jerby-Arnon et al. used combined single cell and bulk RNAseq to define the T cell
signatures and melanoma cell states, where they identified an immune resistance melanoma-
intrinsic program associated with T cell exclusion and was linked to innate ICB resistance??.
Through a single-cell, spatial multi-omics approach, a TCF4-dependent mesenchymal-like state
was found enriched in treatment-naive human melanomas and was correlated with resistance to

ICB therapies™.

In addition to the discoveries in tumor heterogeneity, many studies have also employed
scRNA seq technologies to characterize the transcriptional and functional heterogeneity of
immune processes in the TME. Tirosh et al. first identified varied exhaustion programs in the
tumor-infiltrating T cells across melanoma patients, suggesting that this highly heterogeneous
transcriptional profile within the TME can be a factor associated with therapy outcomes®!. Sade-
Feldman et al. further defined two distinct T cell states associated with treatment response
through immune cell transcriptomes®*. Specifically, they identified a TCF7" memory-like state in
the cytotoxic T cell population, which correlated with positive clinical outcomes to ICB in
melanoma patients**. Further studies have also paired scRNA-seq with TCR sequencing of

clonally expanded T cells to investigate the relationship between phenotypic T cell



characteristics and TCR repertoire, which provides a more in-depth understanding of the
specificities of tumor-infiltrating T cells. Li et al. discovered a dynamically differentiating
dysfunctional CD8 T cell population forming a gradient of transcriptional states within
melanoma®. This dysfunctional CD8 T cell compartment was found to be highly proliferative
and associated with tumor reactivity®. Similarly, Oliveira et al. observed that CD8* melanoma-
specific tumor-infiltrating lymphocytes (TILs) predominantly displayed an exhausted state and
were highly clonal, with the frequency of circulating exhausted TIL-TCRs correlating with
clinical outcomes®®. Additionally, single-cell characterization of CD4" TILs and TCR profiling
from human melanomas revealed that HLA class II positive melanoma cells tended to promote
the activation and expansion of neoantigen-specific Treg cells, which exerted
immunosuppressive control within the TME?®’. Furthermore, these highly clonal regulatory T
cells (Tregs) were observed to be correlated with higher tumor neoantigen burdens, where the
upregulation of HLA class II was suggested as the preferred mechanism employed by melanoma

cells to engage immunosuppressive Tregs to counterbalance its high immunogenicity?’.

In addition to profiling the T cell phenotypes, many studies have explored the phenotypes
of other immune cell compartments in the TME and their associations with treatment response.
Natural killer (NK) cell is the main cytotoxic cell type in innate immunity, which can directly kill
tumor cells by recognizing the absence of MHC class I (MHC I) expression on some tumor cells
or indirectly through the production of inflammatory cytokines and chemokines®. Due to its
potent antitumor abilities, the phenotypes of NK cells in the cancer setting are widely studied.
For example, one study applied single-cell RNA-seq analysis on five human melanoma
metastases and identified distinct gene expression programs in tumor-infiltrating NK cells with

specialized functional phenotypes compared to the circulating NK cells from the same patients>®.



This included the tumor-infiltrating NK cell population with high expression of XCL/ and XCL2,
which could recruit cross-presenting dendritic cells (DCs), and another population expressing

higher levels of cytotoxic genes potentially enabling direct tumor cell killing*®.

Although most immunotherapy research has largely centered on effector T cells and NK
cells, B lymphocytes, another key component of the adaptive immune system, have also gained
increasing attention for their potential roles in TME. Recent studies have begun exploring the
complexities and significance of B cells and their interactions with other immune cells in TME.
For instance, one study examining tumor-associated B cells (TAB) in advanced melanoma
patients undergoing anti-PD-1 therapy found that plasmablast-like TAB might help activate PD-
1" T cells, potentially enhancing the response to ICB therapy®. Another study observed clonally
expanded B cell repertoires with autoimmune features in patients with cutaneous metastatic
melanoma*’. Additionally, Helmink et al. assessed the functional roles of TAB in the context of
tertiary lymphoid structures (TLS). Their findings implied a positive correlation between the
presence of TAB, particularly memory B cells and plasma cells, in TLS and improved responses
to ICB treatments, suggesting that TAB may act together with other immune cells in TLS to

orchestrate effective T cell responses against tumors®!.

Myeloid-derived suppressor cells (MDSCs) and tumor-associated macrophages (TAMs)
are recognized as critical mediators of immunosuppression, impairing T cell functions in the
TME®*. Recent advances in single-cell multi-omics technologies have enabled a deeper
understanding of the phenotypic and functional diversity of TAMs in cancer. This goes beyond
the traditional M1 or M2 categorization, which was primarily derived from in vitro experiment
observations when stimulating macrophages from Th1- and Th2-type mice*’. A pan-cancer

scRNA-seq analysis study has uncovered heterogeneity in tumor-infiltrating myeloid cell



composition, the diversity of which might be linked to specific somatic mutations and gene
expression profiles in tumors**. Additionally, this study identified distinct gene expression
profiles in pro-angiogenic TAMs across various cancers**. Concurrently, other research groups
are exploring the mechanisms behind the polarization of myeloid cells in TME. Through
combined mass cytometry and transcriptomics analysis, Halaby et al. investigated the functional
impact of general control nonderepressible 2 (GCN2) on myeloid cell polarization and
immunosuppression in melanoma®. The activity of GCN2 in myeloid cells was found to be
essential for tumor growth and T cell exhaustion through regulation of ATF4-dependent gene
expressions®. On the contrary, conventional type 1 dendritic cells (¢cDC1) play a key role in
promoting T cell response and antitumor immunity*®. NK cells can recruit cDC1 to the TME
through the production of chemokines like CCL5 and XCL1, an interaction axis that correlated
with improved patient outcomes*’. However, melanoma cells produce prostaglandin E2 (PGE?2),
which impairs NK cell viability and chemoattractant production, as a way of immune evasion

mechanism™.

Summary

Many patients do not benefit from the ICB treatment, mostly due to either intrinsic or
acquired resistance to the therapy. However, the precise mechanisms mediating response or
resistance are still not well understood. Tumors represent complex multicellular ecosystems
comprised of tumor, stromal, and immune compartments. The heterogeneity in cell type
compositions and cell-to-cell interactions within the TME can contribute to variations in clinical
outcomes for patients treated with ICB. Thus, it is crucial to deeply characterize the cellular
heterogeneity in the TME and identify the dynamic changes in response to therapies to enhance

our understanding of the mechanisms affecting the ICB response. In this study, we aim to

10



comprehensively map the cellular immune landscape of metastatic melanoma and explore the
dynamic cellular interactions and immune features using single-nucleus RNA sequencing
(snRNA-seq). By investigating changes in the cellular composition, states, and interactions
within the TME, our study aims to help identify biomarkers to predict ICB outcomes and provide
insights into the molecular mechanisms explaining ICB resistance to help develop future cancer
immunotherapies, ultimately aiming to improve clinical outcomes for patients with metastatic

melanoma.
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Chapter 2: Data

2.1 Introduction

The key transitions in cancer, including tumor initiation, growth, metastasis, and
resistance to therapy, are driven by intricate interactions within the tumor microenvironment
(TME)*". These interactions, particularly between malignant and non-malignant cells, are crucial
in TME remodeling and cancer progression*’. Understanding the effect of tumor heterogeneity

and its ecosystem on disease progression is crucial for advancing precision-medicine treatments.

As part of the Human Tumor Atlas Network (HTAN)*’, this study aims to construct
detailed three-dimensional atlases that depict the progression of cancer towards a therapy-
resistant state. These atlases will reveal the dynamic cellular and molecular characteristics of
cells in the TME, utilizing cutting-edge single-cell genomics and spatial multiplexing
techniques*’. Specifically, our project focuses on metastatic melanoma, examining how different
TMEs respond dynamically to immune checkpoint blockade (ICB). We employ a multi-modal
analysis approach that incorporates whole-exome sequencing, single nucleus RNA sequencing
(snRNAseq), and high-resolution spatial multiplex RNA and protein data to develop a
comprehensive picture of TME landscape in metastatic melanoma. Our goal is to integrate the
key features of each data modality to investigate predictors and underlying mechanisms of
resistance to ICB. By integrating the resulting tumor atlases with detailed clinical information,
we aim to identify therapeutically relevant cell types, states, and interactions in the TME. The
constructed atlases can improve our understanding of cancer biology, help identify novel
biomarkers, and refine patient stratification methods, thereby improving the clinical outcomes of

metastatic melanoma patients. This thesis presents findings from our snRNAseq analysis.
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2.2 Materials and Methods

Study design

Tumor biopsies were collected from patients with metastatic melanoma from Massachusetts
General Hospital and Dana-Farber Cancer Institute. All patients in the study were treated with
either anti-PD-1 or a combination of anti-PD-1 and anti-CTLA-4. We used the following criteria
to define durable clinical benefit (DCB) for our downstream analysis and categorize patients into
two groups: 1) responders with stable disease (SD) or better for six months or 2) non-responders
with stable disease (SD) and progressive disease (PD) less than six months. Our patient cohort
contained tumors with various subtypes and driver mutations. Meanwhile, the ICB therapies
were given within different treatment settings, including metastatic, neo-adjuvant, and adjuvant
therapies. Furthermore, the biopsies were collected from different anatomical sites. Detailed

clinical information of the cohort is summarized in Table S1.

Generating single-nucleus gene expression matrices

The raw sequencing reads were processed by Cell Ranger (v.6.0.1) on Terra workspace
(app.terra.bio), using the human genome GRCh38 (v3.0) as reference and the following settings:

Chemistry 5’ and including Introns (since it is snRNAseq).

Removal of background noise in gene expression matrices

We performed ambient RNA correction with the ‘remove-background’ function of CellBender
v13* on Terra workspace to remove technical ambient-RNA counts and empty droplets from the
gene expression matrices. The input file for CellBender was the ‘raw_feature bc_matrix.h5’ file
generated from Cell Ranger. The parameter ‘expected-cells’ was obtained from the Cell Ranger

metric ‘Estimated Number of Cells’. The false positive rate ‘fpr’ parameter was set to 0.05 after

13



evaluating various thresholds, including 0.01, 0.05, 0.1, and 0.2. This setting was chosen for all
batches because it provided the optimal balance of removing ambient RNA contamination and
retaining biologically relevant information. Specifically, a false positive rate of 0.01 was
insufficient to effectively remove contaminating noise, while thresholds of 0.1 and 0.2, although
successful in noise reduction, resulted in the loss of many total nuclei and biological signals

(Supplemental Figure 1A-B).

Demultiplex genetic-pooling snRNA-seq data

We performed demultiplexing using the ‘cumulus/demultiplexing” workflow on the Terra
workspace. Souporcell®’, a reference-genotypes-free algorithm, was used as the demultiplexing
algorithm for genetic-pooling data. The filtered count matrix with background RNA removed

from CellBender*® was served as the input file for Souporcell*

. The number of expected clusters
when doing clustering was set to 4 as each batch contained four patient samples. The genome

BAM files generated from whole exome sequencing analysis for each sample were provided to

assign samples with corresponding patient IDs.

Removing contaminating cells and doublets

Genetic doublets detected from Souporcell*’

based on genotype information were first filtered
out. We then performed doublet detection with Scrublet®® and DoubletDetection®! using Louvain
clustering algorithm. In Scrublet, the expected doublet rate is calculated by 0.8% per 1000 cells.
The threshold was set based on the manual inspection between the two peaks of the bimodal
score distribution from the simulated doublet histogram. In DoubletDetection, the number of fit
operations from which to collect p-values was set to 25, and the fraction of iterations a cell must

be called a doublet was set to 0.6. Droplets were deemed to be doublets when both methods

classified them as such. Additional doublets were removed by unsupervised clustering in
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downstream annotation analysis. Clusters that were clearly separated from well-annotated
clusters and co-expressed well-defined marker genes of multiple cell types, such as T cells
(CD3E and CD8A), B cells (MS4A41 and MZB1), macrophages (CD136), and melanoma cells

(PMEL and MLANA), were removed downstream before subsequent analyses.

Quality control and preprocessing of snRNA seq datasets

Cells with fewer than 200 genes and greater than 10000 genes and mitochondrially encoded
transcripts that constituted more than 15% of the total library were detected and excluded from
downstream analysis. Genes detected in fewer than three cells across the dataset were also
excluded. Normalization and log transformation were done using the standard Pegasus™

pipeline. Highly variable genes (HVGs) were detected and the top 2,000 HVGs were selected
using the Pegasus function pegasus.highly variable features(). Principal component analysis
(PCA) was performed on these 2,000 HVGs to compute 50 principal components, and the Leiden

algorithm was used for clustering.

Identification of malignant cells

Malignant cell clusters were identified based on the calculated gene signature scores from Jerby-

1.22 using AUCell function in decoupler™ as well as copy number variation (CNV)

Arnon et a
scores from infercnvpy>!. The annotation for malignant clusters was validated by CNV heatmap

inferred from infercnvpy, where the annotated non-malignant cells were used as the background.

Identification and annotation of immune cells

For the immune compartment annotation, cells with greater than 6000 genes were first filtered
out for immune cell analysis. Harmony>* was performed for batch correction (correcting for

batch ID). For each broad immune cell population (T cells, B cells, and Myeloid cells), feature

15



selection, dimensionality reduction, and clustering were repeated and performed separately to get
a higher resolution of cell subpopulations and identify more refined cell subtypes using

Pegasus® and Scanpy>°.
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2.3 Results

Overview of study design and analysis workflow

To elucidate the cellular heterogeneity of metastatic melanoma, we collected
retrospective and prospective tissue samples from various anatomical sites of 51 metastatic
melanoma patients before and after their immune checkpoint blockade (ICB) therapies for
single-nucleus RNA sequencing (snRNA seq) analysis (Figure 1A, Table S1). Four samples were
multiplexed and processed as one batch for snRNA-seq data generation, which was later
demultiplexed based on the genotype of single-nucleotide polymorphisms (SNPs) using

Souporcell® (Figure 1B).

In the initial processing of the snRNA seq dataset, we observed systemic background
noise of melanocyte-related gene expressions, primarily PMEL and MLANA, within the immune
compartment (Figure 1C-D). Such systematic background noise may arise from ambient RNA
released during cell lysis in the snRNA seq library preparation process*®. It is crucial to eliminate
this contamination for accurate downstream analysis, as such noise can weaken the strength and
specificity of differential expression signals across different cell types. This, in turn, can lead to
confounded cell type annotations and the false identification of biological variations based on the

contaminated gene expression profiles.

To address this issue, we employed CellBender, a deep generative model designed for
unsupervised removal of ambient RNA*®, to remove the systematic background noise in gene
expression matrices prior to demultiplexing the samples using Souporcell. The goal was to
efficiently eliminate ambient RNA contamination while preserving biologically relevant

information. After evaluating various thresholds for the false positive rate (fpr) parameter
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Figure 1. Overview of study design

A. Generation of single-nucleus RNA sequencing data.

B. Schematic of the single-nucleus RNA-seq computational pipeline workflow.
C. Ambient RNA contamination in immune cells visualized by UMAP.

D-E. CellBender Decontamination shows a reduction of the amounts of contaminating background PMEL
and MLANA in immune cells (D) by cell proportion and (E) by visualization of gene expression on
UMAP.

F. Quality control of single-nucleus RNA sequencing data for each sample batch.

in CellBender, we selected an fpr value of 0.05 for optimal performance across all sample
batches. Post-CellBender processing, as illustrated in Figure 1D, revealed that the proportion of
immune cells (defined by cells with positive PTPRC expression) that expressed PMEL and
MLANA decreased by over 50%. On the other hand, the expression of canonical marker genes for
immune cells, along with selected functional genes, did not exhibit a proportional decrease
(Figure 1D). PMEL and MLANA have noticeably reduced expression in immune clusters after
background noise removal by Cellbender (Figure 1E), as compared to raw data (Figure 1C).

These post-CellBender matrices were then used for demultiplexing and downstream analysis.

For each cell, standard data pre-processing was based on several quality control metrics:
the doublets detected by Scurblet and DoubletDetection, the total number of genes detected, the
total number of unique molecular identifier (UMI) counts, and the percentage of UMIs
contributed by mitochondrially encoded transcripts (Figure 1F). After pre-processing and quality

control, 159,575 quality-controlled nuclei were used for the downstream analysis.
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Dissecting metastatic melanoma transcriptomic landscape

SnRNA seq data with 159,575 nuclei was normalized, embedded using uniform manifold
approximation and projection (UMAP) for dimensionality reduction, and clustered using the
Leiden graph-clustering method. The general cell compartments within the TME were
categorized using graph-based clustering combined with gene expression profiles of cell clusters
using differential gene expression analysis. Specifically, malignant cells typically formed distinct
clusters by their tumor of origin, reflecting intratumor heterogeneity, as previously observed’!. In
contrast, nonmalignant cells, including stromal and immune cells, generally clustered by cell
type across different batches and patients. We further utilized established canonical markers and
differentially expressed gene profiles for cluster annotation. This allowed us to broadly annotate
each cluster into tumor cells, cancer-associated fibroblasts (CAFs), endothelial cells (EC),
immune cells, and doublets (Figure 2A). The expression of selected canonical lineage makers in
these clusters was depicted in Figure 2B. Overall, we classified 49 clusters into five main cell

populations across 51 samples from 10 different biopsy sites (Figure 2A-E).

To confirm our annotated clusters, we assessed the copy-number variation (CNV) profile
using inferCNVpy (Figure 2F). The inferred CNV profile distinguished malignant cells, which
showed copy number instability, from the copy number-stable stromal and immune cells (Figure
2F). Within the tumor compartment, we further investigated the cellular states across patients by
evaluating the signature gene sets for 9 melanoma cell states defined in Pozniak et al.>* (Figure
2@G). We observed cellular heterogeneity among melanoma cells, with each patient exhibiting

multiple hybrid melanoma transcriptional programs.
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Figure 2. snRNA-seq profiling of the metastatic melanoma environments
A. UMAP plot of 159,575 single nuclei colored by annotated unsupervised Leiden clustering.

B. Dotplot showing percent expression and scaled mean expression of canonical markers for annotated
cell clusters. The expression value is normalized by each gene.

C-E. UMAP plots of major cell clusters by (C) patient ID, (D) batch ID, (E) and tissue of origin

F. Inferred CNVs profile (red, amplification; blue, deletion) in malignant cells versus non-malignant cells
(Immune, CAF, EC) using InferCNVpy based on snRNA-seq

G. AUCell signature scores of 9 malignant cell states (acquired from Pozniak et al.**) averaged, scaled by
row, and plotted across patient.
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Heterogeneous immune landscape in metastatic melanoma

Since the immune cell interactions within the TME can play an essential role in
modulating the efficacy of ICB therapies, we sought to delineate the immune cell composition in
the TME and explore the dynamic changes in the immune microenvironment that can be
associated with the treatment response. Following our initial broad annotation of malignant and
nonmalignant cell compartments, we further subclustered the immune cell compartment to
achieve a higher resolution. Using a combined approach of lineage marker identification and
differential gene expression analysis, we recovered nine distinct immune cell types: CD8 T cells,
conventional CD4 T cells, regulatory T cells (Tregs), B cells, plasma cells (PCs), conventional
dendritic cells (DCs), macrophages, natural killer (NK) cells, and plasmacytoid dendritic cells
(pDCs) (Figure 3A). The expression of selected canonical lineage makers for each annotated

immune cell compartment was shown in Figure 3B.

We utilized this detailed annotation to study the immune composition across different
patient TMEs and to identify patterns potentially predictive of ICB therapy responses. Using
hierarchical clustering to examine the immune cell composition, we observed a significant
diversity among different patients. This variation could be primarily stratified into three distinct
patterns: high macrophage infiltration, high lymphocyte infiltration, or a mixed presence of both
lymphocytes and macrophages (Figure 3C). This variability in the immune landscape of TMEs
prompted us to ask whether such heterogeneity can be correlated with tissue of origin and

variations in patient responses to immunotherapy.

To further explore this, we analyzed the immune cell composition across various tissue
origins to investigate the overall patterns in immune cell phenotype distribution and to determine

if the cellular composition varied by tissue type (Figure 3D). We observed different biopsy sites
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Figure 3. Heterogeneous immune landscape in metastatic melanoma
A. UMAP showing annotated immune cell clusters.

B. Dot plot showing percent expression and normalized mean expression of selected canonical genes in
annotated immune cell clusters.

C. Heatmap showing the proportion of immune cell types in the immune compartment of each analyzed
patient (with clustering) with corresponding clinical information.

D. Frequencies of immune cell clusters by tissue of origins.

E. Frequencies of immune cell clusters comparing between lymph node (LN) and non-LN biopsies.
Statistical test results were obtained from the Wilcoxon rank-sum test. *p < 0.05, **p < 0.01, **p < 0.001.

F-G. Frequencies of immune cell clusters comparing between responders and non-responders (F) before
treatment and (G) after treatment. Statistical test results were obtained from the Wilcoxon rank-sum test.
*p <0.05, *p <0.01, =p < 0.001.

harboring a diverse array of immune cell types. Some sites were predominantly populated by
macrophage populations, while others exhibited higher lymphocyte infiltration (Figure 3D). As
expected, samples collected from lymph node (LN) contained the highest proportion of
lymphocytes (Figure 3D). Specifically, B cells, CD4 T cells, PCs, and pDCs were more frequent
within LN biopsies, while macrophages were more abundant in the non-LN biopsies as a

percentage of total immune cells (Figure 3E).

To investigate if variations in immune composition within patients could be linked to
treatment responses, we categorized patient samples based on biopsy time points and clinical
outcomes of ICB treatments, where we examined the differences in immune cell abundance
between responders and non-responders within different time points. In biopsies collected prior
to treatment, we observed a significant enrichment of CD4 T cell, Treg, B cell, and DC
populations in patients with durable clinical responses (Figure 3F). Post-treatment samples from
responders also showed a significant enrichment in B cell populations (Figure 3G). Conversely, a
higher frequency of macrophage populations was observed in non-responders before treatment

(Figure 3F).
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Tumor-associated macrophages (TAMs) are known to comprise various subsets with
distinct phenotypes and functions. For instance, TAMs exhibiting M2-like phenotypes are
thought to foster a tumor-promoting microenvironment, which can facilitate tumor metastasis
and suppress antitumor T cell functions®®. We hypothesized that the macrophage cell population,
enriched in pre-treatment patient samples lacking durable clinical responses, may display
phenotypes associated with pro-tumor immunity, contributing to an immunosuppressive TME.
On the other hand, the B cell populations enriched in responders may possess unique phenotypes
and effector functions, potentially promoting anti-tumor immunity through antigen presentation
by interacting with the enriched CD4 T cell population or through cytokine production to
activate tumor-infiltrating immune cells. Furthermore, the enrichment of DCs in pre-treatment
responders may also support anti-tumor immunity by priming, activating, and recruiting T cells

through the presentation of tumor-associated antigens.
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Diverse T cell phenotypes in metastatic melanoma with enrichment of T follicular helper

like cells and naive CD4 T cells in pre-treatment responders

Based on the well-recognized role of T cells in modulating immunotherapy response and
observed enrichment of CD4 T cell population in pre-treatment responders, we first conducted a
detailed transcriptomic analysis of T cell subtypes to gain more insight into different functional
states of T cells in our metastatic melanoma samples. We combined clusters annotated as CD8 T
cells, conventional CD4 T cells, and Tregs and then applied an unbiased approach through
unsupervised Leiden clustering to identify distinct T cell clusters based on their phenotypic
characteristics. We resolved and labeled ten distinct T cell clusters based on differential gene
expression of known T-cell markers, which include naive CD4 T, memory CD4 T, activated T,
effector CD4 T, proliferative CD4 T, T follicular helper (Tth)-like cell, Treg, progenitor
exhausted CD8 T (CDS8 Tpex), proliferative CD8 T, dysfunctional CD8 T, and exhausted CD8 T
cell clusters (Figure 4A). Additionally, we identified three mixed clusters—B-T Mix,
Macrophage-T Mix, and a low-quality cluster—that exhibited co-expression of T cell and other

cell type lineage markers, which we excluded from downstream analysis.

CDA4 T cells in the naive-like or memory-like subsets exhibited high expression of genes
involved in T cell differentiation, such as IL7R (Figure 4B). These cells also expressed genes
related to lymph node migration, including SELL and CCR7, along with the transcription factor
TCF7 (Figure 4B). CD4 T cells with an effector-like phenotype were distinguished by high
expression of GZMK (Figure 4B). Tth-like cells were characterized by a high level of
expressions of BCL6, ICOS, and PDCD] (Figure 4B). Additionally, CXCL13 was highly

expressed in the Tth-like cell cluster (Figure 4B), the expression of which was reported to be
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Figure 4. Pre-treatment metastatic melanoma patients with durable clinical benefits for
ICB tend to have more enrichment of naive and TFH-like CD4 T cells

A. UMAP of tumor-infiltrating T cells colored by phenotype.

B. Matrixplot showing percent expression and normalized mean expression of selected gene sets in
annotated T subtypes.

C. UMAP of tumor-infiltrating T cells colored by gene set scores from Zheng et al.>’
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D. Heatmap showing the proportion of T cell subtypes of each analyzed patient with corresponding
clinical information.

E-F. Frequencies of T cell clusters comparing between responders and non-responders (E) in naive CD4 T
cell and (F) Tth-like CD4 T cell clusters. P values were obtained from the Wilcoxon rank-sum test.

associated with tertiary lymphoid structure (TLS) formation and lymphocyte infiltration in

ovarian cancer’®.

Exhausted CD8 T cell clusters were identified by their high expression of inhibitory
molecules (LAG3, HAVCR2, PDCD]), the transcription factor 70X, and genes related to
cytotoxicity (GZMB, PRF1) (Figure 4B). This profile was indicative of CD8 T cells that have
encountered persistent antigen stimulation in chronic infection, leading to a state of functional
exhaustion. The CD8 Tpex subset, characterized by high expression of 7TCF7 and KLRG1
(Figure 4B), represents a unique state of T cell exhaustion. The KLRGI" T cell subset has been
proposed as an early stage of exhausted T cells in chronic infection®®. Meanwhile, this TCF7*
CDS8 Tpex population, exhibiting self-renewing properties, has been correlated with response to
ICB*. Finally, the two proliferating CD4 and CD8 T cell clusters were characterized by high
expression of MKI167 and CDK1 (Figure 4B), which are genes related to the cell cycle. The
proliferating CD4 T cells also expressed genes shared with Tth-like CD4 T cell clusters, while
the proliferating CD8 T cell clusters expressed genes related to cytotoxicity and exhaustion

(Figure 4B).

To confirm the identity of our annotated T cell subsets, we computed gene expression
scores derived in a recent meta-analysis of sScRNA-seq data from pan-cancer human tumor-
infiltrating lymphocytes, which identified naive T cells, classical IL21" Tru, and GZMK" Tex
cells®’. Indeed, our cluster annotations for naive CD4 T, Tth-like, and exhausted CDS8 T cells

mirrored the clusters with the highest expression of these scores, respectively (Figure 4C).
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We then examined the T cell composition across patients to explore whether distinct
cellular compositions contribute to heterogeneous TMEs and therapy responses. Interestingly, we
identified two primary patterns of T cell composition among patients: one dominated by
exhausted T cells and the other by TCF7" T cells (Figure 4D). We further asked if this variation
in T cell landscape correlated with therapy response. Given the enrichment of CD4 T cell
populations observed in pre-treatment responders, we compared the abundance of various CD4 T
cell subtypes between responders and non-responders to examine which cell type may play a key
role in treatment outcomes. Within pre-treatment samples, we observed both Tth-like and naive
CD 4 T cell populations more enriched in responders (Figure 4E-F), suggesting a distinct

immune hub might exist in the TME of these responders.
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Melanoma tumor-associated B cells are composed of multiple phenotypes which varied

across patients

As T follicular helper cells are known to provide help to B cells for effective antibody-
mediated immune responses, we decided to identify the specific B cell subtypes that can
potentially interact with the Tth-like CD4 T cells. We uncovered six distinct B cell clusters,
which are IgGI" plasma cells (PC), Ig41" plasma cells (PC), memory B, Naive B, germinal
center (GC) like B, and plasmablast-like B cells (Figure 5A). As shown in Figure 5B, Naive and
memory B cells highly expressed MS441, BANKI, and SELL. In addition, naive B cells were
distinguished by high expression of /L4R and /IGHM. GC-like B cells were characterized by high
expression of BCL6 and PAX5. Both GC-like B cells and plasmablast-like B cells showed high
expression of cell cycle genes, but plasmablast-like B cells were distinguished by gene
expression profile shared by plasma cells since plasmablasts represented a differentiation stage
when B cells mature from a post-germinal center B cell to a mature plasma cell’. The two plasma
cell clusters were annotated based on high expression of MZB1, JCHAIN, and immunoglobulin
isotype gene expressions, which allowed us to further separate the PC clusters into /gA/" and

IgGI" plasma cells.

Within the tumor-associated B cells (TAB) population, we observed that CXYCRS5 was
uniquely expressed in naive, memory, and GC-like B cell clusters (Figure 5A). CXCRS is a
chemokine receptor upregulated by B cells for homing into B cell follicles®’. Recent studies
observed B cell and T cell colocalization in the TME through the CXCR5-CXCL13 chemokine
axis, where CXCL13" T cells might promote B cell recruitment and phenotypic heterogeneity®'.
Furthermore, CXCL 13 and CXCRS5 were two known hallmark markers for tertiary lymphoid

structure (TLS), where TLS was suggested to improve the immunotherapy in melanoma®?.
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Figure 5. Melanoma tumor-associated B cells (TAB) are composed of multiple phenotypes
and varied across patients

A. UMAP of tumor-associated B cells colored by phenotype and CXCRS5 mRNA transcript.

B. Dot plot showing percent expression and normalized mean expression of selected gene sets in
annotated TAB cell clusters, including naive, memory, plasma cells, plasmablasts, germinal center like
cells.

C. Complex heatmap presenting relative frequency of different TAB phenotypes in each analyzed patient
with corresponding clinical information.

D-E. Comparison of the relative abundance of memory (D) and plasmablast-like B (E) cell cluster in
responder and non-responder samples with pre-treatment samples. P values were obtained from the
Wilcoxon rank-sum test.

F-G. Comparison of the relative abundance of Naive (F) and memory B (G) cell cluster in responder and
non-responder samples by lymph node (LN) biopsy (0=non-LN, 1=LN biopsy). Statistical test results
were obtained from the Wilcoxon rank-sum test. *p < 0.05, *p < 0.01, **p < 0.001.

Given the significantly higher frequency in CXCL3-expressing Tth-like cells and general B
cells from pre-treatment tumor samples in patients responding to ICB therapy, we hypothesized
that there could be potential CD4 T cell and B cell interaction within these pre-treatment
responders that contribute to the response to ICB treatment. By examining the B cell
composition in each patient, we observed a drastic difference in compositional profile between
responders and non-responders (Figure 5C). Specifically, responders, in general, exhibited more
diverse B cell phenotypes with enrichment of CXCR5" B cells, while non-responders were

mainly composed of plasma cells.

To further explore this, we examined whether cell abundance in these CXCRS5-expressing
B cells significantly differed between responders and non-responders. By comparing the cell
frequency of each annotated B cell, we observed the enrichment of memory B cells and
plasmablast-like B cells in pre-treatment responders (Figure SD-E). This observation was

consistent with the findings presented by Griss et al. They reported that plasmablast-like B cell
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frequencies in melanoma samples prior to therapy were significantly higher in responders to ICB
therapy and can increase PD-1" T cell activation in vitro®. The memory B cells enriched in
treatment-naive responders might indirectly promote antitumor responses through antigen
presentation to promote T cell response and expansion. Meanwhile, this population might also
directly execute antitumor functions through secretion of IFNy, granzyme B, and TRAIL, as

observed in hepatocellular carcinoma®.

Since many of our tumor samples were collected from lymph nodes (LN), which can be
potential confounders in our analysis, we further grouped the B cell population based on LN
biopsy (0: non-LN biopsy; 1: LN biopsy). Comparing B cell abundance in all tumor samples
regardless of the timepoint between responders and non-responders, we observed significant
enrichment of naive and memory B cells in responders from tumor samples not collected from
LN (Figure 5F-G). This may imply that these CXCL13" Tfh-like T cells and CXCR5" B cells may

interact with each other within the TME, which promoted the response to ICB therapy.

34



Profiling tumor-associated macrophages heterogeneity in metastatic melanoma

microenvironment

Since innate immunity can also play important roles in tumor growth and treatment
response, we next analyzed myeloid cell subsets in the TME to identify the subsets that can be
correlated with response to ICB therapy. We recovered nine distinct myeloid cell clusters, which
included three major subtypes: macrophages, conventional dendritic cells (¢cDCs), and
plasmacytoid dendritic cells (pDCs). The initial classification of these cells was based on lineage
markers: CD163 for macrophages, /L3RA for pDCs, CDIC for type 2 conventional dendritic
cells (¢cDC2), CLECY4 for type 1 conventional dendritic cells (¢cDC1), and LAMP3 for mature

cDCs.

We further categorized macrophages into nine distinct subsets based on their phenotypes
(Figure 6A). One cluster highly expressed complement-related genes, such as C/QA4 (Figure 6B),
and was labeled as C1Q high TAMs. The presence of C1q" TAMs often correlated with poor
prognosis and T cell exhaustion in cancer, which can control T cell phenotype through
internalization®. We identified an MMP9" CD68" LA-TAM (lipid-associated TAMs) cluster with
high expression of CD68 and matrix metalloproteinase 9 (MMP9) but low expression of CD163.
Specifically, the activity of MMPY has been observed in various malignancies through regulating
cell migration and epithelial-to-mesenchymal transition®>. One IFN+ TAM cluster was identified
based on its highly differently expressed gene (DEG) STAT! (Figure 6C) and was further
validated by a high signature score of the interferon-gamma response hallmark pathway (Figure
6D). The proliferating TAM cluster was characterized by a high expression of MKI67 (Figure
6B). We also identified one cluster that uniquely and highly expressed 7/MD4 gene (Figure 6B),

which we labeled it as TIMD4" TAMs. Angio-TAMs cluster was characterized by high

35



CD163 MKI67

A B \ 20 X 1.0 \
08
§ g
@ Angio-TAMs 5 o4 3
® Angio-TAMs 2 . N 02
e C1Q high TAMs o T 00
e CD163+ TAMs C10A o~ TIMD4 i
e CD1C+ cDC2 ! i ! -
@ CLEC9A+ cDC1 : i : L
o IFN-TAMs 8, s § §
LA-TAMs 1 so ¥ J :: :
o LAMP3+ cDC A 3 ’
MMP9+ CD68+ LA-TAMs ORAPT ° ONAPT ° UNPT
Proliferating TAMs 'La,RA 20 LM:PS ° 'Df ;
TIMD4+ TAMs & 0
DC & 8§ 06 g
K 2 R
o5 02
UMAP1 00 UMAP1 00 UMAP1

C

Proliferating TAMs.
MMP9+ CDE8*+ LA-TAMS
Angio-TAMs 2

C1Q high TAMs
CLEC9A+ ¢DC1
Angio-TAMs

CD163+ TAMs

phagocytosis

HALLMARK_HYPOXIA:
GOBP_ADP_METABOLIC_PROCESS:
HALLMARK_ANGIOGENESIS
HALLMARK_EPITHELIAL_MESENCHYMAL_TRANSITION
IMMUNOREGULATORY_INTERACTIONS_BETWEEN_A_LYMPHOID_AND_A_NON_LYMPHOID_CELL:

KEGG_ANTIGEN_PROCESSING_AND_PRESENTATION
REACTOME_ANTIGEN_PROCESSING_CROSS_PRESENTATION
REACTOME_COMPLEMENT_CASCADE
HALLMARK_INTERFERON_GAMMA_RESPONSE
HALLMARK_ANDROGEN_RESPONSE
GOBP_LYMPHOCYTE_MIGRATION_INTO_LYMPHOID_ORGANS
REACTOME_CELL_CYCLE
GOBP_MULTINUCLEAR_OSTEOCLAST_DIFFERENTIATION
GOBP_T_HELPER_1_CELL_CYTOKINE_PRODUCTION
GOBP_NEGATIVE_REGULATION_OF_INTERLEUKIN_5_PRODUCTION
REACTOME_TCR_SIGNALING

pDC

LA-TAMs
LAMP3+ cDC

Proliferating TAMs
TIMD4+ TAMs

IFN-TAMs

MMP9+ CD68+ LA-TAMs
Angio-TAMs 2

C1Q high TAMs

CD1C+ cDC2

CLEC9A+ cDC1
Angio-TAMs

CD163+ TAMs

36

Mean expression

in group

———

0.0

0.5

1.0



l es

: N
=l B e - I B~ el Time point  cell type
ans i T L I i o Pre-tx Angio. TAMs
g — - ——h \ e e [ Post-tx Angio. TAMs.2
E L — I II T : — 1 | S E% :g DCB C1Q.high.TAMs
11 T T - ool . CD163..TAMs
g == - = —' 1 | o Ems By cDC
E 1 ; T I| . I ! I ! - T I - :;2’; 1587 N IFN.TAMs
T | - 1 I HTAS 1 LA. TAMs
2 - rT——— —— = i - Woi i Gender MMP9..CD68..LA TAMs
o — T T T TAS- 1803
T 1 T T T mms s [ Female | DDQ )
% ’ 1 L — : |II T - . TT T . :EE?;; M Male _'?(&Igira%:\.'%TAMs
B = — = = T T s T T = = -.H :E'Em: Biopsy_site ; °
: Lll| T T T . |||L -= :ié:ig Braln mat
II 1T I I I I L I —- ! HTAZ Eess ‘Jg?lunum i 60
e = ‘ B 40
1T 1 T 1 10T HTAS 1918
: I i — | R Lung
——— T T - Tk HIS- 1200 Major salivary gland
| I  — T —— . e Nasal cavity
1T T T T I T :;::_:;?z Sk‘n
é = : |= L — x I_IITII - TEES I Other
E { -_——- - e | vuvaNOS
= - TTII - I| L ";ﬁj:m tx_grou
D DD DN DO D DO D - 2m= 0 a -group
o (=3 {=3 p—1
PR “ 258828 Eomme
EEREZR Q}__'__ = cell_type 20§ = leovax+combo_|
LOmZ-LC < o O o _ single_aPD1
JITRL D gﬁ ) £ g = [ single_aPD1_sequential
&5 g‘g T = [= s} single_aPD1-+urelumab
O <2 28 F
O ©O
2
o
g
=
=
= 0.04
p=0011, p=0.034
0.4 .
0.03
g . g ’
€03 * DCB 1 DCB
g0 . 5
£ B v 3 By
M [y
= =] L 002 =
© 8
e 0.2 @
2 E] .
- . ~ o001 :
0.1 : w2 . .
. 20 . e
0.0 .. 0.00 [--
Angio-TAMs CLEC9A+ cDC1

Figure 6. Tumor-associated macrophages associated with angiogenesis and hypoxia
phenotypes tend to be more enriched in pre-treatment non-responders

A-B. UMAP of myeloid cell population colored by (A) phenotypes, (B) expression of the indicated

mRNA markers.

C. Matrixplot showing differentially expressed genes from annotated myeloid cell clusters.

D. Matrixplot showing distinct functional enrichment of biological terms for myeloid cell clusters.

E. Complex heatmap presenting relative frequency of different myeloid subsets in each analyzed patient
with corresponding clinical information.

F. Comparison of the relative abundance of Angio-TAMs cluster in pre-treatment responder and non-
responder samples. P value was obtained from the Wilcoxon rank-sum test.

37



G. Comparison of the relative abundance of CLEC9A+ ¢DCI1 cluster in pre-treatment responder and non-
responder samples. P value was obtained from the Wilcoxon rank-sum test.

expression of angiogenic factors VCAN and was found to highly express HIF'1A-AS2 (Figure 6C)
that is associated with hypoxia. We also identified another Angio-TAMs 2 cluster with high
expression of TIMP3 and FNI (Figure 6C). For clusters with expression signatures of lipid-
related genes, we labeled them as lipid-associated TAMs (LA-TAMs). We labeled clusters that
predominantly expressed CD163 and C1Q genes without distinct phenotypic genes from the

DEGs as CD163" TAMs.

We then explored the biological pathways enriched in each myeloid subset with distinct
phenotypes to better understand its functional biological roles in the TME. We observed that
Angio-TAMs and Angio-TAMs 2 had the highest scores in hypoxia and angiogenesis,
respectively (Figure 6D). This finding was corroborated by their high expression of HIF'14-AS2
and genes (VCAN, FNI1, SPARC) related with angiogenesis, as identified in our differential gene
expression (DEG) analysis (Figure 6C). Meanwhile, several studies on human cancer also
indicated that Angio-TAMs highly expressed hypoxia-related metabolic genes®. We also
observed intra-heterogeneity within the Angio-TAM subsets, where one with a higher hypoxia
score was more associated with ADP metabolic process while the other with a higher
angiogenesis score was more associated with epithelial mesenchymal transition pathway (Figure
6D). In addition, we observed TAMs with high expression of the C1Q gene had the highest
scores in complement cascade and antigen processing and presentation pathways (Figure 6D),
which suggested its phagocytosis function. IFN-TAMSs had the highest score in the interferon-
gamma response pathway (Figure 6D). Furthermore, TIMD4" TAMs were enriched in pathways

related to T helper 1 cell cytokine production (Figure 6D). This TAM subset was also associated
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with the negative regulation of interleukin-5 production, a cytokine gene typically linked to T
helper (Th) 2-type responses (Figure 6D). These observations were consistent with their high
expression levels of genes related with proinflammatory cytokines including interleukin-18
(IL18) and the interleukin 6 cytokine family signal transducer (IL6ST) (Figure 6C). Interleukin-
18 is known to regulate Thl responses and can induce IFN-gamma production in T cells and NK
cells, while interleukin-6 plays a role in regulating inflammation®’. These findings suggested that

TIMD4" TAMs may play a regulatory role in Th1 responses within the tumor microenvironment.

Finally, we examined the myeloid cell composition across patients and observed a more
diverse compositional profile within samples with different treatment regimens and metastasis
sites (Figure 6E). The pattern of myeloid cell composition can be mainly stratified by high
infiltration of TIMD4" TAMs, high infiltration of LA-TAMs or Angio-TAMs, and compositional
profiles composed of TAMs dominated with LA-TAMs and IFN-TAMs. Specifically, we
observed that patients receiving a combination of anti-PD-1 and anti-CLTA4 tended to have a
more diverse myeloid cell composition, while samples with high infiltration of Angio-TAMs
were mainly from anti-PD1 treated samples. Comparison of the cell abundance between
responders and non-responders further revealed that Angio-TAMs were significantly more
enriched in pre-treatment non-responders (Figure 6F). This was consistent with the finding
reported by Cheng et al., where the angiogenesis-associated VCAN" TAMs were associated with
resistance to checkpoint inhibitor immunotherapy in melanoma patients**. The enrichment of
Angio-TAMs with hypoxia phenotype in non-responders may suggest an immunosuppressive

hypoxic TME promoted by this cell type that contributed to resistance to ICB.

In contrast, pre-treatment responders had a significantly higher frequency of CLEC9A4"

cDCI1 (Figure 6G). The C-type lectin receptor CLEC9A, which is a damage-associated molecular
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pattern receptor expressed on DCs, can help mediate antigen uptake from necrotic cells and
cross-present antigens to CD4" and CD8" T cells®®. Studies in animal models also showed that
antibodies targeting Clec94 could promote potent antigen-specific T cell responses, which drove
a follicular helper phenotype®-’°. Additionally, cDCls can orchestrate anti-tumor CD8" T cell
responses within the TME by secreting chemokines and cytokines to recruit CD8" T cells into
the TME’! and regulate their effector functions’?. Therefore, we reasoned that CLEC94* ¢cDC1
enriched in pre-treatment responders may also play a similar role in promoting humoral

immunity through antigen presentation and cytokine production.

Taken together, these results indicated that the phenotypes and functions of tumor-
infiltrating myeloid cells in the TME were quite heterogeneous, which differed by the treatment
type and response. TAMs with angiogenesis and hypoxia phenotypes were more likely to be
associated with poor prognosis, while DCs, which are likely to recruit and prime the T cell

population, tended to be correlated with response to ICB in treatment-naive patients.
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Frequencies of diverse phenotypes within T cell, B cell, and dendritic cell populations tend

to be highly correlated with each other in the TME

After resolving different phenotypes of immune cell subsets in the TME, we next
examined crosstalk between malignant cells and different immune cell compartments. We
performed the correlation analysis between the frequency of all annotated immune cell subsets
and tumor genomic and transcriptional data from 51 patients. In our correlation analysis, we
observed a notable trend: the frequencies of lymphocytes with different phenotypes, specifically
CXCL13" Tfh-like cells, several CXYCR5" B cell subsets, and cDCs tended to be highly correlated
with each other (Figure 8A). These may suggest potential cell interactions that promote humoral
immunity and may even imply a potential TLS in the TME. Notably, tumor mutational burden
(TMB) was not correlated with these cell frequencies or was inversely correlated with memory
or GC-like B cells and CD8 Tpex (Figure 8A). This was consistent with the observation that
TLS signature was independent of mutational load®?. Instead, the frequency of NK cells was
positively correlated with tumor mutational burden. Meanwhile, we also observed that the
frequency of TAM subsets was highly correlated with each other. However, different from other
TAM subsets, the TIMD4* TAM frequency was highly correlated with lymphocyte and DC
frequencies, indicating its distinct role in promoting anti-tumor immunity. 7/MD4, also known as
TIM4, expression on ¢cDCl1s was found to mediate the uptake of tumor-associated antigens and
promote anti-tumor response through cross-presentation of antigens to CD8 T cells’.
Meanwhile, based on its high expression of /L 18 (Figure 6C), which is reported to stimulate the
innate lymphocytes and antigen-experienced T cells’*, we hypothesized that TIMD4" TAMs may
potentially directly or indirectly help promote T-cell immunity in the TME to sustain or induce

anti-tumor immune responses.
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A-C. Heatmaps showing the spearman correlation between relative immune cell subpopulation abundance
as a fraction of immune cells and tumor genomic data per patient across the (A) 51-patient cohort, (B)
from non-lymph node biopsies, and (C) from lymph node biopsies. *p < 0.05, **p < 0.01, ***p < 0.001.

Interestingly, we also observed the two Angio-TAM subsets were associated with
different tumor intrinsic programs, implying their different functional roles, as we discussed
above. Specifically, the Angio-TAMs 2 abundance was highly correlated with the signature
scores of antigen presentation, neural crest-like, and mesenchymal-like (MES) programs in
tumor cells, while the frequency of Angio-TAM was negatively correlated with the scores of
interferon response and antigen presentation programs in tumor cells (Figure 8A). The score of
melanoma cells with the MES-like state, a state found enriched in non-responders to ICB in early
on-treatment biopsies®?, was negatively correlated with the frequencies of cDC2 and proliferating
T cell populations but associated with infiltration of Angio-TAMs 2 (Figure 8A). Considering the
high angiogenesis score observed in Angio-TAMs 2, this population may interact with tumor

cells to promote angiogenesis and induce a pro-tumor TME.

To investigate the potential cell-cell interactions in different contexts, we further
separated our analysis based on the biopsy site from lymph node (LN) or non-LN. We still
observed a similar correlation between the presence of different subsets of lymphocyte and DC
when tumor samples were collected from LN or non-LN (Figure 8B-C). Specifically, the
frequency of Tth-like cells with expression of CXCL13 and PD-1 was correlated with infiltration
of effector CD4 T, LAMP3" ¢DC, plasmablast-like B, and memory B cells in non-LN samples
(Figure 8B). This aligned with the composition of tertiary lymphoid structures as reported in
other research studies’>. We also observed most TAM subset frequencies were tightly and

negatively coordinated with the lymphocyte populations in these non-LN metastasis sites (Figure
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8B). In contrast, we did not observe a similar correlation within LN biopsies, where only Angio-
TAMs and C1Q TAMs frequencies were correlated with each other and inversely correlated with
some T cell populations (Figure 8C). Such observation may suggest different TME distinguished

by LN metastasis site.
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Chapter 3: Discussion and Perspectives

Although immune checkpoint blockade therapies have achieved remarkable clinical
successes in melanoma treatment, not all patients can benefit equally from this type of treatment.
The observed variation in treatment efficacy is often attributed to heterogeneous nature of the
TME across individual tumors. Therefore, a comprehensive characterization of cellular
heterogeneity within the TME is critical for a deeper understanding of the mechanisms driving
treatment response or resistance. However, the specific phenotypes and functions of different
tumor-infiltrating immune cells remain poorly understood. Moreover, the relationship between
different types of tumor immune environments, structured by diverse immune cell compositions,

and clinical outcomes is also not fully clear.

In this study, we utilized snRNA-seq analysis to comprehensively characterize the
immune microenvironment in metastatic melanoma from a cohort of 51 patient undergoing ICB
treatment. We aimed to create a deeply characterized melanoma atlas to help us capture the
dynamic changes in the TME that can be correlated with responses to treatment. Meanwhile, the
generation of this atlas data can also serve as a rich resource to gain a deeper understanding of
metastatic melanoma TME from multiple tissue sites and can be shared within the research

community to help expedite cancer research.

Here, we identified a variety of immune cell subsets with distinct phenotypes and
functions in the TME. Through differential cell abundance analysis, we confirmed and
recapitulated a number of different immune cell populations that are associated with ICB
response, including enrichment of CXCL 1 3-expressing TFH-like cells, memory B cells,
plasmablast-like B cells, and CLEC94" ¢DC1 in treatment naive responders. These types of cell

infiltration have been associated with improved clinical responses to ICB therapy in several
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studies involving both mice and human cancers***':77°, Meanwhile, we also observed naive
CD4 T cells more enriched in pre-treatment responders. In a preclinical mouse model of
melanoma, it has been reported that naive tumor-specific CD4" T cells could naturally
differentiate into T helper type 1 (Th1) cytotoxic T cells and mediate direct cytotoxicity against
tumor cells®. While the precise function of naive CD4 T cells in anti-tumor immunity remains
uncertain, the observed enrichment of naive CD4 T cells in our study might serve as a precursor
pool for cytotoxic CD4 T cells or the population can be recruited to the TME due to the robust
immune responses in responders, potentially through chemotaxis. The correlation analysis in
non-LN patient samples further suggested a strong correlation between the frequencies of these
lymphocytes — including CXCL13" Tth-like cells and CXCRS5" B cells — and ¢DCs within the
TME. This suggested the potential formation of tertiary lymphoid structures in the TME which
might be crucial in promoting anti-tumor immunity and was reported to be correlated with

therapeutic response in patients in many cancer types’ .

Additionally, we observed that Angio-TAMs with angiogenesis and hypoxia phenotypes
were more frequent in patients without durable clinical benefits prior to therapy. This observation
aligned with findings from a pan-cancer single-cell atlas focusing on tumor infiltrating myeloid
cells, which indicated that VCAN " angiogenesis-associated macrophages are linked with worse
clinical outcomes in cutaneous melanoma**. Meanwhile, we made novel observations of distinct
TME subtypes in different metastatic sites based on the cellular composition and tumor-related
gene signatures. The correlation analysis revealed that different TAM subsets tend to be tightly
but inversely correlated with the lymphocyte population in non-LN metastasis sites, a trend that
was not observed in LN metastasis sites. Furthermore, some of these TAM subsets, such as

Angio-TAMs and C1Q high TAMs, were correlated with several tumor intrinsic programs,
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including MES-like and interferon response, which may suggest potential interaction of tumor
cells with TAMs that promote pro-tumor TME. While most of the TAM subsets tended to be
highly correlated with each other, we observed the abundance of 7/MD4-expressing TAM subset
was highly correlated with lymphocyte infiltrations. Given the high expression of type 1
cytokines in 7/MD4" TAMs and the role of TIM-4 as a scavenger receptor involved in the
phagocytosis of apoptotic cells®!, we hypothesized that this subset may provide direct or indirect
help to the T cell immunity to orchestrate the anti-tumor immunity, but the mechanistic details

need further study.

Overall, our snRNA seq study has uncovered the diverse nature of the tumor immune
microenvironment (TIME) in metastatic melanoma. This diversity is primarily characterized by
either high infiltration of lymphocytes or macrophages, as identified through hierarchical
clustering. The observed variation in immune cell composition and the complex interactions
between malignant and immune cells could be potentially associated with differing responses to
ICB. For a more in-depth exploration of TIME patterns, future studies could broadly classify
patients using hierarchical clustering incorporating various factors including the specific cellular
compositions within each immune subtype, tumor genomic and transcriptional data, and clinical
outcomes of patients. Such an approach could be used to help better characterize and define
different cellular modules in distinct TIMEs, potentially leading to the identification of key

molecular markers associated with the treatment response.

Meanwhile, to investigate the potential tertiary lymphoid structures in the non-LN
tissues, an analysis of the stromal compartment could be conducted. This would involve
identifying the follicular dendritic cell (FDC) population, a type of stromal cell located within

the germinal center (GC), which plays a crucial role in driving a functional GC response and
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organizing TLS". Assessing the correlation between FDC frequency and the infiltration of
lymphoid cells could provide additional evidence for the presence of TLS in our patient cohort.
Moreover, an analysis of cell-cell interactions can be conducted to distinguish different TIMEs.
This analysis would allow us to understand the characteristics and potential functions of
individual cell types within distinct TIME cellular modules, thereby enhancing our
comprehension of the patterns of immune infiltration across patients. Such insights will be

helpful in guiding the identification of biomarkers for ICB therapies.

However, our study has several limitations. A primary challenge is the clinical
heterogeneity within our data, which involves a range of clinical confounders. These include the
sites of biopsy, previous treatment histories, tumor subtypes, and treatment regimens, all of
which should be considered in our analysis. A primary confounder in our analysis is the
variability in biopsy sites for tumor samples. We observed that lymphocytes were typically more
abundant in lymph node (LN) metastatic sites, whereas macrophages were more prevalent in
non-LN metastatic sites. This difference needs to be taken into account when linking immune
cell infiltration levels with clinical outcomes and developing predictive models for treatment
response. Additionally, the variations in immune cell phenotypes and clinical outcomes could be
influenced by different treatment strategies, such as anti-PD-1 therapy and combination
treatments, or by the treatment settings, including therapies administered in adjuvant settings.
Furthermore, our power to detect the correlation is limited by the sample size of our cohort.
Therefore, future studies should include large patient cohorts with matched timepoint samples to
better define the innate biology. Moreover, it is important to note that the observed correlations
between the presence of various lymphocytes in the tumor microenvironment (TME) do not

confirm that these cells are spatially colocalized within the TME. To conclusively determine the
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formation of TLS in the TME, orthogonal validation methods, such as spatial transcriptomics or
proteomics analysis, are required to accurately understand the spatial relationships of these cells
in the TME. As this study is part of the Human Tumor Altas Network (HTAN) project, the results
of this study can be validated by multi-modal analysis from our multiplex immunofluorescence,
CODEX, and MERFISH groups to examine the spatial organization of the immune cells in the
TME. The combined transcriptomic and spatial analysis may provide insights into the

mechanisms of crosstalk between different immune cell populations with the TME.

In summary, our detailed analysis of the tumor microenvironment (TME) has uncovered
a heterogeneous immune landscape in metastatic melanoma. Consistent with findings from other
studies, we observed an enrichment of CXCLI3-expressing Tth-like cells, memory B cells, and
plasmablast-like B cells enriched in treatment-naive responders, whereas a higher frequency of
Angio-TAMs was observed in non-responders prior to ICB therapy. Notably, our study also
observed that naive CD4 T cells were more enriched in pre-treatment responders, and both naive
and memory B cells were significantly enriched in non-lymph node (non-LN) biopsies from
these responders. Additionally, we identified a subset of TAMs characterized by TIMD4
expression, which demonstrated a strong correlation with the presence of other lymphocytes and
DCs, indicating a potential anti-tumor function for this TAM subset. Our study identified two
distinct immune cell interaction patterns within the TME, characterized by either lymphocyte or
macrophage dominance at different metastatic sites. This variation may also correlate with the
heterogeneity in tumor cells, as suggested by the association with diverse tumor-intrinsic
programs. Our findings, therefore, provide an important step in understanding the critical
interactions in metastatic melanoma TME and shed light on the identification of potential

biomarkers or novel therapeutic strategies to improve clinical outcomes.
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Appendix A:

Supplemental tables

Supplemental Table 1. Sample and patient clinical summary, related to Figure 1

Characteristic
Time_point
Post-tx
Pre-tx
tx_group
combo_ICB
Neovax+combo_ICB
single_aPD1
single_aPD1_sequential
single_aPD1+urelumab
Gender
Female
Male
Subtype
Acral
Cutaneous
Mucosal
Unknown
Tx_setting
Adjuvant
metastatic
Neoadjuvant
is_first_line
N
Y

_Tn(%)

N Overall, N=51" N,N=17'

51

51

51

51

51

51

21 (41%)
30 (59%)

15 (29%)
1(2.0%)
33 (65%)
1(2.0%)

1(2.0%)

24 (47%)

27 (53%)

2 (3.9%)
37 (73%)
2 (3.9%)
10 (20%)

13 (25%)
36 (71%)

2 (3.9%)

11 (22%)

40 (78%)

59

6 (35%)

11 (65%)

5 (29%)
1(5.9%)

10 (59%)
0 (0%)

1(5.9%)

9 (53%)

8 (47%)

2 (12%)
10 (59%)
1(5.9%)
4 (24%)

3 (18%)
14 (82%)

0 (0%)

5 (29%)

12 (71%)

Y, N=34"

15 (44%)
19 (56%)

10 (29%)
0 (0%)
23 (68%)
1(2.9%)

0 (0%)

15 (44%)

19 (566%)

0 (0%)
27 (79%)
1(2.9%)
6 (18%)

10 (29%)
22 (65%)

2 (5.9%)

6 (18%)

28 (82%)



Supplemental figures

Supplemental Figure 1. Evaluation of different false positive rate (fpr) thresholds in CellBender using
batch SM_L123H as an example. (A) Histogram showing the proportion of immune cells expressing
contaminating noise (PMEL and MLANA) and selected canonical or functional immune markers at
various fpr thresholds. (B) Comparison of the total number of immune cells and the overall cell counts in

batch SM_L123H across different fpr thresholds.
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