Am J Transl Res 2023;15(4):2345-2369
www.ajtr.org /ISSN:1943-8141/AJTR0147364

Original Article
Multicellular network analysis of
melanoma heterogeneity by scRNA-seq

Shun Li*2, Long Chen'?

1Department of Immunology, School of Basic Medical Sciences, Chengdu Medical College, Chengdu 610500,
Sichuan, China; 2Non-Coding RNA and Drug Discovery Key Laboratory of Sichuan Province, Chengdu Medical Col-
lege, Chengdu 610500, Sichuan, China

Received October 30, 2022; Accepted January 30, 2023; Epub April 15, 2023; Published April 30, 2023

Abstract: Objective: Melanoma neoplasia is a complicated process. Not only melanocytes are involved, stromal cells
and immune cells would also regulate cancer development. However, the cell type composition and tumor immune
microenvironment of melanoma are poorly understood. Method: Here we report a map of the cellular landscape of
human melanoma via analyzing published single-cell RNA sequencing (scRNA-seq) dataset. Transcriptional profiles
of 4645 cells obtained from 19 melanoma tissues were dissected. Result: Using gene expression patterns and flow
cytometry, 8 discrete cell populations were identified including endothelial cells (ECs), cancer related fibroblasts
(CAFs), macrophages, B cells, T cells (NK cells), memory T cells (MTCs), melanocytes and podocytes. By construct-
ing the cell-specific network (CSN) for each cell population, scRNA-seq data can be used for clustering and pseudo-
trajectory analyzing from network perspective. In addition, the differentially expressed genes (DEGs) between ma-
lignant and non-malignant melanocytes were identified and analyzed together with clinical data from The Cancer
Genome Atlas (TCGA). Conclusion: This study shows a comprehensive view of melanoma at the single cell resolution
which outlines the characteristics of resident cells in tumor. Particular, it provides an immune microenvironment

map of melanoma.
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Introduction

Tumors are complex ecosystems defined as
spatiotemporal interactions between heteroge-
neous cell types, including stromal cells, malig-
nant cells and tumor-infiltrating lymphocytes
(TILs) [4, 2]. Tumor cellular diversity poses both
challenges and opportunities for melanoma
therapy. It has been suggested that recurrenc-
es and drug tolerance-induced treatment fail-
ures may be derived from intratumor heteroge-
neity [3]. Different cell composition patterns in
tumors, as well as interactions and substance
signaling among different cell types, may play a
key role in the malignant development of mela-
noma and the cause of drug resistance [4].
However, their significant biological function in
the specific cellular components and the path-
way by which they collectively define the behav-
ior of melanoma remains unclear.

Cancer therapy might be accelerated by tech-
nologies that assess the malignant, micro-envi-

ronmental, and immunologic states most likely
to be informative about cancer development,
treatment response and resistance. Previously,
tumor state would be assessed by quantify-
ing variation in oncogenic signaling pathways
according to the mixed dataset of immune, stro-
mal and other cells. Compared with scRNA-seq,
traditional RNA-seq and network analysis meth-
ods are limited to heterogeneous cells instead
of single cells and result in the erased charac-
ter of each cell population. Single-cell genomic
approaches enable detailed evaluation of
genetic and transcriptional features presented
in individual cells per tumor. In principle, this
approach may identify all major cellular compo-
nents simultaneously, the heterogeneity and
functional diversity among cell populations can
be revealed and new cell types with distinct
functions may be discovered [5-8].

Here, we analyzed the intratumoral heterogene-
ity in melanoma using published scRNA-seq [9].
In our study, both malignant and non-malignant
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cell types and states, their drivers and interre-
lationships in the complex tumor cellular eco-
system were explored. In addition, differentially
expressed genes (DEGs) of each cell subtype
were identified and specific networks about the
pathway, biological process (BP), cellular com-
ponent (CC) and molecular function (MF) were
also constructed. By combining with the clinical
dataset in TCGA, the significance of DEGs was
further confirmed. A reference map of the mela-
noma landscape at single-cell resolution is
critical to understanding the pathogenesis and
treatment. This transcriptomic map serves as a
fundamental baseline description for human
melanoma (Sketch Map 1).

Methods
ScRNA-seq and data processing

Science the experiment details were described
in Tirosh’s paper, we thus introduce the whole
process in brief. Resected tumors were rinsed
with PBS and transported in DMEM on ice
immediately after surgical procurement. Small
fragments were stored in RNA-protect for bulk
RNA and DNA isolation. Tumor pieces were
digested for 10 minutes at 37°C, then vortexed
for 10 seconds and pipetted up and down for 1
min using pipettes. After filtering with 70 ym
nylon mesh, the suspension was supplemented
with 30 ml PBS include 2% fetal calf serum
(FCS) and immediately placed on ice. After cen-
trifuging at 580 g at 4°C for 6 minutes, the
supernatant was discarded and the cell pellet
was re-suspended in PBS.

After sorted single cells via FACS, RNA and DNA
were isolated using Qiagen mini kit following
the manufacturer’s recommendations. Whole
transcriptome amplification (WTA) was per-
formed with a modified SMART-Seq2 protocol
[10, 11]. WTA products were cleaned with
Agencourt XP DNA beads and 70% ethanol and
Illumina sequencing libraries were prepared
using Nextera XT (lllumina, San Diego, CA).
Whole-exome of samples were sequenced on
an lllumina NextSeq 500 instrument using 30
bp paired-end reads. All sample pairs passed
the Firehose pipeline including a QC pipeline to
test for any tumor/normal and inter-individual
contamination as previously described [14,
15]. The MuTect algorithm was used to identify
somatic mutations [15] and reduce false posi-
tive cells. Somatic mutations including single-
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nucleotide variants, insertions, and deletions
were annotated using Oncotator [16].

T-SNE analysis and cell type classification

ALONA (https://alona.panglaodb.se/index.html)
is a cloud-based bioinformatics service de-
signed to analyze scRNA-seq data. ALONA per-
forms advanced visualization, processing and
cell type prediction from scRNA-seq using
machine learning models to achieve accurate
inference of biological cell types. ALONA cur-
rently works with scRNA-seq data from mouse
and human. We upload processed files with
default parameters (hard thresholds of quality
filtering, median cell cluster statistic, small
cluster resolution and without removing mito-
chondrial genes). In 2D-t-SNE map, cells were
clustered and colored by cell type based on
unique marker genes. After analysis, the top 20
expressed genes and marker genes per cluster
were also listed.

In addition to ALONA, another online interactive
software named ASAP (Automated Single-cell
Analysis Pipeline, https://asap.epfl.ch/) was
also used in our study. ASAP combines a wide
range of commonly used algorithms with
sophisticated visualization tools. It allows
researchers to interact with the data in a
straightforward fashion and in real time [18].
Once uploaded sequencing files with filtering
and normalization, -SNE map was generated
with default parameters (perplexity = 30 and
theta = 0.5). Trajectory analysis could be per-
formed with a global gene set via DDRTree
reduction method and the single cell was col-
ored by state or pseudotime.

To identify sub-clusters within these eight cell
types, we reanalyzed cells belonging to each of
these types separately. Specifically, we applied
dimensionality reduction in each cell type using
t-SNE analysis from ALONA with default param-
eters. Each cell type was reclustered by its prin-
ciple components. Notably, sub-clustering was
robust to alterations in the number of principal
components, in the resolution or in the K
parameter. We next inputted group files obtain
from ALONA and screened DEGs with FDR <
0.05 and fold change > 2.

Comprehensive analysis of cell type-specific
functions

To assess differential activities of pathways or
gene ontology (GO) between sets of cells (for
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example, derived from malignant or non-malig-
nant cells, or belonging to different sub-clus-
ters), DEGs visualized with volcano plots
or heatmaps should be identified firstly
from ASAP. NetworkAnalyst (https://www.net-
workanalyst.ca/NetworkAnalyst/faces/home.
xhtml) [19], a visual analytics platform for com-
prehensive gene expression profiling were used
to enrich significant pathways and GO functions
(Benjamini-Hochberg-corrected p-value < 0.05)
which compared with DAVID results (https://
david.ncifcrf.gov/). Click “Gene list input” but-
ton and input DEGs include up- and down-regu-
lated genes followed by DEGs-pathways or -GOs
networks constructed which were significantly
regulated.

To assess the role of DEGs in melanoma
patients, the expression of them in bulk RNA-
seq data from TCGA were abtained. Briefly, in
cBioPortal (https://www.cbioportal.org/), se-
quencing data of 479 melanoma patients were
selected to test the role and variation of DEGs
in different melanocyte subtype (i.e. malignant
vs. non-malignant). In addition, via GEPIA (gene
expression profiling interactive analysis, http://
gepia.cancer-pku.cn/index.html), the survivor-
ship curves (overall survival and disease-free
survival) of DEGs were calculated with median
group cutoff (50% cutoff-high, 50% cutoff-low)
[20]. Furthermore, the immunohistochemical
results of specific genes in melanoma were
obtained from The Human Protein Atlas
(https://www.proteinatlas.org/).

Statistical analysis

Statistical analysis for zonation figures was per-
formed using GraphPad Prism v5.0. The utilized
statistical test is listed in each figure caption.
The melanoma sequencing samples from TCGA
database were adequate because sufficient
power using equivalent tests was observed in a
previous study. To test for differential expres-
sion across two groups (tumor and normal), the
R package DESeq2 was used on raw count
data [21]. For comparison of 2 groups, the two-
side Student’s t-test and Wilcoxon-rank sum
test was used. The p-values were adjusted by
the Benjamini-Hochberg method. ***P <
0.001, **P < 0.01, *P < 0.05, ns = not sig-
nificance (P > 0.05).
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Results
The landscape of individual cells in melanoma

Tumor mass is made up of tumor cells but also
stromal cells that enable them to live and grow,
endothelial cells, infiltrating immune cells,
fibroblasts and a complex extracellular matrix
that form the local tumor environment [22].

As described in Tirosh et al. (2016) study, 4645
cells (after filtering out low viability cells) from
19 tumors were captured. After sequencing
and normalization, we performed t-distributed
stochastic neighbor embedding (t-SNE) to gen-
erate a two-dimensional (2D) map of all cells to
visualize the transcriptomic landscape. Finally,
via k-means clustering, 25 discrete cell clusters
were identified (Figure 1A). We inferred the cell
types of the resulting clusters from the t-SNE
analysis by identifying significant genes and
compared with the cell marker database (Figure
S1; Supplementary File 1). In total, 8 cell types
were clustered including ECs (cluster 19 and
22), macrophages (cluster 6), fibroblasts (clus-
ter 17 and 20), melanocytes (cluster 4, 8, 16
and 18), podocytes (cluster 7, 9, 10, 11 and
21), Bcells (3, 23, and 24), T cells (cluster 1, 2,
5, 12, 13 and 15) and MTCs (cluster 14 and
25). To further analyze each cell population,
another t-SNE map was generated via ASAP
(Figure 4B). Importantly, when comparing
patients, cell clusters in melanoma were highly
patient-specific (Figure 1C and 1D). The per-
cent of each main cell cluster in melanoma
samples was different. It might suggest differ-
ent cell constituents lead to various tumor
states. Tumors differ from normal tissue often
because of the presence of malignant cells. To
identify the relation between malignant cells
and metastasis, we calculated the percent of
malignant cells in each cell population (Figure
1E and 1F). Interestingly, in addition to melano-
cytes, about 20% of fibroblasts were malignant.
It has been reported that fibroblasts could pro-
mote the invasion and migration of malignant
melanocytes [23]. Thus, we suppose that CAF
plays a complementary role in constructing a
microenvironment for melanocyte transfer.
Because of heterogeneity, the same kind of
cells would be clustered into various subtypes.
Therefore, greater details of the main cell types
should be explored.
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Figure 1. The main cell population identified and subpopulation analysis. A. T-SNE projection of 4645 cells from
ALONA (each point represents a single cell), labeled with cell lineage. Cells are grouped by colors representing unsu-
pervised clustering results. B. T-SNE projection of all cells from ASAP, colored by cell type. C. The proportion of cells
that contributed to each cluster by melanoma sample. D. T-SNE projection of all cells from ASAP, colored by tumor
samples. E. Proportions of malignant vs. non-malignant cells of 8 main cell populations. F. T-SNE projection of all
cells from ASAP, colored by cell character. t-distributed stochastic neighbor embedding (t-SNE).

ECs and tissue or tumor and normal tissue. Despite

a simple phenotype, ECs play a critical role in a
ECs line the inner surface of blood vessels and variety of physiological processes, including
constitute a selective barrier between blood the maintenance of blood fluidity and immunity
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[24]. Unnormal vasculature in tumors might
promote cancer development. Tumor ECs regu-
late several aspects of tumor biology, from
delivering oxygen and nutrients to shaping the
immune response and providing a barrier
against tumor cell metastasis. Targeting tumor
ECs represents an important modality in can-
cer therapy [25]. However, ECs in melanoma
are not identical and need a systematized
study.

Aggregately 74 ECs were identified with marker
genes and executed cluster analysis again via
ALONA (Figure 2A; Supplementary File 2). 2
clusters (n = 39, n = 35) were distinguished
with high expression of a ribosomal protein
family. In addition, 183 DEGs (log FC > 2:
SPARCLZ, IFI27,IFITM1, AQP1, NRP1, COL15A1,
RNASE1, SPARC, NOTCH4, DARC, ELTD1,
CCL21, NTS, EFEMP1, TFF3, LYVEL1, MMRN1,
PROX1, DKK3, PDPN, SEMA3A, CXCR7, RBP1
and MFAP2) between 2 clusters were screened
(Figure 2B-D) followed by pathway and GO
enrichment. The most significantly different
pathway and GO are hematopoietic cell lineage
(pathway, FDR = 0.000465), response to
wounding (BP, FDR = 0.000232), extracellular
region part (CC, FDR = 7.39E-12) and collagen
binding (MF, FDR = 0.00315) respectively
(Figure S2). The heterogeneity of cells may be
caused by the various states and development
of cells. Thus, we performed both state (Figure
2E) and pseudotime (Figure 2E) trajectory anal-
ysis according to the pathway and GO. Through
comparing DEG-sets involved in the above
pathway and GO, 4 genes (CD34, FN1, PDGFA
and SPARC) were associated with more than 3
functions and the expression level of single
cells was shown by t-SNE (Figure 2E). It has
been demonstrated that CD34 immunoreactiv-
ity closely parallels both the different morpho-
logic steps of melanoma progression and the
presence of aggressive behavior. CD34 might
be related to endothelial trans-differentiation
of melanoma cells [26]. PDGFA was also veri-
fied to influence tumor progress via tumor vas-
culature [27, 28]. Furthermore, the 16 DEGs
(NOTCH4, IL3RA, LAMA5S, JAG2, LPARG, NQO1,
FzZD4, LAMA4, IL7, FN1, JUP, FLT4, PDGFA,
GNG12, TGFA and IGF1) were enriched in path-
ways in cancer.

Hence, we supposed that different EC subtypes
could mediate melanoma via DEG expression
profiles. This transcriptional profile of ECs can

2350

serve as a reference point for assessing the
physiological nature of melanoma.

CAF

Among all cells, fibroblasts have strong adapt-
ability and stress tolerance due to their intrinsic
survival programs and cellular plasticity. Cancer
is associated with fibroblasts at all stages of
disease progression. Cancer-associated fibro-
blasts (CAFs) might synthesize different tumor
components that create tumor microenviron-
ments and resistance to chemotherapy. The
pleiotropic actions of CAFs in cancer are prob-
ably reflective of their heterogeneity and plas-
ticity [29]. CAF can be roughly divided into rest-
ing fibroblasts and functional fibroblasts just
like T cell differentiation.

In our samples, 105 fibroblasts were detected.
Sub clustering revealed three distinct subtypes
(n =47, n =37 and n = 21). After comparing a
single cluster vs. all other cells, 3 DEG sets
were identified and shown by heatmap (Figure
3A-D; Supplementary File 3). Function enrich-
ment analysis for each DEG-set was performed
and obtain the intersection items via overlaying
(Figure S3). Finally, focal adhesion, extracellu-
lar structure organization, vacuolar part and
integrin binding were selected to process tra-
jectory analysis as described above (Figure
3E). Each function could involve some DEGs,
whose occurrence numbers greater than aver-
age were defined as hub genes. For example,
integrin subunit alpha 5 (ITGA5), produces an
integrin alpha chain that functions in cell sur-
face adhesion and tumor invasion [32]. Decorin
(DCN), as an important component of the extra-
cellular matrix (ECM), is a small leucine-rich
proteoglycan and synthesized by fibroblasts. It
has been reported in renal cell carcinoma, DCN
was decreased in cancerous tissues and highly
correlated to tumor size [33]. In addition, matrix
metalloproteinase 2 (MMP-2) [34] and glyco-
protein non-metastatic B (GPNMB) [35] from
CAF were also confirmed to influence tumor cell
invasion and metastasis.

CAFs participate in tumorigenesis, metastasis,
metabolism, immunity, and can function as
positive or negative regulators of tumor growth
[36-39]. Therefore, the analysis of CAF hetero-
geneity provides a point of reference for exam-
ining the role of CAFs subsets in the establish-
ment and progression of melanoma.

Am J Transl Res 2023;15(4):2345-2369
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Figure 2. The clustering and characteristic description of EC subtypes. A and B. The t-SNE plots of 74 ECs generated
from ALONA and ASAP were colored by subtypes. C. The volcano plot of DEGs (G 1 vs. G 2), each dot represents
a gene. The gray ones represent genes without significant difference while the green and red ones represent de-
creased and increased genes in group 1, respectively. D. The heatmap of DEGs, the legend for relative expression
from lowest expression (blue) to highest expression (yellow) (top right). E. The first two columns are trajectory analy-
sis of ECs based on hematopoietic cell lineage (pathway), response to wounding (BP), extracellular region part (CC)
and collagen binding (MF). The last column showed expression of 4 specific genes (CD34, FN1, PDGFA and SPARC)
via t-SNE. The legends represent different states and levels locate at right. t-distributed stochastic neighbor embed-
ding (t-SNE), differently expressed genes (DEGSs).
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Figure 3. The clustering and characteristic description of CAF subtypes. A and B. The t-SNE plots of 105 CAFs gener-
ated from ALONA and ASAP were colored by subtypes. C. The volcano plots of DEGs (G 1vs. G 2,3;G2vs. G 1,3
and G 3 vs. G 1, 2), each dot represents a gene. The gray ones represent genes without significant difference while
the green and red ones represent decreased and increased genes in each group respectively when compared with
other CAFs. D. The heatmap of DEGs, the legend for relative expression from lowest expression (blue) to highest
expression (yellow) (top right). E. The first two columns are trajectory analysis of CAFs based on focal adhesion (path-
way), extracellular structure organization (BP), vacuolar part (CC) and integrin binding (MF). The last column showed
expression of 4 specific genes (ITGA5, MMP2, DCN and GPNMB) via t-SNE. The legends represent different states
and levels locate at right. t-distributed stochastic neighbor embedding (t-SNE), differently expressed genes (DEGSs).

Table 1. Characteristic markers of M1 and M2 macrophages

Cell type Recognized markers References
M1 macrophages CD80+, CD86+, TNF-a, VEGF, SOCS3, CCR7 [72-77]
M2 macrophages CD163, IL-10, SOSC1/2, CD206, CCL-18, PDGF-BB, MMP [77-80]

Macrophage

Macrophages are widely distributed innate
immune cells that play indispensable roles in
promoting tumor angiogenesis, growth, metas-
tasis, and immunosuppression through secret-
ing cytokines, chemokines, and proteases.
Macrophages can be activated by an abun-
dance of stimuli and polarized into 2 distinct
subsets, classically activated (M1) and alterna-
tively activated (M2) macrophages [40]. The
particular markers for all subtypes of macro-
phages were listed in Table 1. In most tumors,
the infiltrated macrophages are considered to
be of the M2 phenotype, which provides an
immunosuppressive  microenvironment  for
tumor growth. However, as reported recently,
macrophages in the tumor have a special tran-
sition period from M1 to M2 phenotype, which
suggests there is another phenotype in the
whole tumor progression.

In our study, 3 types were clustered via recog-
nizing difference transcriptome and shown with
t-SNE maps (Figure 4A and 4B; Supplementary
File 4). There are 95, 93 and 52 DEGs in cluster
1, 2 and 3, respectively compared with other
cells. After function enrichment and intersec-
tion (Figure S4), NF-kB signaling pathway,
immune effector process, extracellular space
and heparin binding were the most significant
different functions among 3 macrophage
types. Besides, it was found that tumor necro-
sis factor alpha-induced protein 3 (TNFAIP3),
interleukin-13 (IL1B), interleukin 1 receptor
antagonist (IL1RN) and SELL are the most fre-
quent genes in these functions. TNFAIP3, an
anti-inflammatory protein implicated in multiple
autoimmune and regulated by NF-kB, has been

2353

demonstrated that dysregulated expression
may be a contributor to excessive inflammatory
responses [41]. IL1B is abundant in the tumor
microenvironment, where this cytokine can pro-
mote tumor growth, but also antitumor activi-
ties. IL-1B could mediate the recruitment and
differentiation of inflammatory monocytes like
macrophages. Furthermore, it has been veri-
fied that IL1B from M2 macrophages promotes
migration and invasion of esophageal squa-
mous cell carcinoma enhancing epithelial-mes-
enchymal transition and activating NF-kB sig-
naling pathway [42]. Besides, ILIRN was
reported to promote macrophage polarization
[43] and SELL was considered as pro-inflam-
matory mediators like IL-1B [44] (Figure 4C-E).

B cells

B cells represent 15-20% of all infiltrating lym-
phocytes, besides, it was confirmed that in
thicker tumors and primary melanomas, B cell
was recruited and associated with a lower risk
of metastasis and longer survival [45-48].
Analysis of 329 melanoma specimens obtained
from TCGA showed that patients with the high
immune response not only contain infiltrative T
cells, B cells were also detected [49]. In addi-
tion, patient-derived B cells can kill melanoma
cells in vitro by antibody dependent cellular
cytotoxicity (ADCC) [50]. However, in the tumor
immune microenvironment, each B cell cluster
might play a distinct role in different tumor
stages. Thus, studying the variation of gene
expression and functions between B cell clus-
ters is necessary.

As the same analysis pipeline above, 5 sub-
types were identified. Interestingly, just No.5

Am J Transl Res 2023;15(4):2345-2369
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Figure 4. The clustering and characteristic description of macrophage subtypes. A and B. The t-SNE plots of 179
macrophages generated from ALONA and ASAP were colored by subtypes. C. The volcano plots of DEGs (G 1 vs. G 2,
3;G2vs.G1,3and G3vs. G 1, 2), each dot represents a gene. The gray ones represent genes without significant
difference while the green and red ones represent decreased and increased genes in each group respectively when
compared with other macrophages. D. The heatmap of DEGs, the legend for relative expression from lowest expres-
sion (blue) to highest expression (yellow) (top right). E. The first two columns are trajectory analysis of macrophages
based on the NF-kappa B signaling pathway (pathway), immune effector process (BP), extracellular space (CC) and
heparin binding (MF). The last column showed expression of 4 specific genes (TNFAIP3, IL1B, ILAIRN and SELL) via
t-SNE. The legends represent different states and levels locate at right. t-distributed stochastic neighbor embedding

(t-SNE), differently expressed genes (DEGS).

cluster appeared DEGs (152 down-regulated
genes and 582 up-regulated genes) when
compared with other cells (Figure 5A-D;
Supplementary File 5; Figure S5). We speculat-
ed the basis of clustering may depend on the
appearance of marker genes, not expression
level. All DEGs were enriched in 42 pathways
(protein processing in endoplasmic reticulum),
120 BP items (Protein N-linked glycosylation),
68 CC items (Organelle membrane) and 29 MF
items (Oxidoreductase activity, acting on
NAD(P)H) (Figure S6). Through trajectory analy-
sis based on the most enriched functions, all B
cells could be divided into various state levels
(Figure 5E). According to the occurrence fre-
quency of DEGs in enriched function, 4 signifi-
cant genes (i.e. EDEM1, LMAN1, CALR and
NDUFA1) were shown with t-SNE. Nevertheless,
scarcely any studies were searched and the
mechanism should be further explored.

T cell

T lymphocytes have a major role in the antitu-
mor immune responses and are the dominant
elements in the tumor microenvironment. A
total of 2250 cells were recognized as T lym-
phocytes, the largest population in our study.
Go through clustering, 7 communities were
identified which belong to 3 subtypes (T cell:
cluster 1 and 5; T memory cell: cluster 2, 3, 4
and 7; NK cell: cluster 6) (Figure 6A-C;
Supplementary File 6). Each cluster was com-
pared with other T cells, DEGs were screened
(Figure 6D). Remarkably, only 40 down-regulat-
ed genes (Top 10: LSP1, IL2RG, TPI1, NKG7,
RAC2, ATP5B, TAP1, RHOA, CD27 and ALDOA)
were detected in cluster 3 while in cluster 4,
only 14 up-regulated genes (Top 10: PMEL,
CD63, CST3, APOE, HSPB1, GPNMB, PRAME,
TYR, ANXA5 and WARS) were identified (Figure
7C). It suggested that cluster 3 or 4 may just
exhibit loss or addition of functions, respective-
ly. Each DEG set performed function enrich-
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ment analysis (Figure S7). The antigen process-
ing and presentation pathway were enriched in
cluster 1, 2, 3, 5 and 7, not in cluster 6 (NK
cell). The cell activation and cell surface were
enriched in cluster 1, 2, 3, 4, 6 and 7, not in
cluster 5 (T cell). The cytokine receptor activity
was enriched in cluster 1, 2, 3, 6 and 7, not in
cluster 4 and 5 (T memory cell and T cell). In
addition, the functions of DEGs among 3 main
subtypes were also enriched (Figure S8). There
are 89,104 and 57 DEGs in NK cell vs. T cell,
NK cell vs. T memory cell and T cell vs. T mem-
ory cell comparisons, respectively.

T cells, the largest group in our study act as an
important part of tumor immunity. Once receiv-
ing antigen signal, the differentiation into T cell
subtypes with specific functions is very com-
plex. Thus, trajectory analysis depends on
important functions were performed and the T
cells were divided according to the cell state or
pseudotime (Figure 6E). Similarly, 4 genes
(CD4, TIGIT, HLA-DRB1 and IL2RB) with the
most frequency were shown by t-SNE. CD4, a
membrane glycoprotein of T lymphocytes that
could interact with major histocompatibility
complex class Il (MHC-II) antigens and initiate
or augment the early phase of T-cell activation
[53]. TIGIT, is an inhibitory receptor expressed
in activated T cells, Tregs, and NK cells. It was
determined that TIGIT was upregulated and
regulated the expansion and function of tumor-
infiltrating CD8+ T cells in melanoma patients,
associated with programmed cell death protein
1 (PD-1) [54]. HLA-DRB1 and IL2RB were also
confirmed to take part in T cell-mediated
immune response [55] while the detailed
molecular mechanisms were still covered.

MTCs
Immunogenicity of human malignant melano-

ma is well documented, including antigen iden-
tification of melanoma and spontaneous tumor
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Figure 5. The clustering and characteristic description of B cell subtypes. A and B. The t-SNE plots of 597 B cells
generated from ALONA and ASAP were colored by subtypes. C. The volcano plots of DEGs (G 5 vs. G 1, 2, 3 and
4), each dot represents a gene. The gray ones represent genes without significant difference while the green and
red ones represent decreased and increased genes respectively. D. The heatmap of DEGs, the legend for relative
expression from lowest expression (blue) to highest expression (yellow) (top right). E. The first two columns are
trajectory analysis of B cells based on protein processing in the endoplasmic reticulum (pathway), protein N-linked
glycosylation (BP), organelle membrane (CC) and oxidoreductase activity, acting on NAD(P)H (MF). The last column
showed expression of 4 specific genes (EDEM1, LMAN1, CALR and NDUFA1) via t-SNE. The legends represent dif-
ferent states and levels locate at right. t-distributed stochastic neighbor embedding (t-SNE), differently expressed
genes (DEGs).
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the green and red ones represent decreased and increased genes. E. The first two columns are trajectory analysis of
T cells based on antigen processing and presentation (pathway), cell activation (BP), cell surface (CC) and cytokine
receptor activity (MF). The last column showed expression of 4 specific genes (CD4, TIGIT, HLA-DRB1 and IL2RB) via
t-SNE. The legends represent different states and levels locate at right. t-distributed stochastic neighbor embedding

(t-SNE), differently expressed genes (DEGSs).

regressions thereby providing convictive evi-
dence for T cells induced antitumor immunity
[56, 57]. The presence of tumor-antigen stimu-
lates naive T cells to differentiate into memory
and effector T cells to eliminate abnormal cells.
In this respect, antigen-specific memory T cells
are significant because they are known to react
to antigens faster and stronger than naive T
cells by increased proliferation. In addition,
they release a broader spectrum of cytokines
and need less co-stimulation by particular anti-
gen presenting cells [58-60]. While surgery cur-
rently remains the primary cure for solid tumors,
memory T cell responses may be required for
the durable prevention of tumor recurrence and
metastasis following excision [61]. Traditionally,
tumor-infiltrating T memory cells could also be
divided into 2 subtypes (i.e. CD8+ and CD4+),
also 3 types (i.e. central memory T cells, effec-
tor memory T cells and migratory memory T
cells), and sufficiently suggested heterogeneity
of memory T cell.

A total of 101 memory T cells were clustered
into 3 populations via ALONA (Figure 7A and
7B; Supplementary File 7). After pairwise com-
parison, 3 DEG sets were executed function
enrichment analysis (Figure S9). Furthermore,
11 pathways (apoptosis), 33 BPs (apoptotic
process), 12 CCs (external side of plasma mem-
brane) and 5MFs (cysteine-type endopeptidase
regulator activity involved in the apoptotic pro-
cess) were enriched from 3 DEG sets simulta-
neously (Figure 7D). It may suggeste the devel-
opmental trajectory of 3 subtypes was strongly
associated with apoptosis. By trajectory analy-
sis (state and pseudotime), the differentiation
nodes and classified clusters were detected. 4
DEGs (TNFRSF1A, CDKN1A, MS4A1 and
TNFAIP3) with the most frequency in above
functions were shown by t-SNE. However, the
evidence that could support these four genes’
immune role in melanoma is scarce (Figure 7E).

Currently, diagnosis, prognosis and therapy of
melanoma are based on the TNM staging sys-
tem, which includes clinic-pathological factors:
tumor thickness, ulceration, mitotic rate, senti-
nel lymph node status and metastases [62].
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However, traditional classification cannot diag-
nose the distinct progression and precise treat-
ments may not be found. It implied the new
parameters that stratify tumor state accurately
was urgently needed. Profound evaluation of
tumor immune cells can enlighten the way to
new and effective solutions for melanoma
patients.

Melanocytes and podocytes

Although various cell clusters like endothelial
cells, CAFs and immune cells contribute to the
tumor microenvironment formation, the main
cause of melanoma is melanocyte variation.
However, the cancer cells in melanoma also
present heterogeneous phenotypes and result
in different abilities of invasion and drug resis-
tance. Hence, analyzing the differences
between melanocyte groups could provide a
new and comprehensive view of melanoma.

Firstly, follow in the regular analysis process,
764 melanocytes were clustered into 6 groups
and the DEGs of each group were shown by vol-
cano plots and heatmaps (Figure 8A-D;
Supplementary File 8). After enrichment analy-
sis, trajectory analysis based on ECM-receptor
interaction, negative regulation of the apoptotic
process, cytoplasmic vesicle part and enzyme
inhibitor activity were performed (Figures 8E
and S10). Interestingly, it was found that lots of
enriched CC items were associated with vesi-
cles, which may science the active metabolism
in cancer cells. The expression of 4 genes
(ITGA3, ANXA1, CD9 and SERPINA1) with the
most frequency was shown by t-SNE maps. In
addition, according to the clinical data of 479
melanoma patients from TCGA, the survivor-
ship curve (overall survival and disease-free
survival) was calculated. The results suggested
that either ANXA1 or SERPINA1 with low levels
would increase the risk of poor prognosis
(Figure 8F). Moreover, through comparing with
the tSNE map colored by tumor samples
(Figure S11), it was found that only in tumor 79,
3 subtypes (cluster 1, 2 and 3) were identified
and these 4 genes were expressed with higher
levels. Notably, ITGA3, ANXA1 and CD9 were
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Figure 7. The clustering and characteristic description of memory T cell subtypes. A and B. The t-SNE plots of 101
memory T cells generated from ALONA and ASAP were colored by subtypes. C. The volcano plots of DEGs (G 1 vs. G
2,3;G2vs.G1,3and G3vs. G 1, 2), each dot represents a gene. The gray ones represent genes without signifi-
cant difference while the green and red ones represent decreased and increased genes in each group respectively
when compared with other memory T cells. D. The heatmap of DEGs, the legend for relative expression from lowest
expression (blue) to highest expression (yellow) (top right). E. The first two columns are trajectory analysis of memory
T cells based on apoptosis (pathway), apoptotic process (BP), external side of plasma membrane (CC) and cysteine-
type endopeptidase regulator activity involved in the apoptotic process (MF). The last column showed expression
of 4 specific genes (TNFRSF1A, CDKN1A, MS4A1 and TNFAIP3) via t-SNE. The legends represent different states
and levels locate at right. t-distributed stochastic neighbor embedding (t-SNE), differently expressed genes (DEGSs).

verified to influence melanoma invasion [63-
65]. Even though no evidence proven the role of
SERPINA1 in melanoma, it has been confirmed
that SERPINA1 could promote tumor progres-
sion and predict prognosis in colorectal cancer
[66].

Because the largest danger of melanoma is
malignant invasion, exploring the potential
mechanism of malignancy may be the most
fundamental task. According to Itay Tirosh’s
research [9], all melanocytes were divided into
3 populations, malignant type, non-malignant
type and unresolved type (Figure S12). In
total, 6 down-regulated and 56 up-regulated
genes were screened in malignant melano-
cytes compared with non-malignant ones.
Analyzing in TCGA, the mutation rate of 19
genes (down-regulated: PHGDH and RNF19A;
up-regulated: DUSP23, SHC1, CSRP1, HAX1,
TMED3, SUPT4H1, HIST2H2AA3, SERING3,
CTSA, CCDC47, S100A13, LGALS3BP, RPN2,
CD164, XRCCB, LAGLS1 and SARAF) were more
than 10% (Figure 9A). By calculating the sur-
vival curve of mutant genes, only 5 genes
(PHGDH, RNF19A, CD164, CSRP1 and LAGLS1)
have a significant difference between high and
low expression levels (Figure 9B and 9C). From
The Human Protein Atlas, immunohistochemi-
cal photographs of normal tissue and melano-
ma were obtained. These results further con-
firmed the expression trend of these 5 genes
(Figure 9D and 9E). Moreover, there were no
DEGs in the unresolved group when compared
with either malignant type or non-malignant
type may because this group is in transition
from non-malignant to malignant.

Normally, podocytes could be found in the kid-
ney and maintain the glomerular filtration bar-
rier [67]. However, it was detected in our analy-
sis, which may be due to the unspecific markers
causing “illusion”. By further predictions, it was
supposed to be a melanocyte and some basal
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cells (Figure 10A and 10B; Supplementary File
9). The DEGs from all 6 clusters were performed
enrichment analysis and the most significant
functions (i.e. cell adhesion molecules, pig-
ment biosynthetic process, cytoplasmic vesicle
and identical protein binding) were also used
to do trajectory analysis (Figures 10C-E, S13).
Notably, the pigment biosynthetic process
which was enriched in 6 sub-clusters further
confirmed that most podocytes were neglected
melanocytes. Nevertheless, these “possible”
melanocyte clusters may be different from the
“true” melanocyte groups in some ways need
further research.

Discussion

Melanoma is one of the immunogenic skin can-
cer with complex ecosystems and is often
associated with drug resistance causing poor
curative effect. We speculated that these phe-
nomena might be due to the cell heterogeneity
in the tumor microenvironment. Thus, 4645
cells extracted from 19 melanoma samples
were clustered and studied by function enrich-
ment and trajectory analyses. A total of 8 cell
types were identified and immune cells (179
macrophages, 597 B cells, 2250 T cells and
101 T memory cells) occupied the maximum
ratio. Strangely, dendritic cells (DCs), profes-
sional antigen-presenting cells with a crucial
role in the induction of antitumor responses
were not detected in our clustering. In Nedelcu
et al.’s study, the immunohistochemical study
revealed that DCs are more frequent in tumor
regressed areas, compared with non-regressed
ones like the samples in our study [68]. Hence,
we summarized 2 possible causes that result in
DCs disappearance. On the one hand, when
cells were sorted by flow cytometry, DCs were
ignored because of the marker genes and
the resolution. In addition, filtering and normal-
ization may also cause data loss. On the
other hand, with melanoma development and
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Figure 8. The clustering and characteristic description of melanocyte subtypes. A and B. The t-SNE plots of 764 melanocytes generated from ALONA and ASAP were
colored by subtypes. C. The volcano plots of DEGs in each group when compared with other melanocytes, each dot represents a gene. The gray ones represent
genes without significant difference while the green and red ones represent decreased and increased genes in each group respectively when compared with other
melanocytes. D. The heatmap of DEGs, the legend for relative expression from lowest expression (blue) to highest expression (yellow) (top right). E. The first two
columns are trajectory analysis of melanocytes based on ECM-receptor interaction (pathway), negative regulation of apoptotic process (BP), cytoplasmic vesicle
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part (CC) and enzyme inhibitor activity (MF). The last column showed expression of 4 specific genes (ITGA3, ANXA1, CD9 and SERPINA1) via t-SNE. The legends
represent different states and levels locate at right. F. The curves of overall survival and disease-free survival about above 4 genes were calculated based on TCGA.

t-distributed stochastic neighbor embedding (t-SNE), differently expressed genes (DEGs), The Cancer Genome Atlas (TCGA).
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Figure 9. The DEGs of malignant melanocytes vs. non-malignant melanocytes. A. Panoramic map of DEGs’™ muta-
tion in 479 melanoma patients from TCGA. Different colored markers represent different mutation types and the
mutation rates of DEGs were list on left. The gene with more than 10% mutation was marked by a red box. B and C.
The expression level of DEGs (PHGDH, RNF19A, CD164, CSRP1 and LGALS1) in each melanocyte and the curves of
overall survival and disease-free survival were calculated. D and E. The immunohistochemical results of DEGs from
normal and tumor tissues. differently expressed genes (DEGs), The Cancer Genome Atlas (TCGA).

A B D

-SNE of podocyte

« B E —

i RS Eas- By
. A DRl EEIE EEEE |
\‘%‘. %&’ = E il

SNE component |

G1 vs all other cells G2 vs all other cells G3 vs all other cells G4 vs all other cells G5 vs all other cells G6 vs all other cells

Negative og10 Vansiomed e

2364 Am J Transl Res 2023;15(4):2345-2369



Analysis of melanoma heterogeneity

Figure 10. The clustering and characteristic description of podocyte subtypes. A and B. The t-SNE plots of 572 podo-
cytes generated from ALONA and ASAP were colored by subtypes. C. The volcano plots of DEGs in each group when
compared with other podocytes, each dot represents a gene. The gray ones represent genes without significant
difference while the green and red ones represent decreased and increased genes in each group respectively when
compared with other podocytes. D. The heatmap of DEGs, the legend for relative expression from lowest expression
(blue) to highest expression (yellow) (top right). E. The first two columns are trajectory analysis of melanocytes based
on cell adhesion molecules CAMs (pathway), pigment biosynthetic process (BP), cytoplasmic vesicle (CC) and identi-
cal protein binding (MF). The last column showed expression of 4 specific genes (ITGA3, ANXA1, CD9 and SERPINA1)
via t-SNE. The legends represent different states and levels locate at right. t-distributed stochastic neighbor embed-
ding (t-SNE), differently expressed genes (DEGs), The Cancer Genome Atlas (TCGA).

increased malignancy, the immune defense
was disintegrated and tumor microenvironment
was no longer suitable for DC survival. Mature
DCs are mainly distributed at the pretumorally
stage of melanoma further confirming our
hypothesis [69].

Although the tumor microenvironment plays an
important role in the migration and invasion of
melanoma, the essential reason is the pres-
ence of malignant cells. In Tirosh et al. research,
1257 malignant cells from 15 tumor samples
were screened. In CancerSEA, we found that
the gene expression level, copy number of each
chromosome and 14 function states (eg. angio-
genesis, apoptosis) of each tumor sample were
different at single-cell resolution (Figure S14).
From this view, the heterogeneity of different
samples was confirmed again. Furthermore, by
contrasting various DEG-sets of 6 melanocyte
subtypes clustered by ALONA, only dopach-
rome tautomerase (DCT) and apolipoprotein C2
(APOC2) appeared in all DEG-sets. The role of
DCT in melanoma has been verified while no
evidence could confirm APOC2’s function in
melanoma [70]. Through analysis in CancerSEA,
the correlation between APOC2 and metastasis
is significant (correlation strength > 0.3, P <
0.01) (Eigures S15 and S16). APOC2 partici-
pates in the cholesterol metabolism pathway
and a low level of cholesterol might inhibit
melanoma migration [71]. In one word, APOC2
may play a crucial role in melanocyte
heterogeneity.

The microenvironment in melanoma is very
complex. The differences between various sub-
types in one single cell lineage and the interac-
tion networks between different cell lineages
will lead to the specificity of tumor. In the pres-
ent study, we just provided a brief macroscopic
description of the melanoma heterogeneity, so
lots of important molecules and networks can-
not be described fully. Further research needs
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to be carried out on melanoma and hopes to
provide a new vision for proper therapeutic
strategy.
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