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Yutao Wang, China Medical University, ChinaThe tumor microenvironment
(TME) has been shown to impact the prognosis of tumors in patients including
cutaneous melanoma (CM); however, not all components of TME are
important. Given the aforementioned situation, the functional immune cell
contents correlated with CM patient prognosis are needed to optimize present
predictive models and reflect the overall situation of TME. We developed a
novel risk score named core tumor-infiltrating immune cell score (cTICscore),
which showed certain advantages over existing biomarkers or TME-related
signatures in predicting the prognosis of CM patients. Furthermore, we
explored a new gene signature named cTILscore-related module gene score
(cTMGs), based on four identified TME-associated genes (GCH1, GZMA,
PSMBS8, and PLAAT4) showing a close correlation with the cTICscore, which
was generated by weighted gene co-expression network analysis and least
absolute shrinkage and selection operator analysis to facilitate clinical
application. Patients with low cTMGs had significantly better overall survival
(OS, P = 0.002,< 0.001, = 0.002, and = 0.03, respectively) in the training and
validating CM datasets. In addition, the area under the curve values used to
predict the immune response in four CM cohorts were 0.723, 0.723, 0.754, and
0.792, respectively, and that in one gastric cohort was 0.764. Therefore, the
four-gene signature, based on cTICscore, might improve prognostic
information, serving as a predictive tool for CM patients receiving
immunotherapy.cutaneous melanoma, tumor microenvironment, prognosis,
immunotherapy, cTICscore
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Introduction

Cutaneous melanoma (CM) is one of the most aggressive skin
cancers, with 324,635 new cases and 57,043 deaths reported in
2020 worldwide (1). CM has long been considered an
immunogenic cancer because of its highly mutagenized genome,
making it one of the most responsive cancer types to
immunotherapies (2). However, some patients showed
unresponsiveness or acquired resistance using these
immunotherapeutic approaches (3). Studies showed that the
response rate to checkpoint blockade of PD-1 or programmed
death-ligand 1 (PD-L1) signaling was around one-third (4).
Another study showed that the effect of PD-1/PD-L1 therapy
for patients correlated with PD-L1 expression in the tumor
microenvironment (TME) (5).

Based on the difference in responsiveness, an increasing
number of studies were conducted to work out models so as to
identify better biomarkers for CM prognosis under
immunotherapy. Zihang Zeng and colleagues developed a
novel scoring system named ISTMEscore to reflect the TME
status and predict CM prognosis (6). Dongqiang Zeng developed
an open-source TMEscore serving as a promising predictive
index (7). These studies were complete and creative while they
took into account relatively insignificant genes, thus reducing
the effectiveness of their model. Bagaev et al. identified four TME
subtypes predictive of response for multiple cancers in terms of
immunotherapy (8). However, a large number of genes and their
expression levels were examined, and no significant difference in
the overall survival (OS) between immune-enriched, non-
fibrotic (IE) and immune-enriched, fibrotic (IE/F) subtypes
was observed in the study in terms of the responsiveness to
immunotherapies. TME comprises a variety of infiltrated
immune cells and stromal cells such as endothelial cells and
fibroblasts (9), in which abnormal cells finally become cancerous
and accumulate (10). Extensive studies confirmed the significant
role of the proportion of tumor-infiltrating immune cells in
patient prognosis. For instance, tumor-associated macrophages
indicated an unfavorable prognosis because of the immune
events they triggered, such as secreting cytokine interleukin-10
(IL-10) (11). The increase in the number of CD4" T cells and
CD8" T cells was associated with better response and survival
(12). However, some studies ignored the comprehensive
interactions among different types of immune cells while
focusing only on specific ones, such as CD8" T cells (13).
Given the aforementioned situation, the functional immune
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cell contents correlated with patient prognosis are needed to
optimize present predictive models and reflect the overall
situation of TME. A more robust index is needed for more
precise evaluation.

In the present study, we selected prognosis-related tumor-
infiltrating immune cells and established a new index named
core tumor-infiltrating immune cell score (cTICscore) for CM
subtype identification, which was shown to be robust for
characterizing TME and predicting CM patients’ prognosis.
Further, a model involving four crucial genes and correlated
with the cTICscore was generated for convenience in clinical
application. The new model showed some superiority in
predicting CM patients’ prognosis over existing signatures or
biomarkers and could provide guidance for the choice of clinical
tumor immunotherapies.

Material and methods
Data acquisition and processing

The downloading and processing of the data of CM patients
from the Cancer Genome Atlas (TCGA_SKCM) database was
conducted as reported in our previous study (14). Normalized
gene expression data and clinical data of datasets from the Gene
Expression Omnibus (GEO) database (GSE65904, GSE22153,
GSE54467, GSE100797, GSE35640, and GSE176307) were
acquired via the GEOquery package in R software or from the
supplementary files of the corresponding publications (15-20).
Processed RNA-seq data and clinical information for the Peking
University Cancer Hospital (PUCH) study, Gidel9 study, and
Kim18 study were downloaded from the GitHub website
(https://github.com/) as reported in the Chuanliang Cui’s
study (21). The data of the IMvigor210 study were
downloaded from the reported website (http://research-pub.
gene.com/IMvigor210CoreBiologies/) in the study by Sanjeev
Mariathasan (22). The single-cell RNA-seq data of selected genes
in four GEO datasets, namely, GSE72058, GSE148190,
GSE123139, and GSE115978, were downloaded from the
TISCH website (http://tisch.comp-genomics.org/). The
expression level of selected genes in immune cells and
malignant tumor cells at the single-cell level in a melanoma
sample from the study by Wu was directly visualized in and
downloaded from the Single Cell Portal website (https://
singlecell.broadinstitute.org/single_cell) (23). All data used in

frontiersin.org


https://github.com/
http://research-pub.gene.com/IMvigor210CoreBiologies/
http://research-pub.gene.com/IMvigor210CoreBiologies/
http://tisch.comp-genomics.org/
https://singlecell.broadinstitute.org/single_cell
https://singlecell.broadinstitute.org/single_cell
https://doi.org/10.3389/fimmu.2022.914612
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Zhu et al.

this study were acquired from public databases; further approval
from an ethics committee was not required.

Immune profile analysis

The infiltration level of 22 immune cells in each tumor
sample was evaluated via the CIBERSORT algorithm in R
software (24). The Immunescore of each tumor sample was
estimated using the ESTIMATE algorithm in the estimate
package in R software (25). The enrichment score of 29
functional gene expression signatures (Fges) in each CM
sample was downloaded from the corresponding study (8).

Enrichment analysis

The enrichment score of specific pathways was calculated
using the GSVA package in R software (26). The used gene set
C2.cp.kegg.v7.1.symbols.gmt was downloaded from the gene set
enrichment analysis website (http://www.gsea-msigdb.org/gsea/
index.jsp). The metabolic-related and other specific biological-
related gene sets were acquired from corresponding publications
(22, 27).

Weighted gene co-expression
network analysis

Weighted gene co-expression network analysis (WGCNA)
was conducted in R software based on the instruction and R
tutorial from Peter Langfelder et al. (22). Briefly, the gene
expression data of each dataset, after removing genes and
samples with too many missing values, were used to construct
a gene co-expression network. An adjacency matrix was
subsequently constructed to calculate the correlation strength
between the nodes using the following formula:

S = |c0r(x,- s xj)}aij = Sg

The co-expression similarity S; represents the Pearson’s
correlation coefficient between two different genes i and j. X;
and x; are the corresponding expression values of the genes i and
j» and aj; is the correlation strength between the two genes. The
scale-free R was set as 0.9 to select the corresponding soft-
threshold B. One-step network construction and module
detection methods were subsequently used, with a relatively
large minimum module size of 200 and mergeCutHeight setting
as 0.25 for the merging of modules. Finally, module-trait
associations were quantified to identify modules significantly
associated with the cTICscore and Immunescore. Besides, the
definition and expression of module eigengenes (MEs), the gene
significance (GS), and the module significance (MS) were similar
with what had been described in a previous study (28).
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Construction of the prognostic model

The prognostic significance of the infiltration of 22 immune
cells in CM was evaluated by univariate Cox analysis. Immune
cells showing a P value less than 0.1 in all three datasets were
further subjected to multivariate Cox analysis (29). A score
(scorel) was calculated by multiplying the coefficient of each
immune cell and its infiltration level in each sample, namely,
scorel = -3.13613 x Macrophages_M1 - 0.98753 x
T_cells_CD8 - 2.4095 xT_cells_CD4_memory_activated +
1.69976 x NK_cells_resting, and cTICscore = (scorel-Min)/
absolute (Max), as reported in our previous studies (30, 31).
The selected cTICscore-related genes were input into the Least
Absolute Shrinkage and Selection Operator (LASSO) Cox
regression model, and crucial gene signatures were generated
via the glmnet package in R. The corresponding coefficients of
the generated crucial genes were obtained through multivariate
Cox analysis. A second score (score2) was calculated as
score2 = -0.08209 x PSMB8 - 0.02401 x PLAAT4 - 0.18873 x
GZMA - 0.19433 x GCH1, and the cTICscore-related module
gene signature (cTMGs) was also calculated using the following
formula: cTMGs = (score2 — Min)/absolute (Max).

Statistical analysis

The median value of cTICscore or cTMGs in each cohort was
used as the cutoff value in separating patients into two subgroups.
Univariate Cox regression analyses were conducted to determine
the prognostic significance of the infiltrating level of 22 immune
cells in melanoma datasets using the survminer package in R. The
same package was also used for multivariate Cox regression in
obtaining coefficients of the four core TME components or four
crucial genes. The Kaplan-Meier method with the log-rank test was
used for survival analyses. The timeROC package in R was applied
for time-dependent receiver operator characteristic (ROC) analyses
and subsequent calculation of the area under the curve (AUC). This
work also took advantage of the following packages in R for data
analyses and graph plotting: tidyverse, limma, ggplot2, rms, dplyr,
plyr, ggpubr, ggalluvial and vennDiagram. P< 0.05 indicated
statistically significant differences (¥, P< 0.05; **, P< 0.01; ***, P<
0.001; **, P< 0.0001).

Results

Core tumor-infiltrating immune cell
score (cTICscore) identified CM subtypes
with distinct prognosis

The flowchart to develop a c¢TICscore for CM patients is

shown in Figure 1A. Briefly, the fraction of 22 immune cells was
estimated using the CIBERSORT algorithm in three
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Identification of CM subtypes with distinct prognoses based on the cTICscore. (A) Illustration for the construction of the cTICscore in CM. (B)
cTICscore-based CM subtypes exhibited distinct prognoses. (C) Time-dependent ROC curves for the cTICscore and other predictors. (D) AUC
of the time-dependent ROC curves for the cTICscore, TMEscore, the five-gene signature and the seven-gene signature.

independent CM-related datasets, namely, TCGA-SKCM,
GSE65094, and GSE22153. Univariate Cox analysis was used
to evaluate the prognostic relevance of these immune cells, and
core TME components referred to those that showed a P value
less than 0.1 in all these three datasets (29). These components
were identified to be activated memory CD4™T cells, CD8"T
cells, resting natural killer (NK) cells, and macrophages M1
(Figure 1A, Table S1).

Next, we calculated the c¢TICscore of CM patients in each
cohort. CM patients stratified into two subgroups using the median
cTICscore as the cutoff value showed distinct prognosis in all the
three datasets and the external validating GSE54467 (Figure 1B).
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Previous studies suggested that NK cell-related signature, CD8™T
cell-related signature, PD-L1 expression, or TMB could be used to
predict the prognosis of CM patients (14, 32, 33). The c¢TICscore,
compared with these predictors, seemed to have better
predictability based on the AUC of the time-dependent ROC
curves (Figure 1C). Donggiang Zeng et al. developed a package
calculating the TMEscore of individual cancer samples to
characterize the TME of gastric cancer (7, 34). Although the
TMEscore can also help to stratify CM patients having a distinct
prognosis (Figure S1A), the AUC value at 5 years of the TMEscore
in the GSE22153 dataset was quite low (less than 0.5, Figure 1D),
suggesting that the TMEscore was slightly inferior to the cTICscore
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in predicting the OS of melanoma patients. We also included two
other immune-related signatures in this work; while the seven-gene
signature from Tian’s study (35) had a similar predictability like the
cTICscore, the five-gene signature from Hu’s study (36) also had a
low AUC value at 5 years in the GSE22153 dataset (Figure 1D).
Taken together, the developed cTICscore showed a certain
advantage over the existing method in characterizing the TME
and predicting the CM patients’ prognosis.

Kyoto Encyclopedia of Genes and Genomes (KEGG)
enrichment analysis was performed to characterize further the
features of the high- and low-cTICscore groups. We found that
the low-cTICscore group was highly enriched in immune-
related pathways such as antigen processing and presentation
and NK cell-mediated cytotoxicity; however, the high-
cTICscore group was enriched in metabolism-related pathways
such as aminoacyl tRNA biosynthesis, glycosaminoglycan
biosynthesis, and keratan sulfate, and lysine degradation
(Figure S1B).

Development of the cTMGs in
CM patients

Estimating the fraction of infiltrated immune cells in the
TME using algorithms such as CIBERSORT depended on the
availability of transcriptional data of thousands of genes and
might be prone to different unexpected biases (37, 38). We
hypothesized that a specific fingerprint, consisting of several
genes reflecting the infiltration of core TME components of
CM patients, might be more applicable for clinical purposes.
WGCNA was first applied to identify modules highly correlated
with the ¢TICscore (Figure 2A). The red module in GSE22153
(Figure 2B), the turquoise module in GSE65904 (Figure S2A),
and the brown module in TCGA_SKCM (Figure S2B) were
found to be most significantly negatively associated with the
cTICscore but positively associated with the Immunescore
calculated via the ESTIMATE algorithm. Besides, the red
module in GSE22153 (cor = 0.51, P = 2.9¢-62, Figure 2C), the
turquoise module in GSE65904 (cor = 0.53, P = 1.9e-173, Figure
S2C), and the brown module in TCGA_SKCM (cor = 0.77, P< le
-200, Figure S2D) indicated a high GS in relation to the
cTICscore. A total of 386 genes were shared among the red
module of GSE22153, the turquoise module of GSE65904, and
the brown module of TCGA_SKCM (Figure 2D). In addition, 27
of the 386 genes strongly correlated in transcriptional expression
with the cTICscore in all the three datasets (Figure 2D). These 27
genes were further input into a LASSO regression model, which
generated four crucial genes, including GTP cyclohydrolase 1
(GCH1), granzyme A (GZMA), proteasome subunit beta type-8
(PSMBS8), and phospholipase A and acyltransferase 4
(PLAATY) (Figure 2D).
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Characterization of the four crucial
genes in CM TME

The prognostic analysis showed that CM patients with the
high expression of one of the four crucial genes, when stratified
by the median value of its expression, had significantly longer OS
(Figures S3A-D). GCH1 functions as the first and rate-limiting
enzyme in tetrahydrobiopterin biosynthesis (BH4). A recent
study revealed that GCH1 had a remarkably positive impact
on T-cell proliferation and immune response in autoimmunity
and cancer (39). GZMA is predominantly expressed in cytolytic
T lymphocytes and NK cells and is necessary for the execution of
lysis of target cells (40). PSMBS8 is a major component of the
immunoproteasome, which is found predominantly in
monocytes and lymphocytes and known for processing class I
major histocompatibility complex (MHC-I) (41). PLAAT4, also
known as retinoic acid receptor responder 3 (RARRES3) or
retinoid-inducible gene 1 (RIG-1), is characterized as a tumor
suppressor and plays a role in the induction of type I interferon
(IFN-1) and MHC-I expression (42, 43). The expression of all
these four genes significantly correlated with the four core TME
components of CM (Figure S3E). In particular, the
transcriptional level of all the four genes had a strong positive
correlation with the infiltration of CD8" T cells (R > 0.5, Figure
S3E). Besides, GCHI and GZMA also strongly correlated with
the fraction of the activated memory CD4" T cells (R > 0.5,
Figure S3E). A single-cell transcriptional analysis of four
independent datasets indicated that GCH1 had a relatively
high expression in monocytes/macrophages, B cells, CD4" T
cells, and CD8" T cells, but low or no expression in malignant
tumor cells (Figure 3A). GZMA was predominantly expressed in
CD8" T cells, proliferative T cells, and NK cells (Figure 3A).
PSMBS8 could be detected with a relatively high expression in
various immune cells and tumor cells (Figure 3A), and PLAAT4
showed a relatively high expression in CD4" T cells, CD8" T
cells, NK cells, and proliferative T cells (Figure 3A). The
expression pattern of the four crucial genes was further
supported by another study (23) (Figure 3B), which
demonstrated that all four genes were highly expressed in T
cells. In addition, PSMBS8 could be detected in most cells, with a
relatively high expression in monocytes/macrophages, T cells,
endothelial cells, and plasmacytoid dendritic cells (pDCs)
(Figure 3B). GCHI was highly expressed in monocytes/
macrophages, T cells, and B cells (Figure 3B). GZMA was
predominantly expressed in most T cells, while PLAAT4 was
predominantly expressed in T cells and endothelial cells
(Figure 3B). Taken together, all four crucial genes had
important roles in the TME and significantly correlated with
the infiltration of four core TME components. Their potential
function in CM is shown in Figure 3C.

These LASSO-selected genes were further used to compute a
risk score in the training (GSE65904) and validation cohorts
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(TCGA_SKCM, GSE22153, and GSE54467), using the following
formula: -0.08209 x PSMB8 - 0.02401 x PLAAT4 - 0.18873 X
GZMA - 0.19433 x GCHI. The cTMGs was calculated using the
risk score of the patient subtracted by the minimum risk score of
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Identification of four signature genes in CM TME. (A) Merging of mRNA co-expression modules. (B) Correlation heatmap of module genes and
cTICscore or Immunescore in the GSE22153 dataset. The correlation coefficient changed from -1 to 1 as the color turned from blue to red
gradually. (C) Scatterplot of the correlation coefficient between the selected module
identification of four signature genes in CM TME. A total of 386 genes were shared in the selected modules from TCGA_SKCM, GSE65904, and
GSE22153, and 27 of these genes strongly correlated (absolute coefficient > 0.5) in expression with the cTICscore across all three datasets. The
27 genes were input into a LASSO regression model, which generated four crucial genes for further analysis.

06

(red module) and the cTICscore. (D) Flowchart of the

each cohort, which was then divided by the maximum risk score
of the cohort, as reported in our previous studies (30, 31). CM
patients in all these four datasets were divided into two groups
using their respective median ¢cTMGs as the cutoff value. The

frontiersin.org


https://doi.org/10.3389/fimmu.2022.914612
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Zhu et al.

10.3389/fimmu.2022.914612

A
GCH1 GZMA
Gse72056- @ @ @ @ o o Q @) GSE72056- © O O o o o © @)
GSE148190- @ ° e o (<] (€] (6] GSE148190- © . (@] O ° (o) °
GSE123139- o o o o ° ® e o GSE123139- ° O Q - ° ° - @
GSE115978- © © ° L e o (&) GSE115978- © O o ) @)
P I S R P P R
<L $ & & & & <& < & & & _\(\’” & PO
& @ @@0\ « \Sb\\m“& ) ¢ & ¢ @“bo\ ‘i@& @ oé&& <«
s, @ @ @ 0w - @@ 0:0:0:
PSMB8 PLAAT4
Gse72056- @ @ @ (OO ONO) . GsE72056- @ @ . @ © o @ @
GSE148190- @ © © @ @ o © cseusi- o @ @ @ e @ )
GSE123139- o ° o o ° e @ GSE123139- o ) (] + ° ° . [}
GSE115978- @ @ o @ © e O O . GSE115978- © @ ]} e o - 0 O [}
L N I A P L N N O I R - )
d;\@ & é’%& 0&)@ ] < ’5\\@0 o\@) \;q@"@ P o"&& & roé Obo@ ] & »'\@@ o\\@» &«
S & N @0‘\ S & @ @é‘
i@ @ @200 @ @ @0
B C
(2]
(]
o
5 %
S cp4 )
g e
©
g -N 2 @\ /V \
3 558 \ GZVA coe ‘e
= v oQ
g §ﬂ 2,558, -
BBzsoffis —
TQ QL ccTn
CelllypeOSHFoOowWwa o id
/@@ ® o o o o o GCHI PsMB8 Cancer cell
. o - GZMA ~__ PLAATS 7
UL L L PSMBS p
c 0@ 00@0 ¢ PLATA o
B ©
. - rs
o w75 o o5 1 1PNy
% expressing Scaled mean expression |
D
cTICscore-
cTMGs-
GSE65904: 70.33% TCGA_SKCM: 78.95% GSE22153: 76.47%
E F [McTiCscorel [cTMGs
p value Hazard ratio !
|
|
GSE65904 0.002 0.540(0.364-0.800) o= | 075
|
TCGA_SKCM <0.001 0.500(0.384-0.653) m :
0.50
GSE22153 0.002 0.426(0.234-0.778) —a— |
: 0.25
GSE54467 0.030 0.539(0.303-0.958) : : .I_.l—l. 'l
00 02 04 06 08 10 o
Hazard ratio GSE22153 GSE54467 GSE65904 TCGA_SKCM
FIGURE 3
Construction of cTMGs based on four signature genes. (A) Expression of the four crucial genes in the TME components of CM. (B) Expression of
the four crucial genes in different types of cells. (C) Schematic description of the potential functions of the four crucial genes in CM. (D)
Relationship between cTMGs-based subtypes and cTICscore subtypes in different datasets. (E) Kaplan—Meier survival analysis results of patients
in the high- and low-cTMGs groups. (F) AUC of the time-dependent ROC curves for the cTICscore and cTMGs.

concordance of cTMGs-based stratification with the ¢TICscore-
based division was evaluated; it was 70.33% in GSE65904, 78.95%
in TCGA_SKCM, 76.47% in GSE22153, and 84.81% in GSE54467
(Figure 3D). The Kaplan-Meier survival analysis indicated that
CM patients having low cTMGs had significantly better prognoses
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compared with those with high ¢cTMGs (Figure 3E). Time-
dependent ROC curves were used to calculate the AUC at
different time points of the c¢TICscore and cTMGs. The result
suggested that cTMGs had slightly improved predictive ability
over the cTICscore for OS across the cohorts (Figure 3F).
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Relationship between cTMGs and clinical
features of CM patients

Previous analysis showed that CM patients having
a high cTICscore were enriched in metabolism-related
pathways (Figure 1D). Since the ¢TMGs closely correlated
with the cTICscore, we further explored whether cTMGs-

10.3389/fimmu.2022.914612

based subclasses of CM patients had different metabolic
characteristics. We quantified 115 metabolic processes using a
set of genes identified by Chen Yang et al. (27). We found that
the high-cTMGs subclass was predominantly enriched in energy
metabolism-, lipid metabolism-, and glycan metabolism-related
terms such as citric acid cycle, steroid biosynthesis, and
gluconeogenesis (Figure 4A), while the low-cTMGs subclass
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was prone to be enriched in amino acid metabolism-related
terms such as valine, leucine, and isoleucine biosynthesis, and
kynurenine metabolism (Figure 4A).

We also evaluated the characteristics of specific biological
activities of ¢cTMGs-based subtypes using a set of genes
identified by Mariathasan et al. (22). The antigen presentation
machinery and CD8 effector signatures were significantly highly
expressed in the low-cTMGs subtype of CM patients (Figures
S4A-C). Consistently, the cTMGs showed a strong negative
correlation with the antigen presentation machinery and CD8"T
effector signatures (Figure 4B; Figures S4D, E). Although some
epithelial to mesenchymal transition (EMT) markers, including
EMT2, EMT3, and angiogenesis, were found to exhibit a
significantly negative correlation with the ¢cTMGs in the
TCGA_SKCM dataset (Figure 4B), such a correlation could
not be repeated in other CM cohorts (Figures S4D, E).
Meanwhile, the enrichment score of most DNA damage
repair-related signatures showed weak or no correlation with
the ¢cTMGs (Figure 4B; Figures S4D, E). CM patients were
divided into “immune,” “keratin,” and “MITF-low” clusters
based on the consensus hierarchical clustering analysis of the
selected 1,500 genes (44). Our study found that CM patients in
the low-cTMGs subgroup were predominantly distributed in the
“immune” cluster, whereas the remaining patients were largely
in the “keratin” and “MITF-low” clusters (Figure 4C).
Consistently, the cTMGs was the lowest in the immune
subtype (Figure 4D). CM patients were also divided into four
subtypes based on the pattern of the most prevalent significantly
mutated genes: mutant B-Raf Proto-Oncogene, Serine/Threonine
Kinase (BRAF), mutant RAS, mutant Neurofibromin 1 (NF1),
and Triple-WT (wild-type) (44). However, no difference in the
cTMGs was observed among these four subtypes (Figure 4E); the
result was consistent with the lack of correlation between
c¢TMGs and most DNA damage repair-related signatures
(Figure 4B). Correspondingly, TMB showed a weak correlation
with ¢cTMGs (r = -0.13, P = 0.0055, Figure 4F).

Immune landscape of CM patients
classified by cTMGs

We further investigated the distribution of infiltrating
immune cells in the low- and high-cTMGs groups of CM
patients. We found that patients in the high-cTMGs group
demonstrated significantly higher numbers of M0 and Ml
macrophages, resting memory CD4" T cells, and resting mast
cells, whereas those in the low-cTMG group had a significantly
higher proportion of CD8"T cells, M1 macrophages, regulatory T
cells, follicular helper T cells, activated memory CD4™T cells, and
activated NK cells (Figure 5A). In addition, CM patients in the
high-cTMGs group presented an M2 phenotype, since the ratio of
M2 macrophage/(M2 macrophage + M1 macrophage) was
significantly higher in these patients (P< 2.2e-16, Figure S5A).
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A recent study proposed a holistic characterization of TME
by 29 functional gene expression signatures (Fges), which
included the stromal compartments such as angiogenesis,
immune suppression via macrophages and myeloid-derived
suppressor cells, antitumor immune activities such as antigen
processing, and infiltration of cytotoxic immune cells and Fges
related to cancer cell properties (8). Further, four conserved
subtypes were identified across 20 different cancers based on the
following signatures: “Immune-Enriched, Fibrotic” (IE/F),
“Immune-Enriched, Non-Fibrotic” (IE), “Fibrotic” (F), and
“Depleted” (D) subtypes (8). In our study, we found that low-
cTMGs CM was characterized by high levels of immune
infiltrate and elevated expression of Fges associated with
angiogenesis, matrix remodeling, and cancer associate
fibroblast (CAF) activation (Figure 5B). Besides, EMT
transition Fges was significantly upregulated in patients with
high-cTMGs, whereas no difference in the proliferation rate was
observed between the high- and low-cTMGs groups (Figure 5B).
Indeed, 91.07% of CM patients in the high-cTMGs subgroup
presented in the F and D subtypes, reflecting that the high-
c¢TMGs subgroup had minimal or completely lacked leukocyte/
lymphocyte infiltration (Figure S5B) (8). Correspondingly, the D
subtype of CM patients had the highest cTMGs, followed by the
F subtype. In addition, the IE/F and IE subtypes had the lowest
level of cTMGs, reflecting the feature of this subtype exhibiting
the most immune-active microenvironment among the four
subtypes (Figure S5C) (8). Similar results were observed in the
other two cohorts (Figures S5D, E).

Cancer patients were also divided into six subtypes in TCGA
cohort (45). Our results demonstrated that the C2 subtype (IFN-y
dominant) had the lowest ¢cTMGs, while the C4 samples
(lymphocyte depleted) had the highest cTMGs (Figure 5C).
Besides, we also found a strong negative correlation between
¢TMGs and Immunescore or the expression of most immune
checkpoint molecules such as CD274, LAG3, PDCD1, and T-cell
immunoreceptor with Ig and ITIM domains (TIGIT) (Figure 5D).

cTMGs was shown to be predictive for
the efficacy of immunotherapy

The aforementioned analysis revealed that patients with low-
cTMGs were enriched in both pro- and antitumor immune
infiltrates and the cTMGs had a strong negative correlation with
the expression of most targets of immune checkpoint inhibitors
(ICIs). We hypothesized that treatments targeting these immune
checkpoint molecules or pro-tumor immune infiltrates, or
activating the function of antitumor immune cells, might lead
to tumor shrinkage and improved prognosis. Four melanoma-
related cohorts were analyzed in this work (GSE100797,
GSE35640, PUCH cohort, and Gidel9 cohort). Consistent
with the previous result (Figure 5B), melanoma patients in the
low-cTMGs group from GSE100797 and GSE35640 datasets also
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*p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001. ns for no significance.

had high levels of pro- and antitumor immune infiltrates
(Figures 6A, B). Moreover, melanoma patients who responded
to the ICI therapy had a significantly lower cTMGs compared
with non-responders (Figures 6C, D). Patients who showed
complete response (CR) after adoptive T-cell therapy (ACT)
treatment had the lowest cTMGs, whereas those who progressed
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had the highest cTMGs (CR vs. PD, P = 0.038, Figure S6A).
Consistently, the level of tumor shrinkage significantly positively
correlated with cTMGs (P< 0.05, r = 0.41, Figure S6B). In these
four cohorts, a higher ratio of CM patients in the low-cTMGs
group responded to immunotherapies (Table 1), and the AUC
values of cTMGs in predicting response to these therapies were
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all great than 0.7 (Figures 6E-H). After immunotherapies, CM
patients in the high-cTMGs subgroup tended to show a shorter
progression-free survival (PFS, Figure S6C) or OS (P = 0.0055,
Figure S6D) compared with those in the low-cTMGs group.
We also evaluated the value of the cTMGs in non-CM
cohorts. In the Kim18 cohort in which 55 patients with gastric
cancer were treated with pembrolizumab (46), a significantly
lower level of the cTMGs was observed in those who responded
to the therapy (P = 0.0051, Figure 7A). Consistently, the ORR in
the low-cTMGs subgroup of patients with gastric cancer was
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higher than that in the high-cTMGs subgroup (45.45% vs.
13.04%, P = 0.0165, Table 1). In this cohort, an AUC of 0.764
was achieved (Figure 7B). Two cohorts of patients with
metastatic urothelial cancer (UC) receiving ICI were also
investigated. As shown in Figures 7C, G, patients with UC
who progressed from ICI treatment had higher ¢cTMGs
compared with those who showed CR after immune
therapy. Patients with UC classified in the inflamed
subgroup, or with a high PD-L1 expression on either tumor
cells (TC2+) or immune cells (IC2+), showed the lowest cTMGs
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TABLE 1 Response to immunotherapies of cTMGs-stratified groups.

Dataset cTMG-high TMG-low p value
GSE100797 Responder 3 7 0.0722
Non-responder 10 5
GSE35640 Responder 7 15 0.0286
Non-responder 21 13
PUCH cohort  Responder 3 11 0.0165
Non-responder 24 17
Gidel9 cohort  Responder 5 14 0.003
Non-responder 16 6
Kim18 cohort  Responder 3 10 0.0165
Non-responder 20 12

(Figure 7Dj; Figure S6E, F). In addition, cTMGs had a strong
negative correlation with the CD8'T effector cell score (P< 2.2e-
16, r = -0.83, Figure 7E). Kaplan-Meier analyses demonstrated
that patients with UC in the low-cTMGs group could enjoy
survival benefit from immunotherapy compared with those in
the high-cTMGs group (Figures 7F, H, I).

Discussion

The TME is not only a major factor affecting CM
progression but also a promising target of tumor therapy (47).
Accumulated evidence indicated that the fraction of immune
cells in the TME could serve as a marker for the diagnosis and
prognosis of a variety of malignant tumors (48, 49). However,
some prognostic models based on the TME were developed in
the setting of a pan-cancer analysis (50, 51); they might not
be the most optimal choice for CM. In addition, not all fractions
of the TME exert a significant impact on the prognosis of
tumors. Based on the aforementioned consideration, we
identified core TME components that had a close association
with the prognosis of CM patients and proposed a new index
(cTICscore). Although the cTICscore has a strong predictive
capability for the CM patients’ prognosis, the acquisition process
for a fraction of the four core immune cells is cumbersome.

Previous studies showed that CD8"T cells played a central role
in mediating antitumor immunity. CD8"T cells can release perforin
and IFN-y to kill melanoma cells (13). Besides, CD4"T cells play an
antitumor role by secreting IFNy and IL-4, recruiting effector cells
including eosinophils and macrophages and helping CD8'T cells
(52). NK cells play a vital role in initiating antitumor response, but
resting NK cells harbor poor effector function (53). The decreased
cytotoxicity of resting NK cells may be due to the decreased
expression of granzyme B and perforin (54). M1 macrophages
can also play an antitumor role by producing pro-inflammatory
molecules and presenting tumor-specific antigens to T cells (55). As
we mentioned above, the four core TME components, which have
an impact on the prognosis of CM patients, were found out to be
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associated with certain genes related to cTICscore we have screened.
The expressive level of these genes influences the release of these
components and therefore affects the TME and tumor development.

Based on the pivotal role the four key genes have played, we
generated the cTMGs, consistent with the cTICscore, to be a more
suitable and comprehensive marker over the cTICscore for certain
advantages in prognosis prediction and clinical use. “Deregulating
Cellular Energetics” is a hallmark of cancer (56); obviously, the
rapid proliferation of malignant tumor cells requires a lot of
energy (57). The divided groups of patients by cTMGs present
distinct characteristics. While the low-cTMGs group was highly
enriched in the amino acid metabolism-related gene sets and
immune subtype reflecting a hot immune feature, the high-
c¢TMGs group was found to be predominantly enriched in
energy metabolism-related gene sets (27), consistent with the
fact that dysregulation of energy might contribute to the rapid
proliferation of tumor cells and the results of Kaplan-Meier
survival analysis. Part of the contribution to the rapid
proliferation may be due to the impact the upregulation of
specific metabolism-related pathways has on the TME of the
high-cTMGs group. For instance, the downregulation of the
activity of pyruvate kinase, a component of glucose metabolism,
is associated with increased aerobic glycolysis (58), facilitating
cancer cell proliferation and tumor enlargement. It also reflects the
increase in lipogenesis, fatty acid (FA) uptake, and FA oxidation
owing to the production of plasma membrane synthesis and
energy requirement of the expanded tumor cells (59).

TMB, a leading potential biomarker for identifying cancer
patients benefiting from immunotherapies, measures the number
of somatic mutations per megabase (Mb) of the interrogated
genomic sequence of a tumor (60). Theoretically, the increase
in the number of mutant proteins will create antigenic
peptides allowing for enhanced immunogenicity (61). However,
retrospective analyses of a bunch of cancer patient cohorts
suggested that high TMB, compared to low TMB, fails to indicate
an improved response rate to ICIs for certain cancer types, and
neoantigen load does not always show a significant correlation with
CD8 T-cell infiltration (61). These results suggest that TMB does
not always show a clear cause-and-effect relationship with the
infiltration of immune cells into tumors, and the components of
the TME could be affected by numerous non-TMB factors such as
hypoxia conditions. The complexity of the TME might help to
explain why cTMGs, a reflection of the level of intra-tumor immune
cells, was weakly correlated with TMB and DNA damage repair—
related signatures.

Furthermore, cTMGs showed a strong negative correlation
with the antigen presentation machinery and CD8'T effector
signatures. Tumor immunogenicity is mainly determined by
tumor antigenicity and antigen presentation efficiency (62).
Chowell et al. and Zaretsky et al. reported that antigen
presentation defects contributed to ICI response failure (63,
64). The grouping pattern of CM patients according to cTMGs
was further supported by studies of “Cancer Genome Atlas
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FIGURE 7

Performance of the cTMGs for predicting the effect of ICI therapy on non-CM patients. (A) Box plot showing a difference in the value of cTMGs
across the two response subtypes for patients with gastric cancer in the Kim18 cohort. (B) ROC curve showing the performance of the cTMGs
for predicting the effect of pembrolizumab therapy on patients with gastric cancer in the Kim18 cohort. (C) Box plot showing differences in the
value of cTMGs across the four response subtypes of the IMvigor210 study. (D) Box plot showing differences in the value of the cTMGs across
the three immune phenotype subtypes of the IMvigor210 study. (E) Scatter plot showing the correlation between CD8 T effector cell score and
cTMGs in the IMvigor210 study. (F) OS of patients with UC in the IMvigor210 study stratified by cTMGs subtype classification. (G) Box plot
showing differences in the value of cTMGs across the four response subtypes for the GSE176307 dataset. (H, 1) OS (H) and PFS (I) of patients
with UC in the GSE176307 dataset stratified by cTMGs subtype classification.

Network” and Bagaev et al. (8, 44). In addition, cTMGs strongly
negatively correlated with the expression of most ICIs. Based on
these findings, we presumed that patients with a high cTMGs
might have a poor response to immunotherapy.

To confirm our conjecture, we compared the immune
response of ¢cTMGs-based subgroups from four independent
CM cohorts. We found that CM patients in the low-cTMGs
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group had a significantly higher response to ACT, MAGE-A3
antigen-specific cancer immunotherapy, anti-PD-1 monotherapy,
or anti-PD-1/anti-CTLA-4 combined therapy compared with
those in the high-cTMGs group.

Consequently, the abovementioned presumptions have a
great potential to be applied in clinical use. After collecting the
gene-expression information of the patient, cTMGs can be
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calculated subsequently to reveal the general landscape of his or
her TME condition and possible outcome. Based on these
materials, a more prognosis-oriented immunotherapy can be
constructed for a more responsive and accurate treatment.

Similar conclusions in patients with gastric cancer and
metastatic urothelial carcinoma were obtained, suggesting that
c¢TMGs not only served as a prognostic factor for CM
immunotherapy but also had the potential to be applied in other
tumors. Although immunotherapy has changed the treatment
landscape of many tumors, how exactly “cold tumors” benefit
from ICIs remains a big challenge (65). The patients in the high-
c¢TMGs group had a low fraction of T-cell infiltration and
dysregulated energy-related pathways, which were consistent with
the characteristics of “cold tumors.” Boosting T-cell infiltration into
the TME is essential for ameliorating the immunotherapeutic effect
(66, 67). Theoretically, NK cell-based approaches, oncolytic viruses,
pattern recognition receptor (PRR) agonists, CD 40 agonistic
antibodies, transforming growth factor beta (TGF-B)-blocking
antibodies and TGF-B-receptor antagonists, immunocytokines,
and T-cell-recruiting bispecific antibodies might overcome the
absence of T-cell infiltration in tumors, including CM patients in
the high-cTMGs group (65, 66). Approaches influencing energy
metabolism are also potential directions. More studies are still
required to bring hope from bench to bedside.

In conclusion, we identified the core components in the
TME of CM which helped us understand their importance for
immunotherapy. The cTMGs can be used to stratify CM patients
with distinct prognosis and identify those who can benefit more
from immunotherapy.

Data availability statement

The datasets presented in this study can be found in online
repositories. The names of the repository/repositories and accession
number(s) can be found in the article/Supplementary Material.

Author contributions

YH and ZS designed and directed the study. ZZ, GL, and ZL
conducted the data analysis and data interpretation, YW, YY, MW,

References

1. Sung H, Ferlay J, Siegel RL, Laversanne M, Soerjomataram I, Jemal A, et al.
Global cancer statistics 2020: GLOBOCAN estimates of incidence and mortality
worldwide for 36 cancers in 185 countries. CA Cancer J Clin (2021) 71(3):209-49.
doi: 10.3322/caac.21660

2. Gupta R, Janostiak R, Wajapeyee N. Transcriptional regulators and
alterations that drive melanoma initiation and progression. Oncogene (2020) 39
(48):7093-105. doi: doi: 10.1038/s41388-020-01490-x

Frontiers in Immunology

14

10.3389/fimmu.2022.914612

HZ, and HQ conducted the data collection. ZZ and GL wrote the
manuscript. All authors have read and verified the underlying data
and approved the final version of the manuscript.

Funding

This work was supported by the Youth Program of the
National Natural Science Foundation of China (No. 81903031);
the open project of the Key Laboratory of Modern Teaching
Technology, Ministry of Education (No. SYSK202107); and the
Luzhou Municipal People’s Government-Southwest Medical
University Science and Technology strategic cooperation
project (No. 2021LZXNYD-J25). The funders had no role in
study design, data collection, interpretation and analysis,
decision to publish, or preparation of the manuscript.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

The reviewer YW declared a shared affiliation with the
author ZL to the handling editor at time of review.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed
or endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fimmu.
2022.914612/full#supplementary-material

3. Gide TN, Wilmott JS, Scolyer RA, Long GV. Primary and acquired resistance
to immune checkpoint inhibitors in metastatic melanoma. Clin Cancer Res (2018)
24(6):1260-70. doi: 10.1158/1078-0432.CCR-17-2267

4. Hamid O, Robert C, Daud A, Hodi FS, Hwu WJ, Kefford R, et al. Safety and

tumor responses with lambrolizumab (anti-PD-1) in melanoma. N Engl ] Med
(2013) 369(2):134-44. doi: 10.1056/NEJMoal305133

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fimmu.2022.914612/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fimmu.2022.914612/full#supplementary-material
https://doi.org/10.3322/caac.21660
https://doi.org/10.1038/s41388-020-01490-x
https://doi.org/10.1158/1078-0432.CCR-17-2267
https://doi.org/10.1056/NEJMoa1305133
https://doi.org/10.3389/fimmu.2022.914612
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Zhu et al.

5. Borghaei H, Paz-Ares L, Horn L, Spigel DR, Steins M, Ready NE, et al.
Nivolumab versus docetaxel in advanced nonsquamous non-Small-Cell lung
cancer. N Engl ] Med (2015) 373(17):1627-39. doi: 10.1056/NEJMoal507643

6. Zeng Z,1i], Zhang ], Li Y, Liu X, Chen J, et al. Immune and stromal scoring
system associated with tumor microenvironment and prognosis: A gene-based
multi-cancer analysis. ] Transl Med (2021) 19(1):330. doi: 10.1186/s12967-021-
03002-1

7. Zeng D, Wu ], Luo H, Li Y, Xiao ], Peng J, et al. Tumor microenvironment
evaluation promotes precise checkpoint immunotherapy of advanced gastric
cancer. ] Immunother Cancer (2021) 9(8):e002467. doi: 10.1136/jitc-2021-002467

8. Bagaev A, Kotlov N, Nomie K, Svekolkin V, Gafurov A, Isaeva O, et al.
Conserved pan-cancer microenvironment subtypes predict response to
immunotherapy. Cancer Cell (2021) 39(6):845-865.e7. doi: 10.1016/j.ccell.
2021.04.014

9. Fridman WH, Pages F, Sautés-Fridman C, Galon J. The immune contexture
in human tumours: impact on clinical outcome. Nat Rev Cancer (2012) 12(4):298—
306. doi: 10.1038/nrc3245

10. Petitprez F, Meylan M, de Reyniés A, Sautés-Fridman C, Fridman WH. The
tumor microenvironment in the response to immune checkpoint blockade
therapies. Front Immunol (2020) 11:784. doi: 10.3389/fimmu.2020.00784

11. Noy R, Pollard JW. Tumor-associated macrophages: from mechanisms to
therapy. Immunity (2014) 41(1):49-61. doi: 10.1016/j.immuni.2014.06.010

12. Vassilakopoulou M, Avgeris M, Velcheti V, Kotoula V, Rampias T,
Chatzopoulos K, et al. Evaluation of PD-L1 expression and associated tumor-
infiltrating lymphocytes in laryngeal squamous cell carcinoma. Clin Cancer Res
(2016) 22(3):704-13. doi: 10.1158/1078-0432.CCR-15-1543

13. Yan K, Lu Y, Yan Z, Wang Y. 9-gene signature correlated with CD8(+) T cell
infiltration activated by IFN-y: A biomarker of immune checkpoint therapy
response in melanoma. Front Immunol (2021) 12:622563. doi: 10.3389/
fimmu.2021.622563

14. Yuan Y, Zhu Z, Lan Y, Duan S, Zhu Z, Zhang X, et al. Development and
validation of a CD8+ T cell infiltration-related signature for melanoma patients.
Front Immunol (2021) 12:659444. doi: 10.3389/fimmu.2021.659444

15. Lauss M, Donia M, Harbst K, Andersen R, Mitra S, Rosengren F, et al.
Mutational and putative neoantigen load predict clinical benefit of adoptive T cell
therapy in melanoma. Nat Commun (2017) 8(1):1738. doi: 10.1038/s41467-017-
01460-0

16. Ulloa-Montoya F, Louahed J, Dizier B, Gruselle O, Spiessens B, Lehmann
FF, et al. Predictive gene signature in MAGE-A3 antigen-specific cancer
immunotherapy. J Clin Oncol (2013) 31(19):2388-95. doi: 10.1200/JCO.
2012.44.3762

17. Cirenajwis H, Ekedahl H, Lauss M, Harbst K, Carneiro A, Enoksson J, et al.
Molecular stratification of metastatic melanoma using gene expression profiling:
Prediction of survival outcome and benefit from molecular targeted therapy.
Oncotarget (2015) 6(14):12297-309. doi: 10.18632/oncotarget.3655

18. Jonsson G, Busch C, Knappskog S, Geisler ], Miletic H, Ringnér M, et al.
Gene expression profiling-based identification of molecular subtypes in stage IV
melanomas with different clinical outcome. Clin Cancer Res (2010) 16(13):3356-67.
doi: 10.1158/1078-0432.CCR-09-2509

19. Jayawardana K, Schramm SJ, Haydu L, Thompson JF, Scolyer RA, Mann GJ,
et al. Determination of prognosis in metastatic melanoma through integration of
clinico-pathologic, mutation, mRNA, microRNA, and protein information. Int J
Cancer (2015) 136(4):863-74. doi: 10.1002/1jc.29047

20. Rose TL, Weir WH, Mayhew GM, Shibata Y, Eulitt P, Uronis JM, et al.
Fibroblast growth factor receptor 3 alterations and response to immune checkpoint
inhibition in metastatic urothelial cancer: a real world experience. Br J Cancer
(2021) 125(9):1251-60. doi: 10.1038/s41416-021-01488-6

21. Cui C, Xu C, Yang W, Chi Z, Sheng X, Si L, et al. Ratio of the interferon-y
signature to the immunosuppression signature predicts anti-PD-1 therapy
response in melanoma. NPJ Genom Med (2021) 6(1):7. doi: 10.1038/s41525-021-
00169-w

22. Mariathasan S, Turley SJ, Nickles D, Castiglioni A, Yuen K, Wang Y, et al.
TGEF attenuates tumour response to PD-L1 blockade by contributing to exclusion
of T cells. Nature (2018) 554(7693):544-8. doi: 10.1038/nature25501

23. Wu SZ, Roden DL, Al-Eryani G, Bartonicek N, Harvey K, Cazet AS, et al.
Cryopreservation of human cancers conserves tumour heterogeneity for single-cell
multi-omics analysis. Genome Med (2021) 13(1):81. doi: 10.1186/s13073-021-
00885-z

24. Chen B, Khodadoust MS, Liu CL, Newman AM, Alizadeh AA. Profiling
tumor infiltrating immune cells with CIBERSORT. Methods Mol Biol (2018)
1711:243-59. doi: 10.1007/978-1-4939-7493-1_12

25. Yoshihara K, Shahmoradgoli M, Martinez E, Vegesna R, Kim H, Torres-
Garcia W, et al. Inferring tumour purity and stromal and immune cell admixture
from expression data. Nat Commun (2013) 4:2612. doi: 10.1038/ncomms3612

Frontiers in Immunology

10.3389/fimmu.2022.914612

26. Hanzelmann S, Castelo R, Guinney J. GSVA: gene set variation analysis for
microarray and RNA-seq data. BMC Bioinf (2013) 14:7. doi: 10.1186/1471-2105-14-7

27. Yang C, Huang X, Liu Z, Qin W, Wang C. Metabolism-associated molecular
classification of hepatocellular carcinoma. Mol Oncol (2020) 14(4):896-913. doi:
10.1002/1878-0261.12639

28. Tang], Kong D, Cui Q, Wang K, Zhang D, Gong Y, et al. Prognostic genes of
breast cancer identified by gene Co-expression network analysis. Front Oncol
(2018) 8:374. doi: 10.3389/fonc.2018.00374

29. Zheng S, Zou Y, Liang JY, Xiao W, Yang A, Meng T, et al. Identification and
validation of a combined hypoxia and immune index for triple-negative breast
cancer. Mol Oncol (2020) 14(11):2814-33. doi: 10.1002/1878-0261.12747

30. QuH, Zhao H, Zhang X, Liu Y, Li F, Sun L, et al. Integrated analysis of the ETS
family in melanoma reveals a regulatory role of ETV7 in the immune
microenvironment. Front Immunol (2020) 11:612784. doi: 10.3389/fimmu.2020.612784

31. LiuY, Zhang X, Zhang J, Tan J, Li ], Song Z. Development and validation of
a combined ferroptosis and immune prognostic classifier for hepatocellular
carcinoma. Front Cell Dev Biol (2020) 8:596679. doi: 10.3389/fcell.2020.596679

32. Cursons J, Souza-Fonseca-Guimaraes F, Foroutan M, Anderson A,
Hollande F, Hediyeh-Zadeh S, et al. A gene signature predicting natural killer
cell infiltration and improved survival in melanoma patients. Cancer Immunol Res
(2019) 7(7):1162-74. doi: 10.1158/2326-6066.CIR-18-0500

33. Kang K, Xie F, Mao J, Bai Y, Wang X. Significance of tumor mutation
burden in immune infiltration and prognosis in cutaneous melanoma. Front Oncol
(2020) 10:573141. doi: 10.3389/fonc.2020.573141

34. Xu J, Wang F, Yan Y, Zhang Y, Du Y, Sun G. Prognostic and
clinicopathological value of PD-L1 in melanoma: A meta-analysis. Am ] Med Sci
(2020) 359(6):339-46. doi: 10.1016/j.amjms.2020.03.020

35. Tian M, Yang J, Han J, He ], Liao W. A novel immune checkpoint-related
seven-gene signature for predicting prognosis and immunotherapy response in
melanoma. Int Immunopharmacol (2020) 87:106821. doi: 10.1016/
j.intimp.2020.106821

36. Hu B, Wei Q, Li X, Ju M, Wang L, Zhou C, et al. Development of an
IFNgamma response-related signature for predicting the survival of cutaneous
melanoma. Cancer Med (2020) 9(21):8186-201. doi: 10.1002/cam4.3438

37. Newman AM, Liu CL, Green MR, Gentles AJ, Feng W, Xu Y, et al. Robust
enumeration of cell subsets from tissue expression profiles. Nat Methods (2015) 12
(5):453-7. doi: 10.1038/nmeth.3337

38. Aran D, Hu Z, Butte AJ. xCell: digitally portraying the tissue cellular
heterogeneity landscape. Genome Biol (2017) 18(1):220. doi: 10.1186/s13059-
017-1349-1

39. Cronin SJF, Seehus C, Weidinger A, Talbot S, Reissig S, Seifert M, et al. The
metabolite BH4 controls T cell proliferation in autoimmunity and cancer. Nature
(2018) 563(7732):564-8. doi: 10.1038/s41586-018-0701-2

40. Zhou Z, He H, Wang K, Shi X, Wang Y, Su Y, et al. Granzyme a from
cytotoxic lymphocytes cleaves GSDMB to trigger pyroptosis in target cells. Science
(2020) 368(6494):eaaz7548. doi: 10.1126/science.aaz7548

41. Kalaora S, Lee JS, Barnea E, Levy R, Greenberg P, Alon M, et al.
Immunoproteasome expression is associated with better prognosis and response
to checkpoint therapies in melanoma. Nat Commun (2020) 11(1):896. doi: 10.1038/
541467-020-14639-9

42. Barral PM, Sarkar D, Su ZZ, Barber GN, DeSalle R, Racaniello VR, et al.
Functions of the cytoplasmic RNA sensors RIG-I and MDA-5: key regulators of
innate immunity. Pharmacol Ther (2009) 124(2):219-34. doi: 10.1016/
j.pharmthera.2009.06.012

43. Wei L, Chiu DK, Tsang FH, Law CT, Cheng CL, Au SL, et al. Histone
methyltransferase G9a promotes liver cancer development by epigenetic silencing
of tumor suppressor gene RARRES3. ] Hepatol (2017) 67(4):758-69. doi: 10.1016/
jjhep.2017.05.015

44. Cancer Genome Atlas Network. Genomic classification of cutaneous
melanoma. Cell (2015) 161(7):1681-96. doi: 10.1016/j.cell.2015.05.044

45. Thorsson V, Gibbs DL, Brown SD, Wolf D, Bortone DS, Ou Yang TH, et al.
The immune landscape of cancer. Immunity (2018) 48(4):812-30.e14. doi: 10.1016/
jimmuni.2018.03.023

46. Kim ST, Cristescu R, Bass AJ, Kim KM, Odegaard JI, Kim K, et al.
Comprehensive molecular characterization of clinical responses to PD-1
inhibition in metastatic gastric cancer. Nat Med (2018) 24(9):1449-58. doi:
10.1038/541591-018-0101-z

47. Nieto P, Elosua-Bayes M, Trincado JL, Marchese D, Massoni-Badosa R,
Salvany M, et al. A single-cell tumor immune atlas for precision oncology. Genome
Res (2021) 31(10):1913-26. doi: 10.1101/gr.273300.120

48. Luo Q, He F, Cao J. A stromal and immune cell infiltration-based score
model predicts prognosis and chemotherapy effect in colorectal cancer. Int
Immunopharmacol (2021) 99:107940. doi: 10.1016/j.intimp.2021.107940

frontiersin.org


https://doi.org/10.1056/NEJMoa1507643
https://doi.org/10.1186/s12967-021-03002-1
https://doi.org/10.1186/s12967-021-03002-1
https://doi.org/10.1136/jitc-2021-002467
https://doi.org/10.1016/j.ccell.2021.04.014
https://doi.org/10.1016/j.ccell.2021.04.014
https://doi.org/10.1038/nrc3245
https://doi.org/10.3389/fimmu.2020.00784
https://doi.org/10.1016/j.immuni.2014.06.010
https://doi.org/10.1158/1078-0432.CCR-15-1543
https://doi.org/10.3389/fimmu.2021.622563
https://doi.org/10.3389/fimmu.2021.622563
https://doi.org/10.3389/fimmu.2021.659444
https://doi.org/10.1038/s41467-017-01460-0
https://doi.org/10.1038/s41467-017-01460-0
https://doi.org/10.1200/JCO.2012.44.3762
https://doi.org/10.1200/JCO.2012.44.3762
https://doi.org/10.18632/oncotarget.3655
https://doi.org/10.1158/1078-0432.CCR-09-2509
https://doi.org/10.1002/ijc.29047
https://doi.org/10.1038/s41416-021-01488-6
https://doi.org/10.1038/s41525-021-00169-w
https://doi.org/10.1038/s41525-021-00169-w
https://doi.org/10.1038/nature25501
https://doi.org/10.1186/s13073-021-00885-z
https://doi.org/10.1186/s13073-021-00885-z
https://doi.org/10.1007/978-1-4939-7493-1_12
https://doi.org/10.1038/ncomms3612
https://doi.org/10.1186/1471-2105-14-7
https://doi.org/10.1002/1878-0261.12639
https://doi.org/10.3389/fonc.2018.00374
https://doi.org/10.1002/1878-0261.12747
https://doi.org/10.3389/fimmu.2020.612784
https://doi.org/10.3389/fcell.2020.596679
https://doi.org/10.1158/2326-6066.CIR-18-0500
https://doi.org/10.3389/fonc.2020.573141
https://doi.org/10.1016/j.amjms.2020.03.020
https://doi.org/10.1016/j.intimp.2020.106821
https://doi.org/10.1016/j.intimp.2020.106821
https://doi.org/10.1002/cam4.3438
https://doi.org/10.1038/nmeth.3337
https://doi.org/10.1186/s13059-017-1349-1
https://doi.org/10.1186/s13059-017-1349-1
https://doi.org/10.1038/s41586-018-0701-2
https://doi.org/10.1126/science.aaz7548
https://doi.org/10.1038/s41467-020-14639-9
https://doi.org/10.1038/s41467-020-14639-9
https://doi.org/10.1016/j.pharmthera.2009.06.012
https://doi.org/10.1016/j.pharmthera.2009.06.012
https://doi.org/10.1016/j.jhep.2017.05.015
https://doi.org/10.1016/j.jhep.2017.05.015
https://doi.org/10.1016/j.cell.2015.05.044
https://doi.org/10.1016/j.immuni.2018.03.023
https://doi.org/10.1016/j.immuni.2018.03.023
https://doi.org/10.1038/s41591-018-0101-z
https://doi.org/10.1101/gr.273300.120
https://doi.org/10.1016/j.intimp.2021.107940
https://doi.org/10.3389/fimmu.2022.914612
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Zhu et al.

49. He Y, Liu H, Luo S, Amos CI, Lee JE, Yang K, et al. Genetic variants of
EMLI and HIST1H4E in myeloid cell-related pathway genes independently
predict cutaneous melanoma-specific survival. Am ] Cancer Res (2021) 11
(6):3252-62.

50. Yang X, Miao Y, Wang J, Mi D. A pan-cancer analysis of the HER family
gene and their association with prognosis, tumor microenvironment, and
therapeutic targets. Life Sci (2021) 273:119307. doi: 10.1016/j.1fs.2021.119307

51. Guo L, Li B, Lu Z, Liang H, Yang H, Chen Y, et al. CCDC137 is a prognostic
biomarker and correlates with immunosuppressive tumor microenvironment based on
pan-cancer analysis. Front Mol Biosci (2021) 8:674863. doi: 10.3389/fmolb.2021.674863

52. Shklovskaya E, Terry AM, Guy TV, Buckley A, Bolton HA, Zhu E, et al
Tumour-specific CD4 T cells eradicate melanoma via indirect recognition of tumour-
derived antigen. Immunol Cell Biol (2016) 94(6):593-603. doi: 10.1038/icb.2016.14

53. Bryceson YT, March ME, Ljunggren HG, Long EO. Synergy among
receptors on resting NK cells for the activation of natural cytotoxicity and
cytokine secretion. Blood (2006) 107(1):159-66. doi: 10.1182/blood-2005-04-1351

54. Fehniger TA, Cai SF, Cao X, Bredemeyer AJ, Presti RM, French AR, et al.
Acquisition of murine NK cell cytotoxicity requires the translation of a pre-existing
pool of granzyme b and perforin mRNAs. Immunity (2007) 26(6):798-811. doi:
10.1016/j.immuni.2007.04.010

55. Paul S, Chhatar S, Mishra A, Lal G. Natural killer T cell activation increases
iNOS(+)CD206(-) M1 macrophage and controls the growth of solid tumor.
J Immunother Cancer (2019) 7(1):208. doi: 10.1186/s40425-019-0697-7

56. Hanahan D, Weinberg RA. Hallmarks of cancer: The next generation. Cell
(2011) 144(5):646-74. doi: 10.1016/j.cell.2011.02.013

57. LiJ, EuJQ, Kong LR, Wang L, Lim YC, Goh BC, et al. Targeting metabolism
in cancer cells and the tumour microenvironment for cancer therapy. Molecules
(2020) 25(20):4831. doi: 10.3390/molecules25204831

58. Christofk HR, Vander Heiden MG, Harris MH, Ramanathan A, Gerszten
RE, Wei R, et al. The M2 splice isoform of pyruvate kinase is important for cancer
metabolism and tumour growth. Nature (2008) 452(7184):230-3. doi: 10.1038/
nature06734

Frontiers in Immunology

16

10.3389/fimmu.2022.914612

59. Broadfield LA, Pane AA, Talebi A, Swinnen JV, Fendt SM. Lipid metabolism
in cancer: New perspectives and emerging mechanisms. Dev Cell (2021) 56
(10):1363-93. doi: 10.1016/j.devcel.2021.04.013

60. Merino DM, McShane LM, Fabrizio D, Funari V, Chen SJ, White JR, et al.
Establishing guidelines to harmonize tumor mutational burden (TMB): In silico
assessment of variation in TMB quantification across diagnostic platforms: phase I
of the friends of cancer research TMB harmonization project. ] Immunother Cancer
(2020) 8(1):e000147. doi: 10.1136/jitc-2019-000147

61. McGrail DJ, Pilié PG, Rashid NU, Voorwerk L, Slagter M, Kok M, et al. High
tumor mutation burden fails to predict immune checkpoint blockade response
across all cancer types. Ann Oncol (2021) 32(5):661-72. doi: 10.1016/
j.annonc.2021.02.006

62. Wang S, He Z, Wang X, Li H, Liu XS. Antigen presentation and tumor
immunogenicity in cancer immunotherapy response prediction. Elife (2019) 8:
€49020. doi: 10.7554/eLife.49020

63. Chowell D, Morris LGT, Grigg CM, Weber JK, Samstein RM, Makarov V,
et al. Patient HLA class I genotype influences cancer response to checkpoint
blockade immunotherapy. Science (2018) 359(6375):582-7. doi: 10.1126/
science.aa04572

64. Zaretsky JM, Garcia-Diaz A, Shin DS, Escuin-Ordinas H, Hugo W, Hu-
Lieskovan S, et al. Mutations associated with acquired resistance to PD-1 blockade
in melanoma. N Engl ] Med (2016) 375(9):819-29. doi: 10.1056/NEJMoal604958

65. Bonaventura P, Shekarian T, Alcazer V, Valladeau-Guilemond ], Valsesia-
Wittmann S, Amigorena S, et al. Cold tumors: A therapeutic challenge for
immunotherapy. Front Immunol (2019) 10:168. doi: 10.3389/fimmu.2019.00168

66. Han X, Wei Q, Lv Y, Weng L, Huang H, Wei Q, et al. Ginseng-derived
nanoparticles potentiate immune checkpoint antibody efficacy by reprogramming
the cold tumor microenvironment. Mol Ther (2022) 30(1):327-40. doi: 10.1016/
j.ymthe.2021.08.028

67. Zappasodi R, Merghoub T, Wolchok JD. Emerging concepts for immune
checkpoint blockade-based combination therapies. Cancer Cell (2018) 33(4):581—
98. doi: 10.1016/j.ccell.2018.03.005

frontiersin.org


https://doi.org/10.1016/j.lfs.2021.119307
https://doi.org/10.3389/fmolb.2021.674863
https://doi.org/10.1038/icb.2016.14
https://doi.org/10.1182/blood-2005-04-1351
https://doi.org/10.1016/j.immuni.2007.04.010
https://doi.org/10.1186/s40425-019-0697-7
https://doi.org/10.1016/j.cell.2011.02.013
https://doi.org/10.3390/molecules25204831
https://doi.org/10.1038/nature06734
https://doi.org/10.1038/nature06734
https://doi.org/10.1016/j.devcel.2021.04.013
https://doi.org/10.1136/jitc-2019-000147
https://doi.org/10.1016/j.annonc.2021.02.006
https://doi.org/10.1016/j.annonc.2021.02.006
https://doi.org/10.7554/eLife.49020
https://doi.org/10.1126/science.aao4572
https://doi.org/10.1126/science.aao4572
https://doi.org/10.1056/NEJMoa1604958
https://doi.org/10.3389/fimmu.2019.00168
https://doi.org/10.1016/j.ymthe.2021.08.028
https://doi.org/10.1016/j.ymthe.2021.08.028
https://doi.org/10.1016/j.ccell.2018.03.005
https://doi.org/10.3389/fimmu.2022.914612
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

	Core immune cell infiltration signatures identify molecular subtypes and promote precise checkpoint immunotherapy in cutaneous melanoma
	Introduction
	Material and methods
	Data acquisition and processing
	Immune profile analysis
	Enrichment analysis
	Weighted gene co-expression network analysis
	Construction of the prognostic model
	Statistical analysis

	Results
	Core tumor&minus;infiltrating immune cell score (cTICscore) identified CM subtypes with distinct prognosis
	Development of the cTMGs in CM patients
	Characterization of the four crucial genes in CM TME
	Relationship between cTMGs and clinical features of CM patients
	Immune landscape of CM patients classified by cTMGs
	cTMGs was shown to be predictive for the efficacy of immunotherapy

	Discussion
	Data availability statement
	Author contributions
	Funding
	Supplementary material
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


