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Abstract
Background: The therapeutic e�cacy of immune checkpoint inhibitor therapy is highly in�uenced by
tumor mutation burden (TMB). The relationship between TMB and prognosis in lower-grade glioma is still
unclear. We aimed to explore the relationships and mechanisms between them in lower-grade glioma.

Methods: We leveraged somatic mutation data from The Cancer Genome Atlas (TCGA). Clinical cases
were divided into high- and low-TMB groups based on the median of TMB. In�ltrating immune cells were
analyzed using CIBERSORT and differential expression analysis between the prognostic groups
performed. The key genes were identi�ed as intersecting between immune-related genes. Cox regression
and survival analysis were performed on the intersecting genes. A total of 7 hub genes were identi�ed.
The effect of somatic copy number alterations (SCNA) of the hub genes on immune cell in�ltration was
analyzed using TIMER, which was used to determine the risk factors and immune in�ltration status in
LGG. Subsequently, based on hub genes, a TMB Prognosis Index (TMBPI) model was constructed to
predict the risk in LGG patients. Besides, this model was validated using data from TCGA and Chinese
Glioma Genome Atlas (CGGA).

Results: High-TMB favored worse prognosis (P 0.001) and macrophage in�ltration was an independent
risk factor (P 0.001). In the high-TMB group (P=0.033, P=0.009), the proportion of macrophages M0 and
M2 increased and monocytes decreased (P=0.006). Besides, the SCNA of the hub genes affected the level
of immune cell in�ltration by varying degrees among which IGF2BP3, NPNT, and PLA2G2A had a
signi�cant impact. The AUC of the ROC curve at 1-, 3- and 5-years were all above 0.74.

Conclusions: This study implies that high-TMB correlated with unfavorable prognosis in lower-grade
glioma. And high-TMB may have an impact on prognosis by changing tumor microenvironment, caused
by the SCNAs of genes. The TMBPI model accurately predicted prognosis in LGG patients.

Background
Gliomas derived from neuroglial cells are the most common primary malignant central nervous system
tumors. According to the World Health Organization (WHO) classi�cation of gliomas based on
histological grading, gliomas are graded as lower-grade glioma (LGG) include diffuse lower-grade and
intermediate-grade gliomas ([WHO] grade II and III), astrocytoma, oligodendrogliomas, and
oligoastrocytomas [1,2]. Although the prognosis of LGG patients is relatively favorable, LGG tends to
progress rapidly into high-grade glioma and is characterized by high mortality rate. Common treatments
for LGG include neurosurgical resection, watchful waiting, radiotherapy, and chemotherapy [3]. The
emergence of immune checkpoint inhibitors has revolutionized the treatment of patients with advanced-
stage cancers [4]. However, the clinical e�cacy of immunotherapy is dependent on multiple factors. TMB
and tumor microenvironment (TME) have emerged as research hotspots recently. TMB is de�ned as the
number of aberrant nucleotide sequences a given tumor may harbor has been shown to in�uence the
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e�cacy of immunotherapy. Wang found that the proliferative activity and immune response were
activated in high-TMB glioma [5].

Furthermore, Gorsi reported that immune checkpoint inhibitors (Nivolumab) performed better in brain
tumor patients with higher TMB [6]. Besides, crosstalk between neoplastic and immune cells in the TME
also in�uences the progression of disease in humans [7]. Accumulating evidence shows that TMB and
TME can be exploited to predict the clinical outcomes and therapeutic responses of the tumor.

These recent developments make immunotherapy increasingly valuable for LGG patients. Meanwhile,
enhancing the e�cacy of immunotherapy needs to be further explored to improve personalized
therapeutic care. Therefore, in this study, data from the TCGA, a public database, was obtained to explore
the relationship between TMB and prognosis in lower-grade glioma and try to explain the reasons why
TMB can in�uence prognosis from the perspective of TME. Besides, a TMBPI model was constructed
using TMB and gene expression pro�les, to potentially improve patient survival and guide personalized
therapy for LGG patients with better prognosis prediction. The TMBPI model was validated using both
TCGA and CGGA databases.

Results
Overview of mutation pro�les.

A total of 508 mutation pro�les were downloaded from TCGA. The 'maftools' package was used to
visualize the results based on the mutation data. The waterfall plot was used to display the mutation
information including the name and frequency of mutant genes, different colors were used to represent
different mutation types (Figure 2).  

The most common mutation type was 'Missense Mutation' and SNP was the most frequent variant. C>T,
C>A, and T>C ranked in the top three of the SNV class, the median variants per sample was 25. Moreover,
the top ten mutated genes in LGG ranked with percentage included IDH1(77%), TP53(46%), ATRX (33%),
CIC (20%), TTN (12%), FUBP1(9%), MUC16(6%), NOTCH1(7%), PIK3CA (7%), EGFR (6%) (Figure 3A-F).

And their gene symbols were shown in the gene cloud (Figure S1). Besides, a signi�cant interaction of
mutant genes (co-occurrence and mutual exclusion) was exhibited in the interaction plot, among which
EGFR-IDH1, CIC-TP53 showed the most mutually exclusive relationships and ATRX-TP53 showed most
co-occurrence relationships. (Figure 3G)

High-TMB is associated with unfavorable prognosis.

Clinical data of 513 LGG patients were included in this study. The clinicopathological parameters
included age, sex, tumor grade, TMB level, and TMBPI (Table 1). Tables

Table 1. Parameters of 513 LGG patients from TCGA
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Parameters Number (%)

Vital status  

Alive

Dead

388(75.6)

125(24.4)

Age

  ≤45

  >45

Gender

  Female

  Male

Grade

  Grade 

  Grade 

  Unknown

TMB

  High level

  Low level

  Undetected

TMBPI

  High level

  Low level

  Unknown

 

310(62.2)

203(37.8)

 

289(56.3)

284(43.7)

 

248(48.3)

264(51.5)

1(0.2)

 

241(47.0)

260(50.7)

2(2.3)

 

249(48.5)

250(48.7)

14(2.8)

Patients were divided into two groups, high-TMB (n=241) and low-TMB (n=260) levels using the median
TMB as the cutoff value. The survival analysis showed that the high-TMB group was associated with a
worse prognosis compared with the low-TMB group (P 0.001, Figure 4A).  

Furthermore, box plots displayed that the TMB level was higher in older patients and grade III (P 0.001)
patients (Figure 4B, C). However, no signi�cant differences were observed in associations of TMB with
gender (Figure 4D).

Comparison of gene expression pro�les between low-TMB and high-TMB groups
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A total of 394 DEGs were revealed after differential analysis (See supplementary material). Heatmap
indicated that the expression level of genes in the high-TMB group (Figure 5A) was lower than in the low
TMB group. GO enrichment analysis revealed that the DEGs were mainly associated with cell division and
composition of the extracellular matrix (Figure 5C). Besides, KEGG analysis showed several enriched
pathways (ECM-receptor interaction, human T-cell leukemia virus 1 infection, cell cycle, transcriptional
misregulation in cancer, and P53 signaling pathway, etc.) (Figure 5D).  

GSEA analysis revealed 26 pathways with the criterion of FDR<0.05. Some of the pathways were involved
in mismatch repair, p53 signaling pathway, cell cycle, glutathione metabolism (Figure 5E). For details see
supplementary materials for GO, KEGG, and GSEA analysis results.

Differences in in�ltration level of immune cells in TME

The level of 6 types of immune cells in TME (B cells, CD4+ T cells, CD8+ T cells, Neutrophils,
Macrophages, and Dendritic cells) was related to survival prognosis of LGG patients (Figure S2).
Multivariable Cox proportional hazard model of TIMER model, which was constructed as Surv(LGG) ~ B_
cell + CD8_Tcell + CD4_Tcell + Macrophage + Neutrophil + Dendritic, showed that high macrophage
in�ltration was an independent risk factor (HR=1845.804, p = 0.000, Table 2).

Table 2. Multivariate Cox regression analysis of lower-grade glioma by TIMER database.

Cell types coef HR 95%CI_l 95%CI_u P-value sig

B cell 0.304 1.355 0.005 362.209 0.915 -

CD8+ Tcell 6.076 435.270 0.523 362042.429 0.077 ·

CD4+ Tcell -3.956 0.019 0.000 33.325 0.299 -

Macrophage 7.521 1845.804 44.941 75811.118 0.000 ***

Neutrophil -5.201 0.006 0.000 8.569 0.165 -

Dendritic 2.136 8.469 0.202 355.685 0.263 -

R square= 0.103 (max possible= 9.09e-01), Likelihood ratio test p= 4.94e-10, Wald test p= 1.19e-12 Score
(log rank) test p= 1.4e-13. P-value Signi�cant Codes: 0 ≤ *** < 0.001 ≤ ** < 0.01 ≤ * < 0.05 ≤. < 0.1

Besides, based on the CIBERSORT algorithm, we obtained an estimation of the abundances of 22
immune cells in LGG, and results were visualized with bar plot. (Figure 6A).      

Moreover, a comparison of the proportion of different immune cells and TMB levels (high-TMB vs. low-
TMB) showed an increase in the proportion of macrophages M0 and M2 (P=0.033, P=0.009), and a
decrease in the proportion of monocytes (P=0.006, Figure 6B).

Identi�cation of 7 hub immune genes.
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The intersection was obtained between DEGs from high- and low-TMB groups and immune-related genes.
A total of 24 genes were screened (|logFC|>1.5, FDR <0.05) for further analysis (Figure 5B). To identify
hub immune genes, the 24 genes were further screened by Cox regression and Kaplan-Meier analysis. Out
of the 24 genes, 7 were considered hub TMB-related immune genes. They included HOXB4, IGF2BP3,
IL13RA2, NPNT, PLA2G2A, TNFAIP6, and WISP1. All p-values computed by Cox regression and Kaplan-
Meier analysis were less than 0.05 (Figure 7A).

Hub immune genes in�uence the in�ltration of immune cells in TME.

The SCNA module on the TIMER webserver was used to explore the relationship between the 7 hub
immune genes and the in�ltration of immune cells in TME. The results indicated that the two most
common alterations were Arm-level Gain and Deep Deletion, and these had a signi�cant effect on the
level of immune cells in TME, especially PLA2G2A, IGF2BP3 and NPNT (Figure 7B). The rest were shown
in Figure S3.

Establishment and assessment of TMBPI model for LGG.

To predict LGG patients’ prognosis, the TMBPI model was established based on the 7 hub immune genes.
Their expression data and coe�cients were calculated by multivariate Cox regression analysis and the
model was constructed as follows:  PI= (0.248935×IGF2BP3+0.045491×NPNT+0.073771× WISP1-
0.245454 × HOXB4 + 0.109997×TNFAIP6+0.017986×IL13RA2 +0.025691×PLA2G2A). Further, 499 out of
513 cases from the TCGA database were divided into high-risk (n=249) and low-risk (n=250) groups
based on the median of TMBPI as the cutoff value. Besides, 413 cases from the CGGA database were
divided into high-risk (n=215) and low-risk (n=216) groups. Compared with the low-risk group, the high-
risk group was associated with poor prognosis (P 0.001, Figure 8A-B). The ROC curves showed that the
AUC at 1-, 3- and 5-years overall survival (OS) prediction were 0.84, 0.83, and 0.73, respectively for the
TCGA database. Consistently, the AUC at 1-, 3- and 5-years were 0.75, 0.75, and 0.79, respectively for the
CGGA database (Figure 8C-D).

Discussion
The prognosis of LGG is closely related to genetic mutations. In this study, the most typical mutant gene
in LGG was isocitrate dehydrogenase (IDH). There are two types of IDH, IDH1, and IDH, IDH1 is strongly
correlated with in�ammation and immune response. Studies have shown that people with IDH1
mutations have a better prognosis [18,19]. Besides, mutations in ATRX and TP53 are also considered to be
important factors driving tumor growth [20]. This necessitated the re�nement of glioma subtypes in the
2016 WHO guidelines by inclusion of IDH1, TP53, and ATRX mutational analysis alongside an evaluation
of 1p/19q chromosomal codeletion [21]. This classi�cation has revolutionized the treatment of gliomas
with immunotherapy playing an important role. However, the e�cacy in treating patients with an immune
checkpoint inhibitor, such as PD-1 blockade, was various. The underlying mechanism remains to be
explored deeply. TMB and immune cells in the TME are the focus of research.
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Recently, high TMB has been associated with improved patient response to immunotherapy, hence used
as an important biomarker to guide immunotherapy [22,23]. Meanwhile, TMB was also related to prognosis
and we found that high TMB suggested unfavored prognosis. It is particularly important to understand
the mechanism of increased TMB. Studies have shown that many factors in�uence TMB. In this study,
GSEA analysis revealed that the DNA mismatch repair (MMR) pathway may play an important role.
Besides, other studies indicate that the loss of MMR may cause an increase in TMB levels. Mehdi’s study
indicated that two main pathways may be associated with the increase of TMB (hypermutation) in LGG;
de novo pathway associated with constitutional defects in MMR genes and a post-treatment pathway.
Besides, temozolomide was shown to induce damage in cells with MMR de�ciency driving the acquisition
of hypermutated populations without promoting a response to PD-1 blockade [24]. Moreover,
immunohistochemistry for MMR serves as a screening test for hypermutated gliomas [25]. Therefore,
existing evidence suggests that MMR de�ciency can improve the formation of hypermutation which does
no help or even worse to promote the e�cacy of immunotherapy, especially when patients with that of
de�ciency received chemotherapy. It also shows that MMR detection should be applied to the diagnosis
of LGG. Further studies are needed to clarify why high TMB causes poor prognosis. In this study, the TMB
level was also related to the patient’s age and was higher especially in older people. Similarly, there is
evidence that WHO type II gliomas are more common in patients aged above 40 years old, which could be
associated with increased TMB levels [26].

Much research focus has been directed at understanding the components of TME in tumors. This has led
to the revelation that interaction between tumor and immune cells de�nes the time-course of cancer by
modulating tumor malignancy, immune cell in�ltration, immune evasion and the e�cacy of
immunotherapy [27,28]. In this study, immune cell in�ltration in LGG was related to prognosis, and
macrophages found to be an independent risk factor.

Existing evidence indicates that in�ltrating monocytes and macrophages are associated with the
formation and evolution of gliomas. They can release mitogens and invasion-promoting factors to
increase glioma cell proliferation and promote tumor cell migration. Moreover, they also elaborate on
other factors that increase extracellular matrix degradation and promote cell invasion and motility of
glioma [29]. However, in this study, the proportions of M2 and M0 macrophages in the high TMB group
were enhanced compared with the low TMB group. A study by Vidyarthi indicated that high levels of M2
macrophages in�ltration are characteristic in high-grade gliomas, and this implies a poor prognostic
signature [30]. Besides, in our study, no signi�cant differences were found in the proportion of T cells
between high- and low-TMB groups. Meanwhile, Mehdi’s study contrasted T cells in�ltration between
MMR-de�ciency and MMR-pro�cient cells in colorectal cancer and gliomas. Results demonstrated that in
gliomas T cells in�ltration was not signi�cant, which in colorectal cancer was completely different. These
results indicated and supported that TMB level could hardly have an impact on T cells in�ltration. Further,
it showed negative results on the association between TMB and e�cacy of PD-1 blockade. However, we
did not observe changes in PD-1 and PD-L1 expression levels and this needs to be further researched. In
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general, it is suggested that high TMB might may increase malignancy of lower-grade glioma by
modifying the in�ltration landscape of immune cells.

The 7 hub immune genes identi�ed using the SCNA in this study, were shown to signi�cantly affect the
in�ltration of immune cells in TME, especially IGF2BP3, NPNT, and PLA2G2A. Besides, high expression of
these genes showed a worse prognosis. Evidence shows that SCNA of genes was tightly bound to cancer.
In regions of focal SCNA, some tumor suppressor genes and oncogenes have been identi�ed, however,
larger arm-level SCNAs are di�cult to determine the drivers [31]. Arm-level SCNAs are associated with poor
survival outcomes such as the loss of chromosome 9p which harbors the tumor suppressor CDKN2A in
LGG. In the present study, IGF2BP3, NPNT, and PLA2G2A all had either arm-level gain or arm-level
deletion. Interestingly, in our study arm-level SCNAs have had effects on the level of immune cells in TME.

 A study by Deng provided a list of prognostic immune-related genes associated with immune cell
in�ltration. Two of the genes in the 7 hub immune genes identi�ed in our study, HOXB4 and PLA2G2A,
also appear in the gene list by Deng [32]. Therefore, it can be speculated that the mutants of these genes
may affect the immune cells in TME due to alterations in copy number, which increases TMB and makes
clinical outcomes worse. Moreover, no study has reported on the speci�c role of PLA2G2A in the
progression of glioma. Therefore, PLA2G2A may be worth to study further.

Based on the 7 hub immune genes, the TMBPI model was established and its accuracy tested using ROC
curves for 1-, 3- and 5-years OS prediction with TCGA and CGGA databases. Results showed that the
TMBPI model has good accuracy and can be used to predict the clinical outcomes and assess the risk
levels for LGG patients.

These �ndings suggested high-TMB correlated with unfavorable prognosis in lower-grade glioma. And
high-TMB may have an impact on prognosis through alterations of TME, was caused by the SCNAs of
genes. The TMBPI model showed a good accuracy in terms of predicting prognosis in LGG patients.
However, the validity and practicality of the TMBPI model remain to be validated. Further research is
needed to clarify the underlying mechanism.

Methods
Data Source

Figure 1 shows this study’s work�ow diagram. LGG transcriptome data, single nucleotide variants (SNV)
data, and clinical data were downloaded from TCGA (https://portal.gdc.cancer.gov/) in April 2020. In this
study, the work�ow type of transcriptome data was HTseq-FPKM, and mutation data type was 'Masked
Somatic Mutation'. SNV was identi�ed by the MuTect. Besides, the mRNAseq_693 dataset acquired from
the CGGA (http://www.cgga.org.cn/index.jsp/) which is a Chinese public glioma database was selected
and included 431 lower-grade glioma cases used to validate the TMBPI model (see part 2.6).

Data Grouping and Processing
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SNV data was summarized using R package 'maftools' to determine the condition of somatic gene
mutation. Perl scripts were used to calculate the mutation frequency based on the number of variants in
each sample. For group analysis, LGG samples were divided into high and low TMB groups based on
median TMB. Differentially expressed genes (DEGs) between the two groups were compared by 'limma'
package and the thresholds were p-value <0.05 and |logFC| >1. Heatmaps were constructed in R using the
‘pheatmap’ package to show the different gene expression pro�les. Besides, survival information was
merged with TMB data using Entrez ID to assess the survival divergence using Kaplan-Meier analysis. P-
values were calculated by the Log-Rank test. Wilcoxon Rank-Sum Test was used to determine the
relationship between TMB level and clinical characteristics.

GO, KEGG and GSEA analysis

Gene ontology (GO) analysis was performed for function annotation of DEGs using 'clusterPro�ler',
'enrichplot','ggplot2' packages [8,9]. Two approaches were used to display signi�cantly enriched pathways;
Kyoto Encyclopedia of Genes and Genomes (KEGG) [10] and Gene set enrichment analysis (GSEA). KEGG
is also implemented in the R programming language. GSEA software (version 4.0.3) was used to show
the enrichment outcomes [11,12]. The TMB level served as phenotype and gene sets database was
'c2.cp.kegg.v7.1.symbols.gmt [Curated]' which was from MSigDB database (https://www.gsea-
msigdb.org/gsea/index.jsp/) [13]. False discovery rate (FDR)<0.05 was considered evidence of
signi�cance.

TIMER database and CIBERSORT analysis

TIMER web server is a comprehensive resource for systematical analysis of immune in�ltrates across
diverse cancer types [14]. 'Survival' module was selected to explore the association between LGG clinical
outcome and an abundance of immune in�ltrates. TIMER was used to calculate the immune in�ltration.
The P-value of a log-rank test was shown for each plot. The Cox model of 'Survival' was �tted using
function coxph() from R package 'survival'; The coe�cient ‘coef’ reads as a regression coe�cient. HR
provides the hazard ratio, and its lower and upper 95% con�dential interval was shown in 95%CI_l &
95%CI_u. The SCNA module was used to explore the correlation between different SCNAs of hub TMB-
related immune genes and the abundance of immune in�ltrates.

CIBERSORT is a deconvolution algorithm that uses a set of reference gene expression values (547 genes)
to predict 22 immune cell type proportions from bulk tumor sample expression data using support vector
regression [15]. CIBERSORT algorithm was used to calculate immune cell composition from LGG gene
expression pro�les and estimate the tumor-in�ltrating immune cells in LGG. The Wilcoxon Rank-Sum test
was employed to assess the differences in tumor-in�ltrating immune cells between the high and low TMB
groups. Visualization of differential in�ltration level of immune cells was performed using 'vioplot'
package with a p-value.

Selection of hub TMB-related Immune genes
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A list of the immune-related genes was downloaded from the InnateDB database
(https://www.innatedb.ca/) and a gene intersect obtained for DEGs in the two TMB groups using the
'VennDiagram' package [16]. The screening criteria were |logFC|>1.5 and FDR <0.05. Survival Kaplan-Meier
analysis was conducted via a 'for cycle' R script to explore the hub immune genes related to survival
outcomes and P-value was shown in the plot.

Construction of TMB Prognostic index (TMBPI) for hub immune genes

Multivariate Cox regression analysis was conducted to obtain coe�cients of 7 hub immune genes. The
formula: was used to construct TMBPI [17]. The performance was determined with the receiver operating
characteristic (ROC) curve and the area under the ROC curve (AUC) based on datasets from TCGA and the
CGGA databases using the ‘timeROC’ R package. The LGG patients were divided into a high-risk group
and low-risk group using the median prognostic index as the threshold. Kaplan-Meier survival method
was conducted to compare the survival differences between the two groups. The differences between the
groups were tested by the log rank test.

Statistical analysis.

Differences in survival were assessed using the Cox regression models (R package survival).
Normalization of data was conducted using the ‘limma’ package. Comparisons between two groups were
performed using the non-parametric Wilcoxon rank-sum test. P-value < 0.05 was considered statistically
signi�cant and all statistical analyses were performed in R software (v3.6.2).

Conclusions
Our study implied High-TMB favored worse prognosis in lower-grade glioma. Moreover, SCNAs of 7
immune TMB-related genes may have effects on the level of TMB and furtherly in�uence immune cells in
TME resulting in unfavorable prognosis. The proportion of macrophages M0 and M2 in TME were
increased in the high-TMB group, and monocytes decreased in lower-grade glioma. Last but not least,
TMBPI model is an effective prognostic model to predict the risk of patients with lower-grade glioma.
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Figure 1

Work �ow diagram. (A) Work�ow of overall design. (B) Validation of TMBPI model with TCGA and CGGA
databases.
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Figure 2

The waterfall plot shows the single most damaging variant found per gene and per sample in lower-grade
glioma, indicating mutation types with various colors.
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Figure 3

Summary of somatic mutations and gene interactions. (A-F) Summary of somatic mutations. (G)
Interaction plot exhibits co-occurrence and mutually exclusive of mutation genes.
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Figure 4

TMB and lower-grade glioma. (A) High TMB of lower-grade glioma was associated with poor overall
survival. (B-D) Relationships between TMB level and clinicopathological parameters.
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Figure 5

GO, KEGG and GSEA analysis (A) Heatmaps visualizing dissimilarity between high-TMB and low-TMB
groups. (B) Venn diagrams of TMB-related immune genes. (C) GO enrichment bar plot. (D) KEGG
enrichment bubble plot. (E) Parts of GSEA results.



Page 20/23

Figure 6

CIBERSORT results (A) Proportions of 22 immune cell subpopulations in lower-grade glioma analyzed by
CIBERSORT (B) Comparisons of immune cells in�ltration between high-TMB and low-TMB groups using
CIBERSORT results. The orange column indicates the high-TMB group and the green column indicates the
low-TMB group.
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Figure 7

(A) Survival analysis of 7 hub immune genes. (B) SCNA of PLA2G2A, IGF2BP3 and NPNT have
signi�cant impacts on immune cells in�ltration. Codes above various immune cells mean that different
kinds of SCNAs affect the corresponding immune cells signi�cantly. P-value signi�cant codes: 0 ≤ *** <
0.001 ≤ ** < 0.01 ≤ * < 0.05 ≤ . < 0.1.
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Figure 8

TMBPI prediction model for lower-grade glioma. (A-B) Differences in overall survival between high- and
low-risk groups by the median of TMBPI using TCGA and CGGA databases respectively. (C-D) ROC curves
for TMBPI model using TCGA and CGGA databases respectively with AUC at 1-, 3- and 5-years.
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