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Abstract
Increasing evidence has showed the immune response is an important indicator for predicting therapeutic
e�cacy, and the prognosis value of the in�ltration degree of immune and stromal cells within the tumor
microenvironment has been extensively explored. It is necessary to better understand the prognosis value
of genes concerning the immune and stromal cells in melanoma patients. A total of 714 up-regulated
genes in the high immune and stromal score groups compared with low immune and stromal score
groups. Then, a total of 104 hub genes of these differential genes were screened by protein-protein
interaction network, and their functional enrichment and signal pathway enrichment analysis showed
that they mainly affected tumor microenvironment by cytokine and cytokine receptors interaction,
chemokine signaling pathway and T cell receptor signaling pathway involved in regulating Th1, Th2,
Th17 differentiation. a single factor risk analysis of survival was performed and found 59 low-risk genes.
On this basis, multi-factor risk analysis was carried out, and 10 genes risk model was constructed in
TCGA-SKCM. Compared with clinically relevant parameters, the risk models established by these 10
genes showed that these 10 genes could be used as independent factors to predict the prognosis of
SKCM patients. The CIBERSORT algorithm was used to calculate immune cell subtypes. In the high-risk
group, the in�ltration of B cells naïve, monocytes and Macrophages M2 was signi�cantly higher than that
in the low-risk group. Finally, we validated these 10 gene in a different melanoma cohort extracted from
the GEO database. we identi�ed a list of melanoma immune-related genes that might predict outcomes
of melanoma patients. These �ndings indicated that monitoring and manipulating the melanoma
microenvironment could be a promising strategy for precision immunotherapy.

Introduction
Melanoma, arising from a malignant transformation of the melanocytes, is the �fth most common type
of cancer and has the highest mortality rate than other form of skin cancer in adults [1, 2]. The incidence
has been increasing in the United States and worldwide, with an estimated 100,350 adults (60,190 male
and 40160 female) diagnosed in the United States in 2020, taking up 5.6% of all new cancer cases and
leading to 6850 deaths (1.1% of all estimated deaths) [3]. Once melanoma has spread, this type of cancer
rapidly becomes life-threatening [2]. In recent years, the melanoma research �eld has seen an
unprecedented advances due to the increasing number of researches concerning the mechanisms of
gene and immune regulation in melanoma [1]. Speci�cally, immune checkpoint inhibitors have
dramatically changed the treatment options for melanoma [4]. However, the intrinsic and acquired
resistance puts a fundamental limitation in extending the bene�ts to all patients [5]. Therefore, it is
necessary to �nd the molecules that affect immune response and prognosis, which may promote drug
development and improve the therapeutic effect.

The tumor microenvironment (TME) is a complex milieu in which the tumor is located, consisting of
immune, mesenchymal, and endothelial cells, cytokines, chemokines, and extracellular matrix (ECM) [6,
7]. These cells and molecules are in a dynamic process and contribute to tumor immune escape, tumor
growth and metastasis [8]. Immune and stromal cells in the TME were valuable for diagnosis andLoading [MathJax]/jax/output/CommonHTML/fonts/TeX/fontdata.js
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prognosis of cancer [9]. Therefore, understanding the molecular features in the melanoma
microenvironment not only provides novel insight into the melanoma occurrence, development and
immune escape, but also is crucial for effectively manage cancer progression and immune response. The
ESTIMATE algorithm, designed by Yoshihara et al, was helpful in calculating the immune and stromal
scores to evaluate the non-tumor cells in�ltration by analyzing the transcriptome data which contains a
set of immune and stromal genes [10], and the Cutoff Finder was used to identify the cutoffs of the
ESTIMATE results [11]. Researchers have used it to performed prognostic assessments in prostate cancer
[12], glioblastoma [13], colon cancer [14], and clear cell renal cell carcinoma [15]. However, the value of
molecule features for melanoma remains to be further elucidated.

In the present work, to investigate the potential immune features for melanoma patients, we used the
TCGA-SKCM database and applied the ESTIMATE algorithm to calculate the immune and stromal scores
in the SKCM, and the TME-related hub genes which can predict the prognosis and treatment risk of SKCM
patients in the SKCM tumor microenvironment were extracted. Moreover, this was validated in a different
melanoma cohort available from the GEO database. We hypothesized that these identi�ed genes were
correlated with favorable prognosis of melanoma patients and might be helpful in developing the
potential immune therapeutic strategies by providing novel insights into the molecular mechanisms of
melanoma.

Materials And Methods
Data collection

TCGA-SKCM is available on the TCGA Data Portal (https://portal.gdc.cancer.gov/) and the patients’
clinical characters has been also downloaded from the TCGA Data Portal, including gender, age, clinical
stage, survival time and survival status. Among the inclusion criteria were (a) Tumor purity has been
estimated by image analysis of haematoxylin and eosin stain slides by the Nationwide Children’s
Hospital Biospecimen Core Resource and (b) clinical data with survival time and outcome, Exclusion
criteria included: (a) clinical data with survival time and outcome less than 90 days, and (b) samples with
less than 50% tumor cells were removed. For the external validation, clinical data about GSE65904
(datasets with analyzable sample sizes n = 189) gene expression pro�les, survival time and status were
retrieved from the GEO Data Portal (https://www.ncbi.nlm.nih.gov/geo/query). Since the data was
obtained from a public database, approval from the Ethics committee or written informed consent from
patients was not required.

Identi�cation of differentially expressed genes (DEGs)

The immune and stromal scores were calculated by the ESTIMATE package on R version 4.0.2. The
immune scores and stromal scores were divided into high and low groups by the cutoff value that was
generated by the method, Survival: signi�cance (log-rank test) in Cutoff Finder website
(http://molpath.charite.de/cutoff/assign.jsp). Venn diagrams analysis of the number of the cases in
immune and stromal score groups by VennDiagram package version 1.6.20. The extracted data wasLoading [MathJax]/jax/output/CommonHTML/fonts/TeX/fontdata.js
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analyzed by using the limma package version 3.44.3 in Bioconductor on the R version. Fold change > 4
and adj. P < 0.001 were set as the cutoffs to screen the signi�cantly DEGs. Heatmaps were generated by
the pheatmap package version 1.0.12.

Construction of protein-protein interaction (PPI) network

The PPI was obtained from the Search Tool for the Retrieval of Interacting Genes (STRING) database (
https://string-db.org/, version 11.0) and was reconstructed via Cytoscape version 3.7.1. The interaction
score > 0.9 was set as the criteria. The Molecular COmplex DEtection (MCODE) plugin of Cytoscape was
utilized to identify the most signi�cant clusters.

Functional and pathway enrichment analysis

Functional and pathway enrichment analysis of DEGs for the construction of gene oncology (GO) and
Kyoto Encyclopedia of Genes and Genomes (KEGG) was performed via the clusterPro�ler package
version 3.8. The gene oncology (GO) is categorized by biological processes (BP), molecular functions
(MF), or cellular components (CC). The KEGG analysis showed the pathway enrichment of DEGs.

Multivariate Cox regression model in the TCGA-SKCM set

The multivariate Cox regression model was constructed as previous report [16]. In brief, the TME-related
genes were put in a stepwise multivariate Cox proportional regression model to �nd the best predictive
model. Risk score (RS) staging model was constructed via the survival package version 3.1. RS= 

∑ n
i βi × Xi (n = the number of prognostic genes, β = the coe�cient of the genes, X = the relative

expression value of the corresponding gene).

Univariate Cox regression and Multivariate Cox regression analysis

To �nd the relationship between hub genes expression level and melanoma patient survival, the
univariate Cox regression analysis was performed by applying the survival package of R version 3.1. A
total of 36 hub genes with log-rank test P < 0.05 was considered as signi�cance. Multivariate Cox
regression analysis, which combines the expression values of signi�cant hub genes weighted by their
estimated regression coe�cients was used to identify the prognosis signature of the genes.

Overall survival curve and Receiver operating characteristic curve (ROC) analysis

Samples were divided into different groups according to their risk scores, and Kaplan-Meier analysis was
performed for the survival curves. The curves were generated via the R “survminer” package version 0.4.8.
The survival signi�cance was determined by two-sided log-rank tests. The ROC was dawn using the R
package of “survival ROC” version 1.0.3 and the area under the curve (AUC) was used to evaluate the
predictive value of the gene-based prognostic model.

Comparison of 22 immune cell subtypes between high RS and low RS groups
Loading [MathJax]/jax/output/CommonHTML/fonts/TeX/fontdata.js
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To explore the differences of immune cell subtypes, CIBERSORT package was used to assess the
proportions of 22 immune cell subtypes based on expression �le. The perm was set at 1000. Samples
with P < 0.05 in CIBERSORT analysis result were used in further analysis. Mann-Whitney U test was used
to compare differences in immune cell subtypes in the high RS and low RS groups.

Statistical analysis

Kaplan–Meier survival analysis was performed by log-rank test. The data was processed using the PERL
programming language (Version 5.32.0 http://www.perl.org). All statistical analyses were performed
using the R software (version 4.0.2, https://www.r-project.org/). P < 0.05 was regarded as statistically
signi�cant.

Results
Comparison of gene expression pro�les with immune and stromal scores in TCGA-SKCM

The transcriptional expression pro�les of 471 SKCM cases were downloaded from the TCGA database.
The 443 samples that meet the set criteria were evaluated by the ESTIMATE algorithm. Survival analysis
based on the ESTIMATE score group shows that the survival time of the high group is signi�cantly longer
than the low group (5.562 Years vs. 9.764 Years, log rank test, P < 0.0001) (Figure. 1A). In order to explore
the relationship between the overall survival and immune or stromal scores, we used the method Survival:
signi�cance (log-rank test) in Cutoff Finder website to �nd the proper cutoff value, and divided 443 SKCM
cases into high scores and low scores groups according to their scores and performed the Kaplan-Meier
analysis. The survival curve showed that the median overall survival of patients with low immune score
was shorter than those with high score group (5.233 Years vs. 12.35Years, log rank test, P < 0.0001)
(Figure. 1B), and signi�cant results were also found in stromal scores group (5.756 Years vs. 8.019, log-
rank test, P = 0.0422) (Fig. 1C). To �nd out the relationship between overall gene expression pro�les and
immune/stromal scores, the Venn diagrams indicated that 175 cases were up-regulated in immune and
stromal high score groups (Fig. 1D), while 161 cases were down-regulated in both immune and stromal
low score groups (Fig. 1D). Comparing the high- and low- immune/stromal score groups, 714 up-
regulated genes and 2 down-regulated genes were identi�ed (fold change > 4, P < 0.001) (Fig. 1E).
Therefore, we focused on the 716 DEGs for further analysis.

Screening of hub genes in SKCM microenvironment via protein-protein interactions

For better understanding the interactions of these identi�ed DEGs, the protein-protein interaction (PPI)
networks were acquired by applying the online STRING tool, and the combined score > 0.9 was considered
to be signi�cant in an interaction. The PPI networks of DEGs contained 386 nodes and 4518 edges.
Results from STRING were further analyzed by Cytoscape, a free bioinformatics platform which was
designed for visualizing molecules interaction networks. MCODE, plug-in of Cytoscape, was used to
select hub genes. Three signi�cant modules were identi�ed. In the �rst module, 36 nodes were formed in
the network, including C3, C3AR1, CCL19, CCL21, CCL25, CCL4, CCL4L1, CCL5, CCR2, CCR4, CCR5, CCR7,Loading [MathJax]/jax/output/CommonHTML/fonts/TeX/fontdata.js
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CCR8, CNR2, CX3CR1, CXCL10, CXCL11, CXCL12, CXCL13, CXCL9, CXCR3, CXCR4, CXCR5, CXCR6, FPR1,
FPR3, GNGT2, GPR18, GPR183, NPY1R, P2RY13, P2RY14, PNOC, S1PR4, SSTR3, and SUCNR1 (Fig. 2A
and D). Module 2 contained 46 nodes: PTAFR, CYBB, ITGB2, ATP8B4, CD177, CD53, CLEC12A, CLEC4D,
LAIR1, OLR1, PLAU, ITGAL, FCER1G, HVCN1, LILRB2, P2RX1, RAB37, SLC27A2, SLC2A5, TNFRSF1B,
CD300A, CLEC4C, SIGLEC14, CD3G, CD3D, CD3E, CD4, FCGR1A, LCK, VCAM1, CIITA, FCGR1B, PTPN6,
GBP2, IRF1, IRF8, CD274, GBP1, GBP5, PDCD1, PDCD1LG2, ZAP70, GBP4, PRKCQ, PTPN22 and PTPRC
(Fig. 2B and E). Module 3 contained 22 nodes: HLA-DRA, HLA-DRB1, CD74, HLA-DMA, HLA-DMB, HLA-
DOA, HLA-DOB, HLA-DPA1, HLA-DPB1, HLA-DQA1, HLA-DQA2, HLA-DQB1, HLA-DQB2, HLA-DRB5, CD247,
CD28, CD80, CD86, VAV1, ITK, CD8A and CD8B (Fig. 2C and F). The PPI analysis indicated that the 104
nodes identi�ed in the network modules were considered as the hub genes in SKCM microenvironment
for they might affect the development of tumors and the prognosis of patients.

Functional enrichment analysis of hub genes of SKCM tumor microenvironment

Given that the node genes in these three networks were essential in the SKCM TME, functional
enrichment analysis was performed. GO terms with the adjust p value (FDR) < 0.05 were considerated to
be signi�cant. Based on the criteria, a total of 628 biological process, 55 cellular component, and 53
molecular function of GO terms were identi�ed to be signi�cant. The top 10 GO terms of each process
were shown (Fig. 3A and B). Top GO terms included T cell activation, lymphocyte activation, lymphocyte
differentiation, leukocyte cell-cell adhesion, cell activation regulation, regulation of leukocyte cell-cell
adhesion, lymphocyte proliferation, mononuclear cell proliferation and positive regulation of leukocyte
activation (Fig. 3A and B). Moreover, the Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis
indicated that all the DEGs-related pathways were associated with immune response, such as cytokine
and cytokine receptors interaction, chemokine signaling pathway and T cell receptor signaling pathway
involved in regulating Th1, Th2, Th17 differentiation. (Fig. 3C and D).

The SKCM tumor microenvironment risk model was constructed

Combined with the survival time and survival status in TCGA-SKCM data, 104 SKCM TME hub genes
were analyzed by Univariate risk ratio analysis and �ltered by P < 0.01. A total of 59 low-risk TME-related
genes were identi�ed (Fig. 4A), and they were analyzed by multivariate Cox regression to construct a
prognostic model containing SKCM TME genes of 10 genes (Risk score= (-0.493) × P2RY13 + 0.845 × 
FCGR1A + 0.712 × PDCD1LG2 + 0.447 × IRF1 +(-0.207)×GBP2 + -0.977 ×CD247 + -0.155 ×HLA-DQB2 + 
0.388 × HLA-DRA + -0.680 ×CD8A + 0.516 × CD8B (Fig. 4B, C and D). We plotted survival curves of these
10 genes to explore their prognostic value. The results suggested that up-regulated of these ten SKCM
TME-related genes was associated with a longer survival period (Fig. S1). The multivariate risk analysis
results showed that only these 10 genes constructing the risk models with the area under the ROC curve
reached 0.771 could be used as independent risk factors (Fig. S2).

The speci�city and sensitivity of tumor microenvironment-related gene risk scores

Loading [MathJax]/jax/output/CommonHTML/fonts/TeX/fontdata.js
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To explore the relationship between the risk scores of the 10 TME-related genes and the TME stromal and
immune scores, we applied the correlation analysis. The results showed that risks scores had a strong
negative correlation with melanoma immune and stromal score, and the correlation coe�cients were − 
0.5013 and − 0.3535, respectively (Fig. 5A and B). The univariate risk analysis showed the 10 genes risk
scores and tumor staging in the TME, T1-4 and N0-3 could be used as a risk factor for melanoma
patients (Fig. 5C). However, the multivariate risk analysis results showed that only the 10 genes risk
scores in the TME, T1-4 and N0-3 could be used as independent risk factors for melanoma patients
(Fig. 5D). Receiver operating characteristics (ROC) analysis was used to evaluate the e�ciency of the
prognosis signature, T1-4 and N0-3. The data indicated that the robustness of the 10 genes risk scores in
the SKCM TME is the highest (Fig. 5E). Kaplan-Meier survival curves were obtained for selecting and the
results suggested that high risk was associated with poor overall survival (P = 2.665e-15 in Log-Rank test)
(Fig. 5F).

Immune cell subtypes between high and low RS group

The 22 immune cell in�ltration of high and low RS groups are shown in Fig. 6. T cells CD8, T cells CD4
memory activated, T cells gamma delta and Macrophages M1 in�ltration in the low-risk group were
signi�cantly higher than those in the high-risk group. In the high-risk group, the in�ltration of B cells naïve,
monocytes and Macrophages M2 was signi�cantly higher than that in the low-risk group.

GSE65904 for validation data set in GEO database

To understand whether the melanoma TME-related risk genes identi�ed from the TCGA-SKCM dataset are
also prognostic in other melanoma cases, we downloaded the GSE65904 dataset from the GEO database
and analyzed gene expression pro�les of the independent case cohort. Cox multivariate was used to
analyze the 10 melanoma TME-related risk genes, and we found that ten genes including CD247, CD8A,
FCGR1A, GBP2, HLA-DQB2, HLA-DRA, IRF1, P2RY13, PDCD1LG2 and CD8B participated in the cohort
(Fig. 7A, B and C). Survival analysis showed signi�cant differences in survival between the low- and high-
risk groups in the GSE65904 dataset (P = 2.377e-09 (Fig. 7E). ROC curve was drawn, and the area under
the ROC curve was found to be 0.742 (Fig. 7D).

Discussion
In the TME, the immune and stromal cells which are the main types of non-tumor components, which are
considered to be valuable for tumor diagnosis and prognosis and therapeutic strategy selection [17, 18].
For example, tumor immune pro�ling studies revealed that metastatic melanoma patients with partially
exhausted CD8 + T cells within tumor site were predicted to have a high likelihood to response to anti–
PD-1 therapy [19, 20]. And one single-cell RNA-seq study of melanoma also indicated that the interaction
between immune cell and stromal molecule may be important factor for melanoma diagnosis and
therapeutic strategies [21]. Since the genomic landscape of tumor tissues is an essential factor that
determine the TME [22], it is necessary to use various methods to explore effective prognostic biomarkers
which may remarkably affect the cancer treatment response. Therefore, we explored the TME ofLoading [MathJax]/jax/output/CommonHTML/fonts/TeX/fontdata.js



Page 8/22

melanoma and sought signi�cant genes with prognostic value that contribute to melanoma patients’
survival.

We calculated the immune and stromal scores of the TME of 336 patients in SKCM based on
transcriptome data in the TCGA database. Comparing the differences in gene expression levels between
the high and low immune/stromal scores, we identi�ed 59 low risk genes associated with the prognosis
of SKCM patients. Multivariate risk analysis of these 59 low-risk genes constructed a risk grouping model
based on 10 genes. P2RY13, FCGR1A, PDCD1LG2, IRF1, CD274, GBP2, CD247, HLA-DQB2, CD8A and
CD8B and divided SKCM into low- and high-risk groups. These 10 genes were highly expressed in the low-
risk group, indicating that they are related with favorable prognosis of melanoma patients. These 10
molecules can be divided into the following categories: TCR/CD3 complex related molecules: CD8A and
CD8B; G protein coupled receptors and their ligands: P2RY13; Immune checkpoint related proteins:
PDCD1LG2, CD274; Interferon gamma signaling pathway proteins: GBP2 and IRF1; T cell activation
molecules, integrin and IgG receptor related molecules: FCGR1A; Type II major histocompatibility
complex: HLA-DQB2 and HLA-DRA.

The CD3 complex is essential in the immune response. The protein encoded by CD8A and CD8B
constitute the CD8, which can mediate effective cell-to-cell interactions in the immune system on
cytotoxic T lymphocytes. This mechanism enables CTL to recognize and eliminate infected cells and
tumor cells [23]. P2RY13 (Purinergic receptor P2Y13) is activated by ADP and may play a role in
hematopoietic and immune systems [24]. PDCD1LG2 (programmed cell death 1 ligand 2) involves in
costimulatory signals, and the interaction with PDCD1 inhibits T cell proliferation by preventing cell cycle
progression and cytokine production [25]. GBP2 (Guanylate binding protein 2) is reported to be
associated with better prognosis in breast cancer and represents an e�cient T cell response [26]. IRF1
(Interferon Regulatory Factor 1) is a transcriptional regulator and tumor suppressor. It directly affects NK
maturation and activity [27], M1 macrophage production [28], and its priming of the TEXs (tumor-derived
exosomes) enhances antitumor immune redsponse [29]. FCGR1A (Fc fragment of IgG receptor Ia) is a
high-a�nity Fc-γ receptor that plays a role in both innate and adaptive immune responses [30]. HLA-
DQB2 and HLA-DRA belong to HLA II. They can bind peptides from antigens. These peptides enter the
endocytic pathway of antigen-presenting cells (APC) and present them to the cell surface for CD4 T cell
recognition [31]. Whether they determine the speci�city of peptide binding in melanoma
microenvironment remains to be determined.

The above analysis shows that the expression of 10 genes mainly affects the immune in�ltration score.
This indicates that the prognostic value of the risk score is related to the immune system of melanoma.
To further explore immunity and risk scoring, we use the CIBERSORT algorithm to calculate immune cell
subtypes. The results showed that the two risk score groups expressed different immune cell subtypes. In
the high-risk group, T cells CD8, T cells CD4 memory activated, T cells gamma delta and Macrophages
M1 levels were lower, while B cells naïve, monocytes and Macrophages M2 levels were higher. This
implies that the imbalance of the ratio of T cells CD8, CD4, T cells gamma delta and M macrophages in
the high-risk group may reduce the survival rate of patients. These results may provide clues for decodingLoading [MathJax]/jax/output/CommonHTML/fonts/TeX/fontdata.js
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the complex interaction between tumor and TME in melanoma. A lot of valuable information remains to
be explored and mined.

In summary, by analyzing of TCGA database using ESTIMATE algorithm and functional analysis of the
genes, we extracted 59 genes related to TME with low risk, and an effective risk prediction model
composed of the 10 genes was constructed. The risk models constructed by these low-risk genes was
con�rmed in the GEO-GSE65904 cohort. In addition, we �nd that these genes are conducive to the overall
survival of patients. Therefore, further exploration of these genes may provide novel insight into the
potential biomarkers in TME for melanoma prognosis and therapy.

Declarations
Acknowledgements

Not appliable.

Authors’ Contributions

The work presented here was carried out in collaboration among all authors. Feng Liu, Hua Liu and Feng-
Hou Gao de�ned the research theme, discussed analyses, interpretation, and presentation. Feng-Hou Gao
and Chen Chen drafted the manuscript. Feng-Hou Gao and Chao Zhang analyzed the data, and
interpreted the results. Jun-Mei Yang and Jia-Hui Guo co-worked on associated data collection and
helped to revise the manuscript. Chen Chen and Shan-Shan Yin helped to perform the reference
collection. All authors read and approved the �nal manuscript.

Funding

This work was supported in part by the National Natural Science Foundation of China (82002922 and
81572796), Science and Technology Committee of Shanghai (14401901500).

Availability of data and materials

The datasets generated and analyzed during the current study are available from the corresponding
author on reasonable request.

Ethics approval and consent to participate

Not appliable.

Consent for publication

Not appliable.

Competing Interests
Loading [MathJax]/jax/output/CommonHTML/fonts/TeX/fontdata.js



Page 10/22

The authors report no con�ict of interest.

References
1. Jenkins RW, Fisher DE: Treatment of Advanced Melanoma in 2020 and Beyond. J Invest Dermatol

2020.

2. Schadendorf D, van Akkooi ACJ, Berking C, Griewank KG, Gutzmer R, Hauschild A, Stang A, Roesch A,
Ugurel S: Melanoma. Lancet 2018, 392(10151):971-984.

3. Siegel RL, Miller KD, Jemal A: Cancer statistics, 2020. CA Cancer J Clin 2020, 70(1):7-30.

4. Luke JJ, Flaherty KT, Ribas A, Long GV: Targeted agents and immunotherapies: optimizing outcomes
in melanoma. Nat Rev Clin Oncol 2017, 14(8):463-482.

5. 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):1260-1270.

�. Maman S, Witz IP: A history of exploring cancer in context. Nat Rev Cancer 2018, 18(6):359-376.

7. Ribeiro Franco PI, Rodrigues AP, de Menezes LB, Pacheco Miguel M: Tumor microenvironment
components: Allies of cancer progression. Pathol Res Pract 2020, 216(1):152729.

�. Jiang X, Wang J, Deng X, Xiong F, Ge J, Xiang B, Wu X, Ma J, Zhou M, Li X et al: Role of the tumor
microenvironment in PD-L1/PD-1-mediated tumor immune escape. Mol Cancer 2019, 18(1):10.

9. Fridman WH, Zitvogel L, Sautès-Fridman C, Kroemer G: The immune contexture in cancer prognosis
and treatment. Nat Rev Clin Oncol 2017, 14(12):717-734.

10. Yoshihara K, Shahmoradgoli M, Martínez E, Vegesna R, Kim H, Torres-Garcia W, Treviño V, Shen H,
Laird PW, Levine DA et al: Inferring tumour purity and stromal and immune cell admixture from
expression data. Nat Commun 2013, 4:2612.

11. Budczies J, Klauschen F, Sinn BV, Győrffy B, Schmitt WD, Darb-Esfahani S, Denkert C: Cutoff Finder: a
comprehensive and straightforward Web application enabling rapid biomarker cutoff optimization.
PLoS One 2012, 7(12):e51862.

12. Shah N, Wang P, Wongvipat J, Karthaus WR, Abida W, Armenia J, Rockowitz S, Drier Y, Bernstein BE,
Long HW et al: Regulation of the glucocorticoid receptor via a BET-dependent enhancer drives
antiandrogen resistance in prostate cancer. Elife 2017, 6:e27861.

13. Jia D, Li S, Li D, Xue H, Yang D, Liu Y: Mining TCGA database for genes of prognostic value in
glioblastoma microenvironment. Aging (Albany NY) 2018, 10(4):592-605.

14. Alonso MH, Aussó S, Lopez-Doriga A, Cordero D, Guinó E, Solé X, Barenys M, de Oca J, Capella G,
Salazar R et al: Comprehensive analysis of copy number aberrations in microsatellite stable colon
cancer in view of stromal component. Br J Cancer 2017, 117(3):421-431.

15. Xu WH, Xu Y, Wang J, Wan FN, Wang HK, Cao DL, Shi GH, Qu YY, Zhang HL, Ye DW: Prognostic value
and immune in�ltration of novel signatures in clear cell renal cell carcinoma microenvironment.
Aging (Albany NY) 2019, 11(17):6999-7020.

Loading [MathJax]/jax/output/CommonHTML/fonts/TeX/fontdata.js



Page 11/22

1�. Li YY, Yang C, Zhou P, Zhang S, Yao Y, Li D: Genome-scale analysis to identify prognostic markers
and predict the survival of lung adenocarcinoma. J Cell Biochem 2018, 119(11):8909-8921.

17. Mahajan UM, Langhoff E, Goni E, Costello E, Greenhalf W, Halloran C, Ormanns S, Kruger S, Boeck S,
Ribback S et al: Immune Cell and Stromal Signature Associated With Progression-Free Survival of
Patients With Resected Pancreatic Ductal Adenocarcinoma. Gastroenterology 2018, 155(5):1625-
1639.e1622.

1�. Turley SJ, Cremasco V, Astarita JL: Immunological hallmarks of stromal cells in the tumour
microenvironment. Nat Rev Immunol 2015, 15(11):669-682.

19. Daud AI, Loo K, Pauli ML, Sanchez-Rodriguez R, Sandoval PM, Taravati K, Tsai K, Nosrati A, Nardo L,
Alvarado MD et al: Tumor immune pro�ling predicts response to anti-PD-1 therapy in human
melanoma. J Clin Invest 2016, 126(9):3447-3452.

20. Levine LS, Mahuron KM, Tsai KK, Wu C, Mattis DM, Pauli ML, Oglesby A, Lee JC, Spitzer MH,
Krummel MF et al: Tumor Immune Pro�ling-Based Neoadjuvant Immunotherapy for Locally
Advanced Melanoma. Ann Surg Oncol 2020.

21. Tirosh I, Izar B, Prakadan SM, Wadsworth MH, 2nd, Treacy D, Trombetta JJ, Rotem A, Rodman C, Lian
C, Murphy G et al: Dissecting the multicellular ecosystem of metastatic melanoma by single-cell
RNA-seq. Science 2016, 352(6282):189-196.

22. Tamborero D, Rubio-Perez C, Muiños F, Sabarinathan R, Piulats JM, Muntasell A, Dienstmann R,
Lopez-Bigas N, Gonzalez-Perez A: A Pan-cancer Landscape of Interactions between Solid Tumors
and In�ltrating Immune Cell Populations. Clin Cancer Res 2018, 24(15):3717-3728.

23. Raskov H, Orhan A, Christensen JP, Gögenur I: Cytotoxic CD8(+) T cells in cancer and cancer
immunotherapy. Br J Cancer 2020.

24. Rafehi M, Müller CE: Tools and drugs for uracil nucleotide-activated P2Y receptors. Pharmacol Ther
2018, 190:24-80.

25. Tang S, Kim PS: A high-a�nity human PD-1/PD-L2 complex informs avenues for small-molecule
immune checkpoint drug discovery. Proc Natl Acad Sci U S A 2019, 116(49):24500-24506.

2�. Godoy P, Cadenas C, Hellwig B, Marchan R, Stewart J, Reif R, Lohr M, Gehrmann M, Rahnenführer J,
Schmidt M et al: Interferon-inducible guanylate binding protein (GBP2) is associated with better
prognosis in breast cancer and indicates an e�cient T cell response. Breast Cancer 2014, 21(4):491-
499.

27. Ohteki T, Yoshida H, Matsuyama T, Duncan GS, Mak TW, Ohashi PS: The transcription factor
interferon regulatory factor 1 (IRF-1) is important during the maturation of natural killer 1.1+ T cell
receptor-alpha/beta+ (NK1+ T) cells, natural killer cells, and intestinal intraepithelial T cells. J Exp
Med 1998, 187(6):967-972.

2�. Chistiakov DA, Myasoedova VA, Revin VV, Orekhov AN, Bobryshev YV: The impact of interferon-
regulatory factors to macrophage differentiation and polarization into M1 and M2. Immunobiology
2018, 223(1):101-111.

Loading [MathJax]/jax/output/CommonHTML/fonts/TeX/fontdata.js



Page 12/22

29. Yang MQ, Du Q, Varley PR, Goswami J, Liang Z, Wang R, Li H, Stolz DB, Geller DA: Interferon
regulatory factor 1 priming of tumour-derived exosomes enhances the antitumour immune response.
Br J Cancer 2018, 118(1):62-71.

30. Kara S, Amon L, Lühr JJ, Nimmerjahn F, Dudziak D, Lux A: Impact of Plasma Membrane Domains on
IgG Fc Receptor Function. Frontiers in Immunology 2020, 11(1320).

31. Garrido F: HLA Class-II Expression in Human Tumors. Adv Exp Med Biol 2019, 1151:91-95.

Figures

Figure 1

Comparison of gene expression pro�le with immune scores and stromal scores in SKCM. (A) 443 SKCM
cases were divided into two high- and low-score groups according to their ESTIMATEScore. Kaplan-Meier
survival curve indicated the patients’ overall survival in different ESTIMATEScore groups, and the median
survival of the high score group and low score group are 5.562 Years and 9.764 Years, respectively. (B)
443 SKCM cases were divided into two high- and low-score groups based on Cutoff Finder according to
their immune. Kaplan-Meier survival curve indicated the patients’overall survival in different immune
score groups, and the median survival of the high score group and low score group are 5.233 Years and
12.35 Years, respectively. As indicated by the log‐rank test, p value is less than 0.0001. (C) 443 SKCM
cases were divided into two high- and low-score groups based on Cutoff Finder according to their stromal
scores. Kaplan-Meier survival curve indicated the patients’ overall survival in different stromal score
groups. and the median survival of the high score group and low score group are 5.756 Years and 8.019
Years, respectively. As indicated by the log‐rank test, p value is less than 0.05. (D) Venn diagrams
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analysis of the number of the cases in immune and stromal score groups. (E) Heatmap of the DEGs
between high and low immune/stromal score groups. (P <0.001, fold change >4). The up-regulated genes
are shown in red, while the down-regulated genes are shown in green.
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Figure 2

Up-regulated hub genes are screened through the PPI network in the tumor microenvironment. (A B and
C) The PPI network of the top 714 up-regulated and 2 down-regulated genes with medium con�dence >
0.9 was further analyzed by Cytoscape and the top 3 modules were selected. (D E and F)The count of
edges between each nodes and other genes in the top 3 modules is displayed in Barplot.
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0.9 was further analyzed by Cytoscape and the top 3 modules were selected. (D E and F)The count of
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Figure 3

GO term and KEGG pathway analysis for DEGs signi�cantly associated with tumor microenvironment.
Bar chart (A) and bubble chart of (B) top 10 GO terms regarding biological process (BP), cellular
component (CC), molecular function (MF) of the DEGs were plotted for functional enrichment clustering
analysis. and Top 20 KEGG pathways of the DEGs are shown in bar chart (C) and bubble chart (D).
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component (CC), molecular function (MF) of the DEGs were plotted for functional enrichment clustering
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Figure 4

Construct a SKCM tumor microenvironment risk model. (A) Combined with survival time and survival
status in TCGA-SKCM data, the forest map showed 59 low-risk TME-related genes with P<0.01. B C and
D) Multivariate Cox regression analysis of 59 low-risk TME-related genes, constructing a prognostic
model containing 10 SKCM TME genes.
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Tumor microenvironment-related gene risk scores were compared with clinical pathological parameters.
(A) Correlation analysis between TME-related gene risk scores and TME immune scores. (B) Correlation
analysis between TME-related gene risk scores and TME stromal scores. (C and D) Univariate and
multivariate risk analysis of TME-related gene risk scores, tumor stage, tumor size, distant metastasis,
and lymph node in�ltration. (E) The 10 TME-related gene risk assessment scores, tumor stage and TNM
ROC curve and area under the curve in TCGA-SKCM tumors. (F) Kaplan-Meier survival curves were
generated for selected the 10 TME-related gene risk assessment scores from the comparison of groups of
high (red line) and low (blue line) score groups.
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analysis between TME-related gene risk scores and TME stromal scores. (C and D) Univariate and
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Figure 6

Analysis of Immune Cell In�ltration in Tumor Microenvironment. Violin plot showing the relationship
between risk score with immune cell in�ltration. Red color represents high-RS group while blue color
represents low-RS group. Differential immune cell type expression was observed between the high and
low-RS groups.
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Figure 7

Validation from GEO database with overall survival in GSE65904 cohort. The melanoma expression
dataset GSE65904 in the GEO database was downloaded, and a risk score model was constructed based
on the 10 TME risk genes and multi-factor risk risk analysis. Distribution of risk scores (A), distribution of
OS (B), heat map (C) of ten TME-related gene expressions in low-risk and high-risk populations. The rows
represent the corresponding genes and the columns represent the corresponding patients. (D) The ROC
curve evaluates the speci�city and sensitivity of the risk group. (E) Kaplan-Meier analysis of the survival
of melanoma patients between low-risk and high-risk groups.
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