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Abstract

Background: Immunotherapy is a vital component in cancer treatment. However, due to the complex genetic
bases of cancer, a clear prediction index for efficacy has not been established. Tumor mutation burden (TMB) is one
of the essential factors that affect immunotherapeutic efficacies, but it has not been determined whether the
mutation is associated with the survival of Skin Cutaneous Melanoma (SKCM) patients. This study aimed at
evaluating the correlation between TMB and immune infiltration.

Methods: Somatic mutation profiles (n = 467), transcriptome data (n = 471), and their clinical information (n = 447)
of all SKCM samples were downloaded from The Cancer Genome Atlas (TCGA) database. For each sample, TMB was
calculated as the number of variants per megabase. Based on K-M survival analysis, they were allocated into the
high-TMB and low-TMB groups (the optimal cutoff was determined by the ‘surv_cutpoint’ algorithm of survival R
package). Then, Gene ontology (GO) and Gene Set Enrichment Analyses (GSEA) were performed, with immune-
associated biological pathways found to be significantly enriched in the low-TMB group. Therefore, immune genes
that were differentially expressed between the two groups were evaluated in Cox regression to determine their
prognostic values, and a four-gene TMB immune prognostic model (TMB-IP) was constructed.

Results: Elevated TMB levels were associated with better survival outcomes in SKCM patients. Based on the cutoff
value in OS analysis, they were divided into high-TMB and low-TMB groups. GSEA revealed that the low-TMB group
was associated with immunity while intersection analysis revealed that there were 38 differentially expressed
immune-related genes between the two groups. Four TMB-associated immune genes were used to construct a
TMB-IP model. The AUC of the ROC curve of this model reached a maximum of 0.75 (95%CI, 0.66–0.85) for OS
outcomes. Validation in each clinical subgroup confirmed the efficacy of the model to distinguish between high
and low TMB-IP score patients.

Conclusions: In SKCM patients, low TMB was associated with worse survival outcomes and enriched immune-
associated pathways. The four TMB-associated immune genes model can effectively distinguish between high and
low-risk patients.
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Background
Skin Cutaneous Melanoma is a fatal malignant tumor of
the skin. Currently, the specific etiology of primary cuta-
neous melanoma is postulated to be long-term ultravio-
let overexposure [1, 2]. Ultraviolet short waves induce
DNA damage in skin cells, which leads to inflammation,
immunosuppression, and melanoma [3]. Even though
SKCM accounts for less than 5% of skin cancers, it has a
high mortality rate that is correlated with its high malig-
nancy and invasiveness [4]. Over the past 30 years, the
global prevalence of SKCM has been on the rise, and it
has been reported that in 2018, global incidences were
about 280 thousand new morbidites and over 60 thou-
sand mortalities [5]. In 2019, there were more than 96
thousand new cases of SKCM in the USA alone [6]. In
China, the annual number of new SKCM cases is more
than 8 thousand [7]. Even though SKCM incidences are
increasing, advances in medical technology, especially in
targeted therapy, immunotherapy, and chemotherapy to
a certain extent, have led to positive survival outcomes
for patients and reduced mortality rates. For example,
before 2011, the median survival time for metastatic
melanoma patients was 9 months, but has now been
reported to exceed 2 years [8]. These improvements are
mainly attributed to small molecule inhibitors (e.g.,
BRAF inhibitors, MEK inhibitors) [9, 10] and immune
checkpoint blockade (ICB) [11–13]. Identification of
CTLA-4 and PD-L1/PD-1 antibodies has enhanced ad-
vances in tumor immunotherapy [14, 15].
The tumor microenvironment is mainly composed of

tumor cells, fibroblasts, immune cells and the extracellu-
lar matrix, which significantly affect treatment and
survival outcomes. Immunotherapy is closely correlated
with immune cells. Elucidating on immune infiltration
in the tumor microenvironment is key to improving
response rates, and could inform the development of
new immunotherapeutic strategies. Melanoma is a
tumor with strong immunogenicity. Pathological studies
have reported that there is a high number of immune
cell infiltration in melanoma tissues and, immunother-
apy can directly inhibit tumor progression or even cure
tumors [16, 17].
Tumor mutation burden refers to the frequency of

mutations in the coding regions of somatic cells
(variants per megabase) [18–20]. An increase in TMB is
correlated with an increase in tumor antigenicity, which
is the premise of the effectiveness of the PD-1/PD-L1
antibody. In several clinical trials, TMB has been shown
to be a good predictor of immunotherapeutic efficacy
[21–25]. The CheckMate-026 clinical trial, a retrospect-
ive analysis, reported that: among NSCLC patients ad-
ministered with immunotherapy, the remission rate and
progression-free survival outcomes of the high-TMB
group were significantly better than those of the low-

TMB group. Patients exhibiting elevated PD-L1 protein
expression with high TMB had the most significant
benefits, however, patients with elevated PD-L1 protein
expression levels but with low TMB had no significant
benefits. CM012 post-test analysis revealed correspond-
ing results [21].
Various public databases, such as TCGA, GEO, cBio-

Portal, and ICGC among others, are available for
researchers. However, few studies have evaluated TMB
associated immune infiltration in SKCM. Therefore, this
study aimed at evaluating the prognostic value of TMB,
and to elucidate on how it is associated with immune
infiltration.

Methods
Data acquisition
Somatic mutation profiles for 467 SKCM patients were
retrieved from the TCGA database (https://portal.gdc.
cancer.gov/). The “Maftools” R package [26] was used to
represent the mutation situation. Moreover, we down-
loaded the level 3 transcriptome data for all available
SKCM samples (tumor samples, n = 471). Corresponding
clinical information including sex, age, TNM stages,
pathological stage, as well as survival outcomes were also
obtained (n = 447, Table 1, Supplementary Table S1).
Samples with follow-up time of less than 60 days were
deleted after which the remaining samples were merged
with TMB for survival analysis (Supplementary Table S2).
The workflow of this study was illustrated in Supplemen-
tary Fig. S1. These data were retrieved from free public
databases, and as such, ethical approval was waived.

TMB calculation and Kaplan-Meier analysis
TMB refers to the total number of substitutions, inser-
tions, deletions, and mutant genes per megabase in the
coding region (exon) of the gene assessed in the tumor
tissue. In this study, we determined TMB by dividing the
number of variants by the length of exons (38 million)
for each sample. TMB and the corresponding survival
time of the same sample were merged. Subsequently,
Kaplan-Meier (KM) analysis was performed to compare
survival outcomes in low- versus high-TMB groups and
determined the p of the log-rank test. Moreover, Wilcoxon
rank test was performed to assess the difference between
two groups of different clinical characteristics while the
Kruskal-Wallis test was performed to compare differences
among multiple groups.

Differentially expressed genes and functional pathway
analysis
RNA-seq data of SKCM patients were divided into low-
and high-TMB groups. The “limma” R package [27] was
used to identify DEGs between the two groups (Fold
Change [FC] = 1 and False Discovery Rate [FDR] < 0.05).,
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and the Heatmap plot was drawn using “pheatmap” R
package (https ://CRAN.R-project .org/package=
pheatmap) to indicate the difference. Next, the Entrez
ID for every DEG was obtained using the “org. Hs.eg.db”
package, after which GO analysis was performed using
“clusterProfiler” [28], “enrichplot” and “ggplot2” pack-
ages. In addition, GSEA [29] was performed using the

TMB level as the phenotype. The “c2.cp.kegg.v7.1.sym-
bols.gmt” was retrieved from the MSigDB database [30],
and was set as a baseline gene set. Pathways with FDR <
0.25 were considered enriched. Due to differences in im-
mune pathway enrichment in high versus low TMB
groups, we used the “estimate” R package (https://R-
Forge.R-project.org/projects/estimate) to calculate im-
mune cell scores for the transcriptome data. From the
Immunoscore survival analysis, it was shown that low
immune infiltration is associated with poor survival
outcomes. Therefore, interactions between DEGs and
immune-related genes (ImmPort Private Database) were
evaluated. Venn analysis showed that there were 38
intersection genes for 1812 immune genes [31] and 504
DEGs.

Construction of a TMB-immune prognostic model for hub
immune genes
Univariate-lasso-multivariate Cox regression analysis
was performed on the 38 intersection genes, from which
four hub immune genes were obtained and used to
construct the TMB-IP model. Then, we calculated the
TMB-IP score for all patients by the coefficients of each
gene and divided the SKCM patients into high and low
TMB-IP group. ROC curve and K-M analysis were used
to assess the predictive value of the TMB-IP score in
SKCM. The prognostic efficiency of this model was also
tested in each clinical subgroup through K-M survival
analysis.

TIMER database and CIBERSORT algorithm
Mutation types of the hub immune genes with different
immune infiltrates in SKCM were assessed according to
the “SCNA” module of Tumor Immune Estimation
Resource (TIMER) database [32]. Furthermore, “CIBER-
SORT” algorithm [33] was used to estimate the immune
infiltration degree of 22 types of cells in a mixed popula-
tion of cells based on certain features of gene expression
in 22 leukocyte subtypes-LM22. The “pheatmap” package
revealed immune cell distributions in the two groups.
Then, we used the Wilcoxon rank test to assess disparities
in the amounts of immune infiltrates in the low-versus
high-TMB groups. The “vioplot” R package was used to
determine the p-values.

Determination of prognostic value of immune cells in the
TIMER database
Data from the TIMER database were used to perform
multivariate Cox analysis of the cells that were involved
in immune infiltration, as well as to calculate the hazard
ratio (HR; 95%CI). Survival outcomes were evaluated by
survival analysis.

Table 1 Clinical baseline of 447 SKCM patients

Variables Number (%)

Vital Status

Alive 239 (53.5%)

Dead 208B (46.5%)

Age 57.8 ± 15.6

Sex

Male 279 (62.4%)

Female 168 (37.6%)

Pathological Stage

I/II NOS 10 (2.3%)

Stage 0 6 (1.3%)

Stage I 77 (17.2%)

Stage II 131 (29.3%)

Stage III 170 (38.0%)

Stage IV 20 (4.5%)

Unknown 33 (7.4%)

AJCC-T Stage

T0/Tis 30 (6.7%)

T1 42 (9.4%)

T2 76 (17.0%)

T3 88 (19.7%)

T4 144 (32.2%)

TX 42 (9.4%)

Unknown 25 (5.6%)

AJCC-N Stage

N0 222 (49.7%)

N1 73 (16.3%)

N2 49 (11.0%)

N3 55 (12.3%)

NX 31 (6.9%)

Unknown 17 (3.8%)

AJCC-M Stage

M0 402 (89.9%)

M1 21 (4.7%)

Unknown 24 (5.4%)

Sample Type

Primary tumor 95 (21.2%)

Metastatic 352 (78.8%)
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Statistical analysis
R software (Version 3.5.2) was used to conduct all the
data analysis in the present study. The optimal cutoff for
samples classified into better and worse survival groups
was determined by the ‘surv_cutpoint’ algorithm of sur-
vival R package.

Results
Mutation profiles in SKCM
Somatic mutation profiles for 467 SKCM patients
were retrieved from the TCGA database. According to
the mutation data, “Maftools” R package was used to
examine the findings. The waterfall plot was used to
present the mutation data for every gene in every
sample (Fig. 1a). Further, mutations were grouped
based on various categories. In the grouping, missense
mutations were the most common (Fig. 1b), while de-
letion/insertion mutaions were common than single

nucleotide polymorphisms (SNP) (Fig. 1c). Regarding
single nucleotide variants in SKCM, C > T occurred
more often (Fig. 1d). In addition, we constructed an
SKCM box plot (different colors denote different mu-
tations) to reveal mutation types based on the number
of changed bases in every sample (Fig. 1e, f). Figure 1g
shows the top ten mutated genes in SKCM, which
were TTN (72%), MUC16 (67%), BRAF (51%), DNAH5
(49%), PCLO (44%), LRP1B (38%), ADGRV1 (35%),
RP1 (33%), ANK3 (32%) and DNAH7 (32%). Supplemen-
tary Fig. S2 shows coincidences, as well as exclusive
relationships among the mutated genes (green denotes co-
occurrence, whereas red denotes relationships that are
mutually exclusive). It is shown that genes with higher
mutations in SKCM appear at the same time, and that
there are no obvious repulsive genes. The genecloud plot
was established to show the frequency of mutations in
other genes (Supplementary Fig. S2).

Fig. 1 Mutation profile landscape in SKCM samples. a Waterfall plot showing the mutation details of every gene in every sample; b,c,d Various
types of mutation classified based on different groups; e, f burden of tumor mutation in particular samples; g Top ten mutated genes. Various
types of mutations are represented by different color annotations at the right-bottom
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TMB is correlated with survival outcomes, pathological
stage and tumor grade
Based on the above mutation data profile, we computed
the number of mutation events/million bases as TMB for
the 467 samples. The optimal cutoff for samples classified
into better and worse survival groups was established by
the ‘surv_cutpoint’ algorithm of survival R package, con-
sistent with the recognition that higher TMB enhances im-
mune recognition and leads to better disease outcomes.
High-TMB group patients exhibited better OS outcomes
(p < 0.001, HR = 0.54, 95%CI = 0.39–0.75; Supplementary
Table S2, Fig. 2a), better DSS (p < 0.001, HR = 0.49,
95%CI = 0.35–0.7; Supplementary Table S2, Fig. 2b) and

better PFI (p = 0.003, HR = 0.68, 95%CI = 0.52–0.9; Supple-
mentary Table S2, Fig. 2c) than the low-TMB group.
Moreover, elevated TMB levels were correlated with ad-
vanced age (p = 0.0045; Fig. 2d), male (p = 8.5e− 05; Fig.
2e), lower tumor pathological stages (stage I + II vs. stage
III + IV, p = 0.022; Fig. 2f) and lower AJCC-N stages (N0
vs. N3, p = 0.002; N2 vs. N3, p = 0.034; Fig. 2h). However,
there were no significant differences between the associa-
tions of TMB and AJCC-T (Fig. 2g) and AJCC-M (Fig. 2i).

Differential expression analysis between two groups
Among the 471 RNA-seq samples, a total of 467 samples
were selected from the same source as mutation data.

Fig. 2 TMB prognosis and its relationship with clinical features. Higher TMB levels correlated with better OS (a), better DSS (b), and better PFI (c);
d-i Wilcoxon and Kruskal-Wallis test in groups of different clinical characteristics
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Based on the TMB cutoff value of the OS analysis (cut-
off = 6.37, Fig. 2a), we divided the RNA-seq data for 467
tumor samples into low (n = 148) and high-TMB (n =
319) groups (Fig. 3a). Using the “limma” R package, a
total of 504 DEGs were identified between these two
transcriptomic data sets with FC = 1 and FDR < 0.05. GO
enrichment analysis revealed that the DEGs were mainly
involved in epidermis development, skin development,
and other biological processes (Fig. 3b). Further, we ana-
lyzed the GSEA data of the top TMB-associated items.
Figure 3c shows that the low-TMB group was associated
with immunity, and was mainly concentrated in auto-
immune thyroid disease, B and T cell receptor signaling
pathways, as well as intestinal immune network for the
production of IGA, while the high-TMB group lacked
this function (Supplementary Table S3–4). Given that
TMB was associated with immune signature/pathways in
SKCM, various analyses were performed on the tumor
microenvironment. Using the transcriptome data, the
“estimate” R package was used to calculate immune-
scores for all samples (Non-tumor samples were deleted,
OS time over 60 days were merged, n = 442, Supplemen-
tary Table S5). The score represents the infiltration de-
gree of immune cells in each sample. The higher the
score, the more immune cells infiltrated the sample.
Immunoscore survival analysis revealed that lower
immune infiltration is associated with poor prognosis
(p < 0.001, HR = 0.47, 95%CI = 0.36–0.63; Fig. 3d). These
findings imply that the lower TMB led to immune-
associated pathway enrichment while the lower immune
infiltrate group was correlated with poor prognosis.
Therefore, we evaluated the predictive accuracy of the
TMB-associated immune genes. Venn analysis showed
that, from 1812 immune genes and 504 DEGs, there
were 38 intersecting genes (Supplementary Fig. S3).

Construction and assessment of TMB-IP in SKCM
Prognostic values of the 38 immune-related DEGs were
further evaluated. Data for the 442 SKCM patients were
used in univariate-lasso-multivariate Cox regression analysis.
A total of 11 genes obtained from the univariate Cox ana-
lysis (p < 0.001; Fig. 3e) while 7 genes were obtained from
lasso regression analysis (PGLYRP3, GAL, ADCYAP1R1,
SLPI, CNTFR, LIF, and CRABP2; Fig. 3f). Finally, PGLYRP3,
GAL, ADCYAP1R1 and LIF (Fig. 3g) were selected to con-
struct the Tumor Mutation Burden Immune Prognostic
model (TMB-IP) using the following formula: TMB-IP
score = (PGLYRP3*0.0988045135949462 +GAL*0.04837104
71635067 +ADCYAP1R1*0.123387518699318− LIF*0.1217
87959868336). We calculated the TMB-IP score for each
SKCM patient (Supplementary Table S6). The K-M plot
revealed that high TMB-IP score patients exhibited worse
survival outcomes (Fig. 3h). Using a cutoff of 0.97080003,
patients were divided into high (n = 231) and low (n = 211)

TMB-IP groups. We drew the ROC curves to evaluate the
predictive accuracyof the model. The OS outcomes
were: AUC = 0.69 (95%CI = 0.60–0.77) for 1-year, 0.68
(95%CI = 0.63–0.73) for 5-years, 0.69 (95%CI = 0.63–
0.75) for 10-years, 0.73 (95%CI = 0.64–0.82) for 15-
years, 0.75 (95%CI = 0.66–0.85) for 17-years and 0.72
(95%CI = 0.58–0.85) for 20-years (Fig. 3i). Batch sur-
vival analysis indicated that these four prognostic hub
immune genes were closely correlated with survival
outcomes. Suppressed expression levels of ADCY
AP1R1 (p < 0.001, HR = 1.75, 95%CI = 1.32–2.3; Fig. 3j),
GAL (p < 0.001, HR = 1.94, 95%CI = 1.48–2.55; Fig. 3k)
and PGLYRP3 (p < 0.001, HR = 1.67, 95%CI = 1.24–2.25;
Fig. 3m) were positively correlated with better progno-
sis, while suppressed expression levels of LIF (p < 0.001,
HR = 0.55, 95%CI = 0.42–0.73; Fig. 3l) were negatively
correlated with better survival outcomes. Importantly,
we further assessed the prognostic efficiency in differ-
ent clinical subgroups. It was found that high and low
TMB-IP score classification criteria can perfectly distin-
guish the prognostic outcomes for: female (p < 0.001,
HR = 0.32, 95%CI = 0.19–0.54; Fig. 3n), male (p < 0.001,
HR = 0.5, 95%CI = 0.35–0.7; Fig. 3o), stage I + II (p <
0.001, HR = 0.37, 95%CI = 0.24–0.56; Fig. 3p), stage III +
IV (p < 0.001, HR = 0.43, 95%CI = 0.28–0.68; Fig. 3q),
≥60Y (p < 0.001, HR = 0.51, 95%CI = 0.34–0.77; Fig. 3r)
and < 60Y (p < 0.001, HR = 0.35, 95%CI = 0.24–0.52;
Fig. 3s) patient groups.

Relationships between mutants and immune infiltrates
The link between the mutants of the 4 hub genes and
immune infiltrates in the SKCM microenvironment was
assesssed. Based on the findings, immune infiltrate inhi-
bitions, such as CD8+ T cells, dendritic cells, CD4+ T
cells, neutrophils, B-cells, and macrophages depended
on the type of mutation exhibited by the genes, relative
to the levels of immune infiltration in the wild type sam-
ples (Fig. 4).

Variations in the abundance of immune cell infiltration in
the low- versus high-TMB groups
We have shown that the DEGs negatively impacted on
immune pathways and that mutants of the four hub
genes were inversely correlated with immune infiltrates.
We further compared the various immune fraction pro-
files in the high- versus low-TMB groups. We used the
Voom algorithm in “limma” R package to normalize the
transcriptome data for SKCM samples. Samples were
filtered at p > 0.05 using the “CIBERSORT” R package,
and 201 samples (125 low-TMB samples and 76 high-
TMB samples) were identified, which were then used to
analyze the immune cells (Supplementary Table S7). A
box plot was constructed to show specific fractions of 22
immune cells based on “CIBERSORT” algorithm in every
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Fig. 3 Differentially expression analysis and Construction of TMB-IP. a Top 50 DEGs were displayed in heatmap plot; b GO results of 504 DEGs; c
GSEA revealed the top TMB- associated pathways revealed that low-TMB was correlated with immune-related pathways; d Survival analysis based
on the immunescore; e-g Univariate-lasso-multivariate Cox regression of 38 immune-related DEGs; h Survival analysis based on the TMB-IP score; i
Multi-year ROC curves based on the TMB-IP score; j-m Survival analysis of four immune-related hub genes based on their RNA expression levels;
n-s Survival analysis of six clinical subgroups based on high and low TMB-IP grouping
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SKCM sample (Fig. 5a). These 22 types of immune cells
are subclasses of the 6 immune cells in Fig. 4. Wilcoxon
rank test revealed that infiltration levels of CD8+ T cells,
CD4+ memory activated T cells, follicular helper T cells,
monocytes and macrophage M1 cells were reduced in
the high-TMB group, relative to those in the low-TMB
group (Fig. 5b). Correlation and distribution analysis of
the infiltration degree of 22 immune cells in the two
groups are shown in Supplementary Fig. S4.

Association between immune cell infiltration and survival
The Cox regression model was used to determine the as-
sociation between immune cells and prognosis in SKCM
samples (Table 2). In the model, Survival (SKCM) = B cell
+ CD8 T cell + CD4 T cell + Macrophage + Neutrophil
cell + Dendritic cell + ADCYAP1R1 + LIF + GAL + PGLY
RP3. Elevated B cell, CD4+ T cell, Macrophage cell infil-
trates eas well as elevated expression levels of ADCY
AP1R1, GAL, PGLYRP3 were found to be risk factors for
SKCM (HR > 1). Additionally, we performed the K-M ana-
lysis (Supplementary Fig. S5), where elevated infiltration
levels of B cells (P = 0), CD8+ T cells (P = 0), Neutrophils
(P = 0) and Dendritic cells (P = 0) were positively corre-
lated with better SKCM prognosis, consistent with the
result of the survival analysis of the overall infiltration
of immune cells in the microenvironment (Fig. 3).

Discussion
We analyzed the SKCM-cohort in TCGA. It was found
that higher TMB is associated with better survival out-
comes and that transcriptomic data for low-TMB patients
was enriched in immune-related pathways. Prognostic

model construction confirmed that the four immune-
related genes can effectively distinguish patients with dif-
ferent prognostic outcomes.
Melanoma, a highly proliferating tumor, originates from

melanocytes in the neural crest. It occurs in the skin, in-
testinal tract, and genital mucosa. Combinations of im-
munotherapy and targeted therapy has completely
changed the treatment of SKCM. In 2013, Science ranked
tumor immunotherapy at the top of ten scientific break-
throughs [34]. Immunotherapeutic agents targeting CD8+
T-cell surface receptors (CTLA-4 and PD1) have greatly
improved patient prognosis [8]. Snyder et al. found that
TMB is correlated with clinical benefits of immunother-
apy, that is, the greater the number of somatic mutations,
the more likely the tumor is to respond to ICB [35–37].
Through integration and unified processing of high-

throughput sequencing data for multiple samples from
the TCGA database, we established significant mutation
genes that may be involved in immune responses of
SKCM. It is important to establish molecular markers of
immunotherapy to inform individualized treatment of
melanoma patients using immunotherapy.
Survival analysis revealed that the high-TMB group

patients exhibited better survival outcomes than
those in the low-TMB group. Median survival out-
comes for the high-TMB group and low-TMB group
were 1438 days and 698 days, respectively. Melanoma
is a tumor type with a high number of immune cells.
Some mutations produce new antigens that are rec-
ognized by T cells, which may be one of the reasons
for the better survival outcomes of the high-TMB
group. Besides, higher TMB correlated with advanced

Fig. 4 Associations mutants with immune cells infiltration of four hub genes. a-d Mutants (Arm-level Deletion, Deep Deletion, High Amplication,
Arm-level Gain) of four TMB-associated genes exhibited low level of immune cell infiltration compared with Diploid/Normal
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age, male, lower tumor pathological stages, and lower
AJCC-N stages. These findings are consistent with
those of other studies. Rizvi et al. reported that
NSCLC patients with elevated non-synonymous
mutation burdens can achieve long-term remission
by immunotherapy, which is of paramount importance
for PFS [38]. The CheckMate-227 trial, comparing nivolu-
mab+ipilimumab, nivolumab, and chemotherapy, revealed
that patients with high TMBs (> 10 mutations/Mb) have
the best OS outcomes [39], supporting the validity of
TMB-based treatment stratification.

Differential expression analysis and GSEA showed that
the low-TMB group was correlated with autoimmune
thyroid disease, B-and T-cell receptor signaling pathways,
and intestinal immune networks for IGA production. This
finding is unexpected and surprising because there is no
enrichment of any immune-related pathway in the high-
TMB group. GSEA is a method for enriching biological
pathways based on hundreds of gene sets. The close rela-
tionships between low-TMB and multiple immune-related
pathways have been reported, but the specific mechanisms
should be further evaluated. Moreover, survival analysis

Fig. 5 Twenty-two immune fractions in low vs. high-TMB groups. a Barplot of the 22 immune fractions denoted by different colors: b Wilcoxon
test of 22 immune fractions in high- vs. low-TMB group
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based on immune score of microenvironments indicated
that higher levels of immune infiltration are associated
with better survival outcomes. Infiltration levels of a var-
iety of immune cells, mainly T cells, can react with tumor
or non-tumor antigens, which affects survival outcomes
for patients. We also analyzed the effect of each type of
immune cell infiltration on survival.
Finally, a four-immune gene prognostic model was

developed based on 38 intersecting genes from 1812 im-
mune genes and 504 DEGs, which are greatly useful for
survival prediction. Four hub genes were either positively
correlated (LIF) or negatively correlated (PGLYRP3,
GAL, and DCYAP1R1) with prognosis. The median sur-
vival outcomes for high TMB-IP score and low TMB-IP
score groups were 804 days and 1490 days, respectively.
TMB-IP score is a risk score of the prognostic model.
High TMB-IP score means high risk, and it has a
relatively shorter median survival outcomes than the low
TMB-IP score (low risk) group. Similar findings were
obtained in the survival analysis of the six subgroups.
Furthermore, mutants of these hub immune genes

were associated with immune infiltrates, such as CD8+
T cells, CD4+ T cells, dendritic cells, macrophages, and
B-cells in the SKCM microenvironment, implying that
these immune infiltrate cells might be suppressed by
mutations. To some extent, this is consistent with the
finding of Rosenthal: the absence of new antigens in high
immune infiltrated lung cancer suggests that these
tumors may evade immune attacks by inhibiting the
expression of new antigens [40]. Differences in immune
infiltration may affect tumor immune editing and the
appearance of neoantigens in tumors. During tumor
evolution, tumors with low immune infiltrations exhibit
reduced tumor antigen editing, indicating that the his-
torical immune editing or the original clone neoantigen
copy is lost. It has been found that immune cell activa-
tion in the tumor microenvironment is not the same in

different tumor types, even in the same mutation fea-
ture, therefore, a specific analysis is needed [41, 42]. We
have shown that in SKCM patients, infiltration levels of
CD4+ memory activated T cells, CD8+ T cells, follicular
helper T cells, Monocytes, and Macrophage M1 cells in
the high-TMB group were significantly suppressed. Even
though there were no significant differences in other cat-
egories of immune cells, the degree of infiltration was
not an absolute trend as described above. There were
immune cells with higher infiltration levels in the high-
TMB group, and specific reasons for this outcome are
worthy of further investigations.
In the tumor microenvironment, different immune cells

confer different tumor responses. T-helper-1 cells, natural
killer cells, M1 phenotype macrophages, and DC1 pheno-
type dendritic cells are involved in the suppression of
tumorigenesis and development, while T-helper-2 cells, M2
macrophages, DC2 dendritic cells, and regulatory T cells
(Treg) suppress immune responses [43–45]. Analysis of the
unique properties of immune cells in the tumor micro-
environment may inform the design of cancer immuno-
therapy targets. The correlation between lymphocyte
infiltration in the tumor microenvironment and immuno-
therapeutic benefits have been confirmed [46–49]. Higher
infiltration levels of B cells, CD8+ T cells, Neutrophils, and
Dendritic cells are positively correlated with better SKCM
prognosis. Changes in tumor immune microenvironment,
tumor gene mutation, and gene regulation may affect
tumor evolution and survival outcomes.
However, there are some imperfections. First, we did

not carry out experiments (vivo/vitro) to verify the
relationship between four immune genes and immune
infiltration. Second, the sample size was not adequate to
confirm the potential relationship between TMB and
prognosis and immune infiltration. It will increase the
persuasiveness of the above results if we can further im-
prove these aspects in the future.

Conclusions
In summary, lower TMB is correlated with worse
survival outcomes and immune-related pathways, while
higher TMB inhibits immune infiltration in SKCM pa-
tients. The four TMB-related immune gene model can ef-
fectively differentiate between high and low-risk patients,
moreover, mutants of the four hub genes confer lower im-
mune cell infiltration, which should be further validated.
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CD4_Tcell 0.089 1.093 0.047 25.157 0.956

Macrophage 1.938 6.944 0.728 66.19 0.092

Neutrophil −0.53 0.589 0.001 478.663 0.877

Dendritic −1.378 0.252 0.045 1.428 0.119

ADCYAP1R1 0.244 1.277 0.848 1.923 0.242

LIF −0.134 0.875 0.805 0.951 0.002

GAL 0.058 1.06 0.978 1.148 0.156
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Wald test p = 5.64e-07; Score (logrank) test p = 1.82e-07
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