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Abstract
Background.  Gliomas are the most common primary brain tumors. High-Grade Gliomas have a median survival 
(MS) of 18 months, while Low-Grade Gliomas (LGGs) have an MS of approximately 7.3 years. Seventy-six percent 
of patients with LGG express mutated isocitrate dehydrogenase (mIDH) enzyme. Survival of these patients ranges 
from 1 to 15 years, and tumor mutational burden ranges from 0.28 to 3.85 somatic mutations/megabase per tumor. 
We tested the hypothesis that the tumor mutational burden would predict the survival of patients with tumors 
bearing mIDH.
Methods. We analyzed the effect of tumor mutational burden on patients’ survival using clinical and genomic data 
of 1199 glioma patients from The Cancer Genome Atlas and validated our results using the Glioma Longitudinal 
AnalySiS consortium.
Results.  High tumor mutational burden negatively correlates with the survival of patients with LGG harboring 
mIDH (P = .005). This effect was significant for both Oligodendroglioma (LGG-mIDH-O; MS = 2379 vs 4459 days in 
high vs low, respectively; P = .005) and Astrocytoma (LGG-mIDH-A; MS = 2286 vs 4412 days in high vs low respec-
tively; P = .005). There was no differential representation of frequently mutated genes (eg, TP53, ATRX, CIC, and 
FUBP) in either group. Gene set enrichment analysis revealed an enrichment in Gene Ontologies related to cell 
cycle, DNA-damage response in high versus low tumor mutational burden. Finally, we identified 6 gene sets that 
predict survival for LGG-mIDH-A and LGG-mIDH-O.
Conclusions.  we demonstrate that tumor mutational burden is a powerful, robust, and clinically relevant prog-
nostic factor of MS in mIDH patients.

Key Points

	•	 Tumor mutational burden predicts survival in mIDH but not wtIDH tumors.

	•	 High mutational burden is associated with enrichment in DNA repair-related genes.

	•	 We developed 6 high-risk gene sets that are associated with poor prognosis in 
Astrocytoma and Oligodendroglioma.

Tumor mutational burden predicts survival in patients 
with low-grade gliomas expressing mutated IDH1
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Low-grade gliomas (LGGs) are slow-growing brain tumors 
that occur in early adult life and can progress to high-grade 
gliomas (HGGs).1 Molecular characterizations coupled 
with the histological classification revealed that a muta-
tion in isocitrate dehydrogenase (mIDH), IDHR132H, is the 
main genetic lesion in LGG patients.2–5 Somatic mutation 
in IDH1, and far less common IDH2, results in excessive 
production of 2 hydroxyglutarate (2HG).6–8 2HG is a potent 
and competitive inhibitor of α-ketoglutarate-dependent 
dioxygenases, which are responsible for demethylation of 
DNA and histones.4,9 The ensuing hypermethylation pheno-
type triggers epigenetic reprogramming of the glioma cells’ 
transcriptome.3,10–13

The consequences of mIDH in glioma cells contribute 
to cancer development and progression not only by 
disrupting cell metabolism but also by altering the epige-
netic landscape. Metabolically, IDH is one of the enzymes 
that encodes an irreversible reaction in the tricyclic acid 
cycle. Disruption of the IDH reaction results in defective 
mitochondrial oxidative phosphorylation, glutamine me-
tabolism, lipogenesis, glucose sensing, and altering of cel-
lular redox status.8,14–18 IDH also inhibits glioma stem cell 
differentiation,4,8 upregulates vascular endothelial growth 
factor to promote tumor microenvironment formation,19,20 
and produces high levels of hypoxia-inducible factor-1α 
to promote glioma invasion,18,21,22 which ultimately leads 
to glioma progression. We have acquired a tremendous 
insight on the molecular mechanisms of genetic alter-
ations associated with malignant transformation of IDH 
mutations. This includes activation of NOTCH1, RTK–RAS–
PI3K, and Myc-RB1 signaling and/or deleted region of the 
CDKN2A/2B locus, all of which were found to be altered in 
progressed mIDH glioblastoma (GBM) samples compared 
to their lower grade counterparts.2,23–25 Nevertheless, the 
exact mechanism that impacts mIDH patient survival is still 
under debate.

In this regard, a significant advance in recent years 
has identified a set of genetic lesions that are character-
istic of mIDH and correlate with clinical outcome. This 
was done in hope for better prediction of tumor behavior 
and outcome, including identification of secondary mu-
tations, genetic alterations, methylation patterns, and 
multivariate prognostic models.26–29 Within the group of 
IDH-mutant gliomas, the presence of 1p/19q co-deletion 

(IDH-mutant–codel glioma) may present an additional 
prognostic marker separate from IDH-mutant glioma with 
intact 1p/19q chromosome arms (IDH-mutant–non-codel 
glioma). Other genetic alterations that affect LGG patient’s 
survival include mutation of PIK3CA and PIK3R1, and dele-
tion of CDKN2A in Astrocytoma mIDH, and 10q25.2 region 
deletions.30–32

Given the high level of inter-tumor heterogeneity in-
ferred from the presence of a variety of genetic lesions, 
and the fact that mIDH tumors are more resistant to radi-
otherapy than the wtIDH,33,34 it is tempting to speculate 
that tumor mutational burden may be a strong predictor 
for mIDH patient prognosis. In most solid cancers, the mu-
tational load negatively impacts patient survival35 and it is 
used as an indicator of rapid tumor progression.

In the present study, we analyzed the publicly available 
The Cancer Genome Atlas (TCGA) and Glioma Longitudinal 
AnalySiS (GLASS) datasets in order to correlate the tumor 
mutational burden with overall survival (OS) in mIDH LGG 
subtypes. We found that increasing tumor mutational 
burden negatively impacts the survival of LGG but not 
GBM. Further analysis of LGG patients revealed that the ef-
fect of tumor mutational burden on survival is unique for 
patients with mIDH but not wtIDH. This effect is prominent 
for both Astrocytoma and Oligodendroglioma mIDH sub-
group. Moreover, based on the prognosis, we constructed 
high-risk genes that predict poor prognosis in patients with 
IDH mutation. These data suggest that tumor mutational 
burden is an independent prognostic factor for glioma pa-
tients with IDH mutation and can be used as a predictor of 
patient survival.

Methods

Source of Data and Analyses

All clinical, RNAseq, copy number variations (CNVs), 
and mutational TCGA data were downloaded from 
the Broad Institute firebrowse36: http://firebrowse.
org/?cohort=GBMLGG&download_dia log=true#. 
GLASS data were downloaded from https://www.glass-
consortium.org/. Chinese Glioma Genome Atlas (CGGA) 

Importance of the Study

Mutations in IDH occur in approximately 75% 
of low-grade gliomas (LGGs) and correlate with 
extended survival. We performed a comprehen-
sive mutational and survival analysis of LGG 
patients positive for IDH mutation, using 2 pub-
licly available datasets, TCGA and GLASS. We 
found that tumor mutational burden is a unique 
and independent prognostic factor that nega-
tively impacts LGG-mIDH, but not LGG-wtIDH, 
or glioblastoma patients. Gene expression in 
patients with high tumor mutational burden 

was associated with enrichment in DNA repair 
and cell cycle-related genes. LASSO analysis 
revealed 6 gene sets that are associated with 
poor prognosis in mIDH tumor. We propose 
that tumor mutational burden represents a clin-
ically simple and powerful prognostic factor to 
predict overall survival in LGG-mIDH patients. 
This may potentially improve the stratification 
of LGG patients and provide a more accurate 
assessment of personalized treatment in the 
clinic.

http://firebrowse.org/?cohort=GBMLGG&download_dialog=true#
http://firebrowse.org/?cohort=GBMLGG&download_dialog=true#
https://www.glass-consortium.org/
https://www.glass-consortium.org/
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data were downloaded from the CGGA website: http://
www.cgga.org.cn/. Patients were categorized according to 
their mIDH status, tumor grade, and tumor mutational load 
(high vs low). For mutations and CNVs frequency analysis, 
data from all patients were converted into matrix files and 
an in-house developed R-script was used to determine the 
frequency of each mutation in all the analyzed groups.

Mutation Analysis

TCGA mutation analysis was done through the Broad’s 
Institute firebrowse stringent filtering and annotation 
pipeline to obtain a uniform set of mutation calls.36–39 In 
brief, the number of mutations and the number of cov-
ered bases for each gene were tabulated. The significant 
metric was calculated for each gene, using the Lawrence 
et al. methods (MutSigCV) which measure the significance 
of mutation burden.40 MutSigCV determines the P-value 
for observing the given quantity of non-silent mutations in 
the gene, given the background model determined by si-
lent (and noncoding) mutations in the same gene, and the 
neighboring genes of covariate space.39 Mutational repre-
sentations were plotted using comuplotter.41 GLASS mu-
tational analysis was obtained from GLASS consortium.42 
Mutation frequencies for each tumor were calculated by 
implementing the SQL query provided by the Jackson 
Lab for performing the frequency calculation within the 
GLASS database, published in GitHub at the following lo-
cation: https://github.com/TheJacksonLaboratory/GLASS/
blob/master/sql/mut_freq/mut_freq.sql. The query imple-
ments a join operation between 2 computed tables, “anal-
ysis_coverage” (id: syn18477440, last modified March 27, 
2019)  and “variants_ssm2_count” (id: syn21599128, last 
modified February 14, 2020), which were downloaded 
from the GLASS website location: https://www.synapse.
org/#!Synapse:syn17038081/tables/. To perform the query, 
an SQLlite relational database instance (v 3.30.1) was in-
stantiated locally and the downloaded tables were loaded 
into the instance. The provided query was performed di-
rectly in the sqlite3 command-line shell, exporting the re-
sults to a local csv file containing the coverage-adjusted 
mutation frequency for each aliquot barcode. Only the pri-
mary tumor sample was considered in the analysis.

For both datasets, mutation rate cutoff was determined 
based on the maximal log-rank cutoff test as described pre-
viously.43 This test was applied to the mutation rate in order 
to estimate the most appropriate cutoff values for splitting 
patients into groups with different OS probabilities.

Survival Analysis

Survival data were censored at the last date the patient 
was known to be alive. Survival functions were estimated 
by the Kaplan–Meier method and compared using the log-
rank test. The median survival (MS) time is calculated as 
the smallest survival time for which the survivor function 
is less than or equal to 0.5. Cox proportional hazards re-
gression was used to assess the effect of mutation num-
bers and IDH mutation status on patient survival. In the 
Cox model, an interaction between the tumor mutational 

burden and IDH mutation is tested to estimate the effect 
of mutation numbers with and without the IDH mutation. 
The assumptions of proportional hazard and linear form 
of covariates were assessed by martingale residuals plots 
and the Kolmogorov-type supremum test. All analyses for 
survival data were done using SAS 9.4 software. P < .05 
was considered significant.

For regression analysis, only the deceased patients from 
each group were considered. Linear regression analysis 
was performed for the “days to death” as a dependent var-
iable versus the number of mutated genes per patient (in-
dependent variable). The analysis was done using STATA 
15.1 software. P < .05 was considered significant.

For Significance Analysis of Prognostic Signatures 
(SAPS), significant gene sets enriched in LGG-mIDH-
Ahigh or LGG-mIDH-Ohigh were used to compute the true 
gene set that can predict survival in Astrocytoma and 
Oligodendroglioma, separately. SAPS was run using the 
Bioconductor R package “SAPS”: https://rdrr.io/bioc/saps/
man/saps.html. All gene sets were compared in their 
ability to predict the survival based on the 3 P-values com-
puted by SAPS (Ppure, Prandom, and Penrichment).

44 Only gene 
sets that showed significance in all 3 P-values <.05 were 
considered significant.

Gene Set Enrichment Analysis

All patients were screened for the tumor grade, mutations 
load, and IDH status. Rank file was created by implementing 
R script from Bader lab (https://github.com/BaderLab/
EM-tutorials-docker/blob/master/R_scripts/supplemental_
protocol2_rnaseq.R). The gmt file downloaded from Broad 
Institute website (http://software.broadinstitute.org/gsea/
index.jsp) and it contains all gene ontology (GO) sets to be 
included in the gene set enrichment analysis (GSEA). Files 
for positively and negatively enriched groups were used as 
input files to create the enrichment map in Cytoscape.

Results

Tumor Mutational Burden Unexpectedly Predicts 
Increased Aggressive Clinical Course Only in 
LGG-mIDH

We analyzed the clinical data of 1199 patients from TCGA. 
Among the TCGA patients, we used 799 patients for whom 
there are available complete mutational data. We examined 
the tumor mutational burden (#Mutations/Mb) in HGG and 
LGG in TCGA and validated our results utilizing 196 patients 
from the GLASS consortium.42 All patients’ clinical and muta-
tional data are summarized in Supplementary Tables S1 and 
S2. To assess the impact of tumor mutational burden on the 
patient’s survival, we classified all patients according to the 
tumor mutational burden into 2 groups (high vs low), based 
on the maximal log-rank cutoff test as described before43 
(Figure 1A). We found that overall mutational load was higher 
in HGG patients compared to the LGG patients, regardless 
of the IDH mutation (Supplementary Figure S1A and B). We 
then applied the “life test” procedure to compare the survival 
probabilities between patients with high versus low tumor 

http://www.cgga.org.cn/
http://www.cgga.org.cn/
https://github.com/TheJacksonLaboratory/GLASS/blob/master/sql/mut_freq/mut_freq.sql
https://github.com/TheJacksonLaboratory/GLASS/blob/master/sql/mut_freq/mut_freq.sql
https://www.synapse.org/#!Synapse:syn17038081/tables/
https://www.synapse.org/#!Synapse:syn17038081/tables/
https://rdrr.io/bioc/saps/man/saps.html
https://rdrr.io/bioc/saps/man/saps.html
https://github.com/BaderLab/EM-tutorials-docker/blob/master/R_scripts/supplemental_protocol2_rnaseq.R
https://github.com/BaderLab/EM-tutorials-docker/blob/master/R_scripts/supplemental_protocol2_rnaseq.R
https://github.com/BaderLab/EM-tutorials-docker/blob/master/R_scripts/supplemental_protocol2_rnaseq.R
http://software.broadinstitute.org/gsea/index.jsp
http://software.broadinstitute.org/gsea/index.jsp
https://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaa042#supplementary-data
https://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaa042#supplementary-data
https://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaa042#supplementary-data
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Figure 1.  Poor prognosis in mIDH patients from TCGA with a high mutational burden. (A) Classification of glioma patients according to the subtype 
and mutational burden used in this study. (B) Kaplan–Meier survival of GBM-wtIDH patients with high mutational burden (red; N = 71) or low muta-
tional burden (black; N = 208) from TCGA. There was no significant difference in survival between groups (hazard ratio [HR] = 1.203, CI [1.644–0.87]). 
(C) Linear regression model of patients’ “days to death” versus mutational burden/patient in GBM-wtIDH (N = 218). There was no correlation 
between patients’ “days to death” and mutational load. (D) Kaplan–Meier curves of LGG-wtIDH patients classified according to the mutational 
burden in TCGA. There is no difference in survival between LGG-wtIDHhigh (N = 72) and LGG-wtIDHlow (N = 22) (HR = 0.58, CI [0.29–1.125]). (E) 
Linear regression model of patients’ “days to death” versus mutation burden/patient in LGG-wtIDH (N = 51). There was no correlation between 
patients’ “days to death” and mutational load. (F) LGG-mIDH-Ahigh (N = 189) has statistically significant decreased median survival as compared to 
LGG-mIDHlow (N = 63) (HR = 0.3891, CI [0.2193–0.6905]). (G) Linear regression model of patients’ “days to death” versus mutation burden/patient in 
LGG-mIDH-A (N = 51). There is a significant correlation between patients’ days to death and mutation load/patient in LGG-mIDH-A (R = −0.31, P < 
.001). (H) LGG-mIDH-Ohigh (N = 74) has statistically significantly decreased median survival as compared to LGG-mIDHlow (N = 95) (HR = 0.3198, CI 
[0.1343–0.7616]). (I) Linear regression model of patients’ “days to death” versus mutation burden/patient in LGG-mIDH-O (N = 23). There is a signifi-
cant correlation between patients’ days to death and mutation load/patient in LGG-mIDH-O (R = −0.54, P < .001).  
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mutational burden. Surprisingly, there was no difference in 
survival between HGG with high tumor mutational burden 
as compared to HGG with low tumor mutational burden 
(Supplementary Figure S2A). In contrast, LGG patients with 
high tumor mutational burden have a significant decrease 
in MS as compared to LGG patients with low tumor muta-
tional burden (Supplementary Figure S2A). We stratified pa-
tients in terms of the IDH mutation and found no significant 
differences in MS between HGG patients with wild-type IDH 
(wtIDH) who have a high mutation load (GBM-wtIDHhigh) as 
compared to those with low mutation load (GBM-wtIDHlow) 
(Figure 1B). Similar results were obtained when comparing 
LGG patients with tumors expressing wtIDH; there were 
no differences in MS between high mutation versus low 
mutation group (Figure  1D). However, high tumor muta-
tional burden was negatively correlated with patients’ prog-
nosis in mIDH LGG patients with no 1p/19q codeletion (ie, 
Astrocytoma; LGG-mIDH-A), as well as in mIDH LGG pa-
tients with 1p/19q codeletion (ie, Oligodendroglioma; LGG-
mIDH-O) (Figure  1F and H). In HGG patients with mIDH 
tumors, tumor mutational burden was also negatively correl-
ated with survival, even though the number of patients avail-
able to be studied was low (n = 14) (Supplementary Figure 
S2B). Except for patient age which impacts the prognosis of 
LGG-mIDH-O, there was no effect of patient’s gender, radia-
tion therapy, or TMZ treatment on OS between the analyzed 
groups (Supplementary Table S3). We validated the impact 
of tumor mutational burden on the survival of LGG-mIDH 
using two approaches. First, we tested if there was a cor-
relation between the survival rate and tumor burden in all 
tumor groups. We applied a linear regression model to see 
if we could predict the “days to death” (dependent variable) 
of glioma patients based on the tumor mutational burden (in-
dependent variable). Since an endpoint is required for linear 
regression, we only considered the deceased patients in this 
analysis. Linear regression modeling showed a significant 
dependency of patients “days to death” on tumor mutational 
burden only in patients with LGG-mIDH tumors (Figure 1C, E, 
G, and I). Second, we validated the TCGA results by studying 
196 patients from the GLASS database to further corrobo-
rate our hypothesis using a separate dataset.42 In agreement 
with the results from the TCGA, no difference in survival 
was seen between GBM-wtIDHhigh and GBM-wtIDHlow 
(Supplementary Figure S3A). However, the high mutational 
burden negatively impacts patient survival in both HGG and 
LGG astrocytoma patients with mIDH (Supplementary Figure 
S3B and C). Despite the low number of patients in the LGG-
mIDH-O group, all patients within LGG-mIDH-Olow were alive, 
whereas, 4 patients within the LGG-mIDH-Ohigh were de-
ceased (P = .2, NS, Supplementary Figure S3D). These data 
confirm the effect of tumor mutational burden on the survival 
of patients with LGG expressing the IDH mutation, in two un-
related databases.

Association of Genetic Alterations With OS

Next we tested if the differences in tumor mutational load 
could be explained by changes in the frequency of indi-
vidual mutations, mutational signatures (COSMIC), or 
CNV. In LGG-mIDH-A, we found that 4 out of the top 10 
commonly mutated genes are shared in both high and low 

mutation groups. These genes are IDH, TP53, ATRX, and 
TTN (Figure 2A). None of these mutations have a signif-
icant impact on OS between LGG-mIDH-Ahigh and LGG-
mIDH-Alow (Figure  4A). Mutated genes that are unique 
to the LGG-mIDH-Ahigh are MUC16, SMARCA4, MUC17, 
CSMD3, APOB, and NOTCH1 (Figure 2A). With the excep-
tion of SMARCA4, none of these mutations have an impact 
on patient’s survival (Figure  4A). Notably, the frequency 
of SMARCA4 is less than 8% of total patients within the 
LGG-mIDH-Ahigh. Mutations in RYR2, PCDH19, CIC, C3, 
BCOR, and ACSM5 genes are unique in the LGG-mIDH-
Alow (Figure 2B). ACSM5 was the only mutation associated 
with survival in LGG-mIDH-Alow (Figure 2B). The COSMIC 
database has categorized 30 reference mutation spectra 
signatures based on the analysis of 40 distinct types of 
human cancer.45 The genetic mutation signatures across 
all patients within the LGG-mIDH-Ahigh and LGG-mIDH-Alow 
groups were identical (Figure 2A and B, bottom plots). The 
most common signatures in either group were 1, 6, and 15 
(Figure 2A and B, Supplementary Figure S4).

Similar to the Astrocytoma, LGG-mIDH-Ohigh and LGG-
mIDH-Olow shared 6 of the top 10 frequent mutations: IDH, 
CIC, FUBP1, NOTCH1, PIK3CA, and ZBRB20 (Figure 3A and 
B). Except for a mutation in PIK3CA (which have a nega-
tive impact on the survival of both groups), none of these 
mutations have a differential impact on the OS of LGG-
mIDH-Ohigh or LGG-mIDH-Olow (Figure 4B). Moreover, the 
most common COSMIC signatures were similar to the 
signatures found in LGG-mIDH-A groups (ie, 1, 6, and 
15) (Figure 3A and B, Supplementary Figure S4).

We then investigated the effect of the most frequent 
CNVs on both LGG-mIDH subgroups. Overall, the per-
centage of the most frequently altered CNVs was approx-
imately 11% in LGG-mIDH-A and approximately 10% in 
LGG-mIDH-O (Figure  4C and D). In all LGG-mIDH-A, the 
most frequent CNVs that have an impact on patient’s sur-
vival are found in the following genes: CCND2, PTPN6, 
FGF6, FGF23, CHD4, and ZNF384 (Figure 4E). Interestingly, 
all of these CNVs are shared in the same patients within 
the LGG-mIDH-Ahigh group (Figure  4C and E). In LGG-
mIDH-O, none of the most frequent CNVs had a differential 
effect on OS between LGG-mIDH-Ohigh and LGG-mIDH-Olow 
(Figure 4D and F). Overall, these data suggest that tumor 
mutational burden is a unique and independent prognostic 
factor that negatively impacts LGG-mIDH patient survival.

Unique GO Groups Are Enriched in the 
LGG-mIDHhigh

Since the high mutational burden impacts LGG-mIDH but 
not the LGG-wtIDH, we hypothesized that LGG-mIDHhigh 
is associated with a differential gene expression profile, 
which could be used to predict patients’ outcome. We per-
formed the differential gene analysis based on tumors with 
either high or low mutational burden. Using an FDR of 
0.05 as the lower limit of significance, we identified 8321 
genes that were upregulated and 6527 genes that were 
downregulated in the LGG-mIDH-Ahigh. In LGG-mIDH-Ohigh, 
there were 7345 upregulated and 5298 downregulated 
genes. We then performed GSEA to evaluate the functional 
aspects of the differentially expressed genes.

https://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaa042#supplementary-data
https://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaa042#supplementary-data
https://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaa042#supplementary-data
https://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaa042#supplementary-data
https://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaa042#supplementary-data
https://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaa042#supplementary-data
https://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaa042#supplementary-data
https://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaa042#supplementary-data
https://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaa042#supplementary-data
https://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaa042#supplementary-data
https://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaa042#supplementary-data
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We compared the differences between significant GOs in 
LGG-mIDHhigh vs low in both astrocytoma and oligodendro-
glioma. Results suggested that high tumor mutational 

burden was associated with the upregulation of DNA repair, 
cell cycle-related processes, DNA mismatch repair, and chro-
mosomal remodeling in LGG-mIDHhigh vs low (Figure  5A–D, 
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Figure 2.  Somatic genetic alterations identified in LGG-mIDH-A according to the tumor mutational burden. (A) Upper plot shows the mutation rate 
for each tumor sample in LGG-mIDH-Ahigh. Middle plot: Heatmap of the most frequent somatic mutations identified in LGG-mIDH-Ahigh. Genes are 
sorted according to the FDR q-value. Lower plot: Mutational signature analysis in LGG-mIDH-Ahigh samples. (B) Upper plot shows the mutation rate 
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type or mutation signature as indicated in the left panel.
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Supplementary Figure S5). The enriched GO groups were 
prominent in the high mutated groups of both LGG-mIDH-A 
and LGG-mIDH-O (Figure 5A–D). Interestingly, there was a 
positive enrichment of GO families that belong to RNA and 
pre-RNA processing in LGG-mIDHhigh vs low (Figure  5C and 
D). This is consistent with a recent report which highlights 
the effect of enrichment in RNA processing associated GO 

groups in LGG patients’ survival.46 Unique GOs related to the 
amino acids catabolism were downregulated in LGG-mIDH-
Ahigh (Figure 5A and B), whereas unique GOs belonged to 
type-I interferon signaling were enriched in LGG-mIDH-Ohigh 
(Figure  5C and D). These data elucidate the molecular dif-
ferences in the high tumor mutational burden within LGG-
mIDH tumors and suggest that GOs belonging to cell cycle 
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regulation and RNA processing may be negatively correlated 
with mIDH patient survival.

Identification of High-Risk Gene Sets Associated 
With Survival in LGG-mIDH Patients

We aimed to construct gene sets that could be used to 
predict survival in LGG-mIDH. To do so, we obtained the 

differentially enriched GOs between the high mutation and 
low mutation groups in both LGG-mIDH subtypes. The re-
sulting enriched gene sets include genes related to DNA 
repair, cell cycle-related processes, and chromosomal 
remodeling. To determine if these gene sets correlate with 
survival, we used the SAPS test.44 SAPS is a powerful tool 
that computes 3 P-values (Ppure, Prandom, and Penrichment) 
for candidate prognostic gene sets and integrates the 3 
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P-values in the form of the SAPS q-value. Out of 53 gene 
sets that were enriched in LGG-mIDH, only 8 gene sets 
had a significant SAPS score in LGG-mIDH-A, and 9 gene 
sets had significant SAPS score in LGG-mIDH-O (Q-value 
<0.01). We performed the “least absolute shrinkage and 
selection operator” (LASSO) (Figure 6A) to identify genes 
within each gene set most associated with survival. LASSO 
selected 12 genes from 3 gene sets, set1, set2, and set3, 
associated with the survival of patients with LGG-mIDH-A 
tumors, and 18 genes from 3 gene sets, set4, set5, and 
set6, that impact survival of LGG-mIDH-O (Figure 6B and 
C, Supplementary Table S4). We then validated our model 
using an independent dataset from the CGGA. Within the 
CGGA dataset, all 6 gene sets predicted survival of LGG-
mIDH tumors (Figure 6B and C). Therefore, we propose that 
set1, set2, and set3 could be utilized as a prognostic marker 
for survival of patients with LGG-mIDH-A, whereas set4, 
set5, and set6 could predict prognosis in LGG-mIDH-O. All 
genes are listed in Supplementary Table S4.

Discussion

Expression of mIDH in LGG results in a hypermethylation 
phenotype and enhanced patients’ survival. In this study, 
we analyzed the tumor mutational burden, CNVs, mRNA 
expression, and clinical outcomes of adult glioma util-
izing the TCGA database and validated the results using 
the GLASS consortium and the CGGA database. We pro-
pose that tumor mutational burden is a predictor of OS 
in patients with LGG-mIDH tumors. Furthermore, we 
constructed a list of “high-risk” gene sets which we pro-
pose could be used as a prognostic marker of OS of mIDH 
glioma.

Although the total number of mutations in GBM is higher 
than in LGG-mIDH tumor, the correlation between tumor 
mutational burden and patient outcome was specific to 
LGG-mIDH. This suggests that the mutational burden is an 
important contributor to survival in LGG-mIDH patients, 
albeit, the role of IDHR132H on the mutation rate in LGG tu-
mors remains to be determined.

Tumor mutational burden has been associated with 
better response to immunotherapy in many, but not all, 
tumor types.47 However, the tumor mutational burden can 
also give rise to intratumor heterogeneity which increases 
treatment resistance, including resistance to immune 
therapy.48 As recurrent tumors contain an increased tumor 
mutational burden, and are also more resistant to treat-
ment, and more aggressive than the primary tumor,2,23,24 
there exists a general correlation between tumor muta-
tional burden and tumor progression and aggressiveness. 
Recently, Barthel et al.42 have shown that upon recurrence, 
hypermutation in all glioma patients was not associated 
with prognosis. Future studies will elucidate the effect of 
the mutational burden in recurrent tumors on prognosis.

Previous studies have shown that mutation in PIK3CA 
and deletion of CDKN2A are associated with poor clinical 
outcome30,31 in LGG. We found that CDKN2A is only present 
in LGG-wtIDH (less than 1% of LGG-mIDH), and it was as-
sociated with poor clinical outcome in both LGG-wtIDHhigh 
and LGG-wtIDHlow. Mutation in PIK3CA was present in 

approximately 13% of LGG-mIDH-O patient, and it did drive 
unfavorable prognosis in both LGG-mIDH-Ohigh and LGG-
mIDH-Olow.   Moreover, mutational analysis revealed that 
the main COSMIC signatures enriched in the high and low 
mutated tumors were signatures 1, 6, and 15. Signature 1 
is common in most tumor type and is found in most cancer 
samples. Both signature 6 and signature 15 are resulted 
from high numbers of small (shorter than 3 bp) insertions 
and deletions at mono/polynucleotide repeats and are as-
sociated with DNA mismatch repair pathway.45 The exact 
contribution of these mutational signatures on glioma 
patient’s prognosis outcome is yet to be discovered.

GSEA suggests that LGG-mIDHhigh tumors have positive 
enrichments in cell cycle regulation and DNA repair GO 
groups as compared to LGG-mIDHlow. This suggests that ac-
tivation of the DNA repair pathway results in worse prog-
nosis in mIDH glioma. These data are consistent with our 
recent study which showed that the mIDH tumor is associ-
ated with epigenetic regulation of genes involved in DNA 
repair pathway such as ATM.33 It is possible to speculate 
that activation of DNA repair mechanisms in tumors with 
high mutational burden could be a cause of increased mu-
tation or its consequence. Future experimental studies will 
need to address this issue. Another GO which was unique 
in LGG-mIDHhigh versus LGG-mIDHlow was “RNA and non-
coding RNA processing”.49–52 The role of changes in RNA 
processing, whether causal or effect of high levels of muta-
tion, will also need to be evaluated in forthcoming studies.

In summary, we propose that the tumor mutational 
burden could be used as a potentially highly reli-
able marker of OS in patients with LGG-mIDH tumors. 
Furthermore, we identified 6 gene sets whose expression 
levels correlate significantly with the OS in this group of 
patients. As our data were established using the TCGA 
database and validated using 2 independent databases 
(GLASS and CGGA), we propose that our results have high 
clinical statistical significance. We believe our results are of 
clinical relevance for therapeutic decisions and the stratifi-
cation of patients for clinical trials.

Supplementary Data

Supplementary data are available at Neuro-Oncology 
Advances online.
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