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Background: In recent years, glioblastoma multiforme (GBM) has been a concern of
many researchers, as it is one of the main drivers of cancer-related deaths worldwide.
GBM in general usually does not responding well to immunotherapy due to its
unique microenvironment.

Methods: To uncover any further informative immune-related prognostic signatures,
we explored the immune-related distinction in the genetic or epigenetic features of
the three types (expression profile, somatic mutation, and DNA methylation). Twenty
eight immune-related hub genes were identified by Weighted Gene Co-Expression
Network Analysis (WGCNA). The findings showed that three genes (ILTR7, TNFSF12,
and VDR) were identified to construct an immune-related prognostic model (IRPM) by
lasso regression. Then, we used three hub genes to construct an IRPM for GBM and
clarify the immunity, mutation, and methylation characteristics.

Results: Survival analysis of patients undergoing anti-program cell death protein 1
(anti-PD-1) therapy showed that overall survival was superior in the low-risk group than in
the high-risk group. The high-risk group had an association with epithelial-mesenchymal
transition (EMT), high immune cell infiltration, immune activation, a low mutation number,
and high methylation, while the low-risk group was adverse status.

Conclusions: In conclusion, IRPM is a promising tool to distinguish the prognosis of
patients and molecular and immune characteristics in GBM, and the IRPM risk score can
be used to predict patient sensitivity to checkpoint inhibitor blockade therapy. Thus, three
immune-related signatures will guide us in improving treatment strategies and developing
objective diagnostic tools.
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FIGURE 3 | Further analysis of clinicopathologic characteristics of 28 hub genes. (A) PPl analysis was performed among the 28 hub genes. (B) Spearman relevance
analysis of the 28 hub genes. (C) Circle maps of disparity CNV of pivotal genes. The black dots outside the circle represent ampilification, while the red dots inside the
circle represent deletion. (D) Expression of 28 hub genes in GBM molecular typing. (E) Differential expression of hub genes in GBM IDH typing is evident for all 28
genes. (F) Correlation of the expression value of hub genes and Immunescore for pan-cancer (Pearson test).
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FIGURE 4 | Clinicopathological characteristics and immune infiltration of three hub genes. (A) Heatmap risk clusters with clinical and molecular pathological
parameters. (B) The protein expression of VDR, TNFSF12, and IL71R1 in GBM and normal tissues were tested by IHC. Whole tissue photos are shown (100x and
400x). (C) The relevance between the expression levels of VDR, TNFSF12, and IL71R7 and the infiltration of macrophages, dendritic cells, and B cells in GBM.
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genes might be a driver of GBM and play an essential role
in GBM immunity.

Immune Landscape Related to
Histopathologic Characteristics of IRPM

To assess the immune status of IRPM, ssGSEA was used
to analyse the immune infiltration of GBM samples. We
used heatmaps to determine the distribution of 28 immune
cells in the TCGA and CGGA cohorts and quantitatively
analyzed 28 immune cells. The results revealed that 28 immune
cells were enriched in the high-risk group (Figure5A and
Supplementary Figures S6A-C), which suggested that patients
with immune cell enrichment might have an immune emergency
status in the high-risk group. To investigate the various
characteristics of immune pathways in both groups, typical
biological processes were employed to compare potential
underlying mechanisms. A heatmap analysis of immune-
related signatures was performed for the high and low-risk
GBM samples (Figure 5B). Further quantitative analysis of
the immune characteristics of the different subgroups showed
that antigen processing machinery, DNA damage repair,
epithelial-mesenchymal transition (EMT)3, fibroblast growth
factor receptor (FGFR)3, and nucleotide were significantly
enriched in the high-risk group in the TCGA cohort
(Figure 5C), and CD8T effector, EMT(1), and EMT(2) were
significantly enriched in the high-risk group in the CGGA cohort
(Supplementary Figure S6D). Next, we analyzed the immune
checkpoints in the two groups and found that CD200RI1, CD27,
CD274 (PD-L1), CD48, CTLA4, IDOI, LAIRI, and PDCDI
were dramatically higher in the high-risk group in the TCGA
cohort (Figure 5E), and all 22 immune checkpoints were
remarkably higher in a high-risk group for CGGA cohort
(Figure S6E). To determine the relevance between IRPM and
immune types (C1-C6), we further explored the distribution
of the six pan-cancer immune types in IRPM and found that
the proportion of C3 was greater in the low-risk group than in
the high-risk group. Moreover, the proportion of C1 and C2
was elevated, which could also explain the different survival
times between the two groups (Supplementary Figure S6F). The
TIDE is associated with a greater likelihood of immune evasion,
suggesting that patients are less likely to benefit from ICB
treatment. In our results, the high-risk group had a lower TIDE
score than the low-risk group, implying that high-risk patients
could benefit more from ICB therapy than low-risk patients
(Figure 5D). To determine the advantages of riskscore, the AUC
of riskscore was better at 1 and 3 years than TIDE and TIS
(Supplementary Figures S7A,B). Therefore, The performance
of risk scores was higher than TIDE and TIS. To thoroughly
analyse the relationship between IRPM and immunotherapy,
we retrieved the GSE78220 cohort and analyzed IRPM for
anti-PD-1 validation. The patients in the response group
and the BRCA2 mutation group were mainly concentrated
in the low riskscore group (Supplementary Figures S7C,D).
Survival analysis of patients receiving pembrolizumab showed
that there was notably lower survival in the high-risk group
than in the low-risk group (Supplementary Figure S7E).
We revealed that the riskscore of partial response in the
responding group was notably lower than that of partial response

(Supplementary Table S5, Supplementary Figure S7F). Our
IRPM could help clinicians identify patients who are sensitive to
PD-1 immune checkpoint blockade. Finally, we quantitatively
analyzed the levels of the Estimatescore, Stromalscore, and
Immunescore between the two groups, and found significantly
higher scores in the high-risk group than in the low-risk
group (Supplementary Figures SSA-C). This result further
revealed the conspicuous distinction in immune status
between both subgroups in IRPM. The radar map showed
a remarkable association between the expression value of PD-
L1 and riskscore, again confirming the ability of the scoring
system to accurately predict the outcome of immunotherapy
(Supplementary Figure S8D). By analysis of CD274, the
association between the biomarker and response was reversed
in several cancer types. This phenomenon might be due to the
heterogeneity among cancers in terms of immune infiltration.
The above results displayed that there was a considerable
distinction between the immunotherapy of both groups. Thus,
IRPM could predict the response to immunotherapy for glioma.

Comparisons of Somatic Mutations in High

and Low-Risk Groups

For the above outcomes, we concluded that patients in both
groups were associated with corresponding immune infiltration
status. Related literature implies that immune infiltration status
may also be associated with mutation (5, 26, 27). To investigate
whether immune infiltration status was associated with mutation
rates, we performed mutation rate analysis for both groups. In
the low-risk group, more than 6% of the samples had mutations
in 50 genes, while in the high-risk group only 27 genes met this
criterion, 15 genes of which overlapped. The 50 genes with the
highest mutation frequencies in the corresponding groups were
indicated in Figures 6A,B. Interestingly, the mutation rates of
PTEN, TTN, EGFR, NF1, TP53, MUCI16, and SPTALI in both
groups were higher than 15%, and there were interactions among
them to manage multiple tumor-related biological processes
in GBM (Figures 6A,B), which indicated that they might be
primarily involved in tumor progression. Next, the first 25
mutated genes were studied for co-mutations and exclusive
mutations using the comet algorithm. Four cases (IDHI-TP53,
IDHI-ATRX, PIK3CA-HYDIN, FLG-APOB) displayed mutually
exclusive mutations compared with the pervasive mutually
exclusive landscape, suggesting that they might have redundant
effects in the same pathway and a selective advantage of retaining
a copy of the mutation between them (Figures 6C,D). The
incidence of IDH1 mutations was significantly higher in the low-
risk group compared to the high-risk group, which also indicates
that patients in the low-risk group have a better prognosis,
consistent with the results of the previous studies in this study
(Figure 6E). Furthermore, EGFR was another typical example
demonstrating a possible chain reaction of different mutation
sites between the two groups (Figures 6F,G). After detecting the
above RNA_seq alterations, we further explored whether there
was evidence of the distinction between both groups at the
genomic level. The R package “maftools” was used to analyse
and visualize somatic mutations, including SNV, SNP, INS, and
DEL. Because the majority of genomic variants in the two cohorts
were missense mutations (80%). Hence, it was imperative to
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FIGURE 5 | Immune infiltration analysis of IRPM in TCGA. (A) Abundance differences in immune cells between both groups in the TCGA-GBM cohort. (B) Heatmap
showing the distribution of immune pathways in both groups. (C) The abundance of distinction in immune pathways between both groups in the TCGA-GBM cohort.
(D) TIDE, MSI, and T cell exclusion and dysfunction score in IRPM. Comparison of scores between IRPM by Wilcoxon test. (E) Quantification of immune checkpoints
in both groups in the TCGA-GBM cohort.
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quantify the mutation types and reveal their potential significance
(Figure 6H). As for SNVs, all sample populations were studied,
with C > T being the most common type in both groups. For
most types of SNV, the mutation number was significantly higher
in the low-risk group than in the high-risk group (Figure 6I).
Additionally, we uncover that the number of SNP in the low-
risk cohort exceeded that in the high-risk cohort. Although
the number of the four kinds of somatic mutations differed
significantly between the two groups, the internal composition
ratio of every mutation type among all variants remained nearly
constant, suggesting that the observed distinction in the number
of mutations was not caused by a type switch (Figure 6]).
Figure 6E showed that the mutation rate of IDHI was greater
in the low-risk group than in the high-risk group, and these
mutations predicted a good prognosis in the early studies (28,
29). We revealed that the higher number of mutations in the
low-risk group might be predictive of a better consequence
as compared with the high-risk group, which could explain
the poor efficacy of immunotherapy in the low-risk group.
Finally, significant copy number amplifications and deletions
were detected and compared in both groups with a threshold
of FDR <0.05. We observed that more regions were altered in
the high-risk group (Supplementary Figures S9A,B), while the
proportion of amplification in the low-risk group was higher than
that in the high-risk group (Supplementary Figures SOC,D).
Most of the genes that CNV corresponds in the low-risk
cohort were mainly occupied in half of the samples in the
cohort, while it even made up one-third of the high-risk cohort
(Supplementary Figures SOE,F). By calculating the frequency of
each CNV across all patients, we revealed that 7p11.2 and 9p21.3
were the most frequent CNVs in the high-risk group; whereas
7p11.2 and 9p21.3 loss were also among the most common
changes that occurred in the low subgroup. Overall, we found
similarities between chromosomal aberrations in the two groups,
but the AMP and DEL of chromosomal aberration sites were
higher in the low-risk group than in the high-risk group. These
results of CNV lead to altered expression of the corresponding
genes. In combination with the immunotherapy results above, we
found higher CNV was positively correlated with clinical benefits
from ICB. Considering the results obtained for the mutations,
we found a prominent distinction between two groups in these
two aspects, implying that IRPM might have a predictive role
in mutations.

Depiction of the DNA Methylation Pattern
in GBM

The inability to sustain normal DNA methylation, including high
methylation of CpG islands and CpG-poor regions, heightens
the sensitivity to trigger tumor initiation and progression
30, Hence, a goal was to use Illumina Infinium 450k DNA
methylation data to explore and contrast the influence of
DNA methylation patterns in IRPM. In this section, DMPs
were performed using ChAMP on 169 samples that had no
more than 20% of genes with a missing beta value. Taking
the criteria of ADbeta >0.15 and FDR <0.01, a total of
7,225 immune-associated DMPs were detected (Figure 7A).

These DMPs were further visualized by heatmap and volcano
map (Figures 7B,C). The results revealed that the methylation
levels in the high-risk group were significantly higher than
those in the low-risk group. We obtained the five DMPs
with the largest logFC, which were cg25730298, cg26852645,
cg02007434, cg24574819, cg23965689. Cg23965689, cg24574819,
and cg25730298 were related to survival (Figure 7F). These three
methylation sites could regulate the expression of corresponding
genes (RUNDC3A, GRIK2, and KIF26B) that cause tumor growth
and development, and therefore these sites might become new
targets for tumor treatment. Finally, these DMPs corresponding
to the DEGs were subjected to GO and GSEA enrichment
analysis (Figures 7D,E). The GO analysis was mainly enriched in
signaling pathways such as axonogenesis, regulation of neuron
projection development, and regulation of cell morphogenesis
neuron associated biological processes, and GSEA was mainly
enriched in glycosaminoglycan biosynthesis, legionellosis, NOD-
like receptor signaling pathway, oxidative phosphorylation,
parathyroid hormone synthesis, secretion, and action, indicating
that aberrant methylation-induced immune aggressive behavior
of tumors via the recognition and involvement of neural and
glycolytic pathways. Combining the above methylation results,
IRPM has different methylation levels in response to the
prognosis of glioma patients, and ¢g23965689, cg24574819, and
cg25730298 may also be potential targets for the treatment of
glioma in the future.

DISCUSSION

This study includes a multi-omics analysis of immune-related
genes to explore the impact of these genes on the survival of GBM
patients. We extracted data from TCGA, GTEx, and CGGA,
including mRNA expression, mutations, and DNA methylation.
Based on our analysis of IRPM, we found its good performance
in predicting the prognosis of GBM and analyzed the immune
infiltration, mutation, and methylation status of each subgroup
which provides more comprehensive support for IRPM to assess
GBM patients.

Most immune genes can affect tumor TME. In our study,
based on the immune gene dataset, we applied WGCNA
and lasso to identify three immune-related hub genes and
constructed IRPM based on three independent OS prognostic
factors (ILIRI, VDR, and TNFSF12). ILIRI is a cytokine
receptor belonging to the interleukin 1 receptor family and
is an essential mediator involved in many cytokine-induced
immune and inflammatory responses. Tumor cells secrete or
receive the inflammatory factor ILI, which is closely associated
with the prognosis of malignant tumor development, invasion,
metastasis, and chemotherapy resistance (30). The protein
encoded by TNFSFI12 is a cytokine that belongs to the tumor
necrosis factor (TNF) ligand family. It is a binding agent for
the FN14/TWEAKR receptor. By promoting the proliferation
and migration of endothelial cells, this cytokine has been
found to play a role in regulating angiogenesis (31, 32). VDR
encodes the nuclear hormone receptor for vitamin D3, which
is also the second receptor for cholecalciferol. The regulation
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Each mutation type is categorized by effects, INDEL, SNP (1), and SNV (J).

FIGURE 6 | tumor mutational burden. (C,D) The heatmap analyses of the mutual co-occurrence and exclusion mutations based on the top 25 commonly mutated
genes. Each cell color and symbol represents the statistical significance of exclusivity or co-occurrence of each gene pair. (E) The forest plot reveals the top 4 most
distinctively mutated genes between the two cohorts. (F,G) KM curves reveal the independence between OS and EGFR mutations in high and low-risk cohorts. (H)

of gene expression by this protein is mainly through a series of
metabolic response pathways, including immune response and
tumor activation pathways (33). Above all, these three immune
genes have a role in promoting tumor proliferation, immunity,
and invasion.

To further understand the immunological properties of
IRPM, then we investigated immune infiltration in different
subgroups. The concept of immunotherapy in neuro-oncology
has been developed for decades but was mainly hampered
by poorly defined relevant antigens and selective targets
in the central nervous system. Checkpoint inhibitors and
vaccines have recently achieved remarkable success
clinical immuno-oncology (34-36). ICBs have been shown
to be an attractive therapy for patients with recurrent or
refractory tumors.

Firstly, knowledge of the tumor immune microenvironment
can help to determine new ways to treat GBM and improve
the efficacy of immunotherapy. In combination with other
molecular and immune subtypes, IRPM could identify different
molecular and immune subtypes of GBM. According to the
immune subtype classification of GBM, patients with the
immune active subtype in the high-risk group comprised
the major component while the immune depleted subtype in
the low-risk group comprised the minor part. In previous
studies, immune active and immune depleted subtypes showed
significant differences in M1/M2 macrophages, B cells, and
cytolytic activity, but not in T cells, CD8 T+ cells, and
cytotoxic cells. Immunoreactive subtypes are closely related to
immunoreactive pathways and gene sets, and immunodepleted
subtypes are characterized by tumor-promoting signals, to
suppress host immune responses, such as activation of the
Wnt/transforming growth factor-p signaling pathway (37).
Hence, patients in the high-risk group might have a stronger
immune response to tumorigenesis and tumor progression and
consequently benefit from ICB therapy than patients in a low-
risk group.

Immune checkpoint blockade therapy has been proven to
be an efficient therapy for patients with relapsed or refractory
GBM (38). Considering that the overall response rate to ICB
therapy is still low, it is critical to determine which patients could
benefit most from these treatments. Therefore, we performed
PD-1 validation of IRPM. In anti-PD-1 patients, the survival in
the high-risk group was notably lower than that in the low-risk
group, and we found IRPM could differentiate distinct outcomes
in patients treated with anti-PD-1 treatment. Studies have
shown that targeted therapy with PD-1 significantly improves
the survival of GBM patients (39). Taken together, our study
firmly indicates that the IRPM was substantially associated with
response to anti-PD-1 immunotherapy. IRPM may contribute

in

to clinicians recognizing patients who are more appropriate
for immunotherapy.

Considering its significant modulatory effects in EMT and
tumor immunosuppression, the integration of conventional
therapeutic modalities and TGF-f inhibition has enormous
prospects for enhancing the antitumor activity in tumors.
Therapeutic strategies against TGF-f contain neutralizing
antibodies targeting ligands and receptors, small-molecule
inhibitors, and antisense oligonucleotides (40, 41). Galunisertib,
which is a small molecule inhibitor of TGF-B receptor
I kinas, is being used in clinical trials in collaboration
with Nivolumab (PD-1 monoclonal antibody, mAb) in the
liver cancer, metastatic PDAC, and NSCLC (NCT02734160,
NCT02423343). A previous preclinical investigation indicated
that galunisertib in association with anti-PD-L1 treatment had
remarkably superior tumor abrogation and anti-tumor efficacy
than either galunisertib or anti-PD-L1 monotherapy, suggesting
that galunisertib induces increased anti-tumor T cell immunity
(42). Our results showed a higher EMT3 enrichment and a
lower survival advantage in the high-risk group, which is in
accordance with the above findings and further demonstrates the
accuracy of IRPM.

The biomarkers, such as TIDE and TIS, have been reported to
forecast patient response to immunotherapy. TIDE is a creative
computational approach to identifying two mechanisms of tumor
immune evasion: inducing T-cell dysfunction in tumors with
high levels of cytotoxic T lymphocytes (CTL) and preventing
T-cell infiltration in tumors with low levels of CTL (43). In
addition, NanoString Technologies developed TIS as a clinical-
level assay to provide quantitative and qualitative information
about TME, an 18-gene signature that includes genes reflecting
sustained adaptive Thl and cytotoxic CD8 T-cell responses. In
forecasting reaction to anti-PD-1/PD-L1 therapy, TIS showed
favorable results and has been validated in the many tumor
cohorts treated with mono-pembrolizumab, showing a positive
correlation with response and survival (44). However, neither
TIDE nor TIS focus on the function and status of T cells and
do not completely reflect the complexity of TME involvement
in the immunotherapeutic response. Furthermore, TIDE and TIS
focus on patient response to immunotherapy rather than patient
survival time, and life expectancy is also important in treatment
decisions. In our study, the predictive value of IRPM riskscore
was comparable to that of TIDE and TIS, and IRPM might
be a better predictor of long-term OS follow-up. In addition,
IRPM consists of only three genes and is easier to detect than
TIDE and TIS, and it may be a better predictor of OS at
longer follow-up.

Secondly, to further understand the immunological properties
of IRPMs based on biological insights, we subsequently
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FIGURE 7 | DNA methylation pattern in high and low-risk groups. (A) Manhattan mapping of genome-wide DNA methylation differences in both groups. (B) Heatmap
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investigated gene mutations in different IRPMs. The missense
variant was the most frequent, together with nonsense and
frame_shift_deletions, as previously reported. Among the largest
mutational distinction between the two groups were IDHI
mutations, which were more prevalent in samples from the
low-risk group than in those from the high-risk group (11
vs. 0%). IDHI mutations are not only the common single
genetic incidents in cancer but are also associated with more
invasive diseases and better patient prognosis in numerous
cancers, particularly GBM. In 2008, Parsons DW identified IDH1
mutations for the first time in an exome sequencing study
of GBM (45). The finding of this new biological molecular
marker provides an essential reference for the treatment and
prognosis of glioma patients and may become a new target for
future treatment. Therefore, low-risk patients with a high IDH1
mutation rate have a better prognosis than high-risk patients with
alow IDHI mutation rate, in agreement with our survival results.
Numerous studies in the literature have found that GBM patients
with EGFR mutations have a worse prognosis than those without
mutations (46). In our study, there was a prominent survival
difference between the mutation and non-mutation EGFR gene
samples in the high-risk group (p < 0.05). The highest mutation
rate was found in the high-risk group for the PTEN gene, a
tumor immune tolerance mechanism, which is also known as
MMACI and TEPI. Current research has found that PTEN
gene abnormity can exist in many tumors such as glioblastoma,
prostate cancer, endometrial cancer, etc. (47). PTEN is considered
to be another oncogene that is more widely altered and closely
related to tumorigenesis than the p53 gene (48). By analyzing
the mutation type and CNV, we revealed that the high mutation
numbers in the low-risk group might be accompanied by low
immune morphology, these findings may require further study
in the future.

Finally, there has been increasing interest in altered DNA
methylation in recent years. As altered DNA methylation
patterns are a hallmark of tumors, differential methylation
of CpG sites has been linked to the expression of genes
known to be important in cancer biology (49). Some studies
have suggested that unmethylated promoters may be converted
to densely methylated forms, like tumor suppressors, which
would promote gene silencing. Other sequences may change to
hypomethylated forms in tumors, leading to abnormal activation
of genes normally repressed by DNA methylation (50). Here,
we performed DMPs between the high and low-risk groups,
and the heatmap results implied that high-risk patients more
frequently showed hypermethylation. The volcano map results
showed five CPG sites with the largest differential fold (51). The
genes corresponding to these three CPG sites may represent
new targets for the treatment of GBM. Based on these findings,
we can speculate that high methylation may be associated with
the immune status of GBM patients, a hypothesis that must be
confirmed in future studies.

We also found some similar reports (52), but to my
knowledge, compared to previous work, we first chose to filter
immune-related signatures from ImmPort and InnateDB sites
in GBM, and got new immune-related signatures, while we also
validated the screened genes by immunohistochemistry, and the

mutual validation of the database and the molecular experiments
made the article more convincing. Finally, we performed a
comprehensive comparison of immune infiltration, mutational
status, and methylation of IRPM. These are the novel points of
our article.

Despite a more compositive knowledge of the tumor immune
microenvironment of GBM and a robust predictive model in
this study, two major shortcomings require further investigation.
The first weakness is that because of the need to match multi-
omics and clinical information, we were restricted to data
from the TCGA database and could not overlay other data
sources. Thus, our ability to detect the reliability of the model
was hindered when combined with other data. The second
disadvantage is that the employment of predictive models
requires three types of histological data, including RNA_seq,
mutation, and DNA methylation data, which is cost-intensive
and not easy to implement in practical applications. Nevertheless,
the accelerated development of biotechnology promises to
produce a trinity of toolkits that will pave the way for their
implementation and generalization. Despite such limitations, it is
undeniable that our study provides a better prognostic model for
GBM. Furthermore, IRPM may show compelling clinical value,
which may enhance the overall survival of GBM patients and
even lead to the development of new treatment strategies for
GBM patients.

CONCLUSIONS

In conclusion, we conducted an in-depth multi-omics
exploration of IRPM, and also performed multi-omics to assess
IRPM, which could evaluate the response to immunotherapy
and enhance the accuracy of predicting the prognosis.
IRPM gives us hope that we may soon have the tools and
knowledge needed to use these models as weapons in the fight

against cancer.
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