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A prognostic risk model for glioma patients by

systematic evaluation of genomic variations

Baifeng Zhang,!>?10.11.* Weiqing Wan,?'° Zibo Li,>'° Zhixian Gao,? Nan Ji,? Jian Xie,” Junmei Wang,*
Bin Wang,” Dora Lai-Wan Kwong,'-> Xinyuan Guan, ' Shengjie Gao,® Yuanli Zhao,” Youyong Lu,’ Liwei Zhang,”*

Karin D. Rodland,® and Shirley X. Tsang”*

SUMMARY

The overall survival rate of gliomas has not significantly improved despite new
effective treatments, mainly due to tumor heterogeneity and drug delivery.
Here, we perform an integrated clinic-genomic analysis of 1, 477 glioma patients
from a Chinese cohort and a TCGA cohort and propose a potential prognostic
model for gliomas. We identify that SBS11 and SBS23 mutational signatures
are associated with glioma recurrence and indicate worse prognosis only in
low-grade type of gliomas and IDH-Mut subtype. We also identify 42 genomic
features associated with distinct clinical outcome and successfully used ten of
these to develop a prognostic risk model of gliomas. The high-risk glioma patients
with shortened survival were characterized by high level of frequent copy
number alterations including PTEN, CDKN2A/B deletion, EGFR amplification,
less IDH1 or CIC gene mutations, high infiltration levels of immunosuppressive
cells and activation of G2M checkpoint and Oxidative phosphorylation oncogenic
pathway.

INTRODUCTION

Gliomas, the most common type of cancer that starts in the glial cells of the brain, are clinically derived from
various neural cells including astrocytes, oligodendrocytes, and ependymal cells. Glioblastoma (GBM), as
the most aggressive and commonly occurring type of glioma, has an average length of survival following
diagnosis of only 12 to 15 months and less than 3-7% of patients survive longer than five years.' The causes
of most cases of glioblastoma remains unclear, and majority of glioblastoma diagnoses are de novo
whereas others start as the low-grade type of gliomas (LGG) and progress into glioblastoma. To date,
The Cancer Genome Atlas (TCGA) and other studies have performed large scale next-generation
sequencing of the genome of gliomas patients and revealed the mutation landscape and intratumor het-
erogeneity of gliomas patients involved in tumorigenesis.”® Several key genomic features such as the mu-
tation of gene IDH and the deletion of chromosome arms 1p and 19q were identified as new biomarkers to
stratify subgroups with distinct clinical outcomes and clinical treatment plans, this further reshaped and up-
date the World Health Organization (WHO) classification of glioma.>”"® However, these studies primarily
focused on the somatic events among subtypes.

Numerous studies demonstrated mutation signature and copy number alterations signature documented
the characteristics occurring throughout the whole life of cancer cells including DNA repair or exogenous
processes such as chemotherapy treatment.”'” It was expected that the genomic signatures would have a
great influence on the clinical outcome and treatment response of glioma patients. One recent study
analyzing the mutational spectral following radiotherapy in glioma patients revealed that a
radiotherapy-derived deletion signature was associated with worse clinical outcomes and may be used
to predict sensitivity to radiation therapy.'" Therefore, there is a need to identify and incorporate
prognostic genomic signatures as additional molecular features that may enhance the treatments
performance of gliomas.

Here, we sequence the whole exomes of a cohort of Chinese glioma patients and additionally also obtain
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alteration signatures, and evaluate their clinical relevance in a total of 1, 477 patients. Our results generate a
full picture of genomic variation signature and discover several additional genomic features including focal
amplification or deletion and genomic signatures as potential prognosis markers. We further develop a
prognostic risk model of glioma based on genomic features to stratify glioma patients into high-risk and
low-risk two subgroups with significant distinct outcomes in Chinese and TCGA cohort (p< 0.0001). The
performance of this model in the clinic was further validated in an independent cohort with 1,004 glioma
patients from Memorial Sloan Kettering Cancer Center (MSKCC) via MSK-IMPACT target panel sequencing
(p< 0.05)."" Associated expression and immune microenvironment features of two distinct prognostic risk
subgroups also were characterized.

RESULTS
Prognostic genomic mutation signatures of glioma patients

The 1,477 glioma patients in total, which comprise the 1,111 published TCGA whole exomes, 286 published
Chinese exomes and 80 newly sequenced Chinese exomes in this study-yielded 269, 341 somatic SNVs
(184, 242 non-silent mutations) and 200, 611 SCNA segments that were analyzed for downstream analysis
(Tables S1, S2, S3, and S4).

The mutational signatures can reflect abnormal exposures or neoplastic progression. The Single Base Sub-
stitution (SBS) mutational signature analysis of gliomas was performed by stratifying the total somatic SNVs
according to their trinucleotide mutational contexts and then applying multiple non-negative matrix
factorization (NMF) iterations to decompose into optimal signatures with predefined etiologies in the
Catalogue of Somatic Mutations in Cancer (COSMIC) database.” Of the 14 independent mutational signa-
tures we identified, eleven COSMIC signatures and three newly identified signatures (SBS96F, SBS96G and
SBS96H) showed substantial variation in the glioma patients and in the mutations attributed per patient
(Figure STA). Six mutational signatures (including SBS11, SBS15, SBS23, SBS44, SBS96F and SBS96G)
were observed to be relevant to the prognosis of gliomas (Figure S1B). Of these signatures, SBS15,
SBS44 and SBS96F indicated better clinical outcome. SBS15 and SBS44 were reported to be associated
with defective DNA mismatch repair (MMR) and microsatellite instability (MSI) previously,g and SBS96F is
the newly identified by T>G mutations at ATG and CTG trinucleotides (the mutated base is underlined)
(Figure S1C). SBS11, SBS23 and SBS96G indicated worse clinical outcome. SBS96G was also newly identi-
fied and characterized predominantly by C>T mutations at ACG and CCA trinucleotides (Figure S1C).
SBS11 was associated with prior treatment with the alkylating agent such as temozolomide in the previous
studyg and showed similar C>T mutational contexts to SBS23 (Figure 1A). Of interest, the substantial
increase of SBS11 and SBS23 in absolute mutationnumber and composition fraction level was observed
in Chinese cohort, GBM subtype, Recurrent and IDH-mutant gliomas patients (Figures 1A and 1C),
indicated that the SBS11 and SBS23 could inform clinical treatment of gliomas patients. The shortened
survival of gliomas patients with SBS11 and SBS23 mutations was observed in both Chinese (p = 0.025)
and TCGA cohort (p = 0.0002), and in LGG subtype (p = 0.00036) but not in GBM subtype (p = 0.57),
and only in IDH-mutant subtype (p< 0.0001) (Figures 1D and 1E), suggesting that SBS11 and SBS23 might
be a prognostic signal in the early stage or IDH-mutated of glioma patients.

To identify copy number signatures, we analyzed the total SCNA segments from glioma patients and
computed the genome-wide distributions of eight different features followed by previous studies'®'*:
Breakpoint count per 10 Mb (BP10MB), Breakpoint count per chromosome arm (BPArm), The observed
absolute copy number (CN) of each segment. The absolute difference in copy number between adjacent
segments across the genome (CNCP), Length of segments with oscillating copy number (OsCN), The log10
length of each segment (SS), The minimal number of chromosomes with 50% copy number variation
(NC50), The burden of per chromosome (BoChr). Six copy number signatures as well as their important
components were identified, namely CN-Sig1 to CN-Sigé (Figure 2A). CN-Sig1 showed frequent break-
points per 10 Mb, high copy number change point, high absolute copy number and high burden of
copy number alterations in chromosome 7 and 12. This signature is caused by focal amplification of
DNA segments located in chromosome 7 and 12. CN-Sig2 is characterized by one copy number change
point and considerable oscillating copy number, suggesting a state of chromothripsis. CN-Sig3 is featured
by zero absolute copy number and two copy number change point, indicating homozygous deletion. CN-
Sigd is represented by almost no breakpoints and zero copy change point, suggesting copy number neutral
like. CN-Sig5 is characterized by few breakpoints and much more chromosomes with 50% CNA, reflecting
the occurrence of whole genome duplication. CN-Sigé is featured by one absolute copy number, one copy
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Figure 1. Prognostic implications of SBS11 and SBS23 mutational signature in gliomas

(A) Component weights of SBS11 and SBS23.

(B) Fraction difference of patients with SBS11 and SBS23 signature mutations among clinical phenotypes.

(C) Comparison of estimated number of SBS11 and SBS23 signature among clinical phenotypes. Wilcoxon signed-rank test: p> 0.05, 0.01 <P< 0.05,
0.001 <P< =0.01,0.0001 <P< = 0.001 and 0 <P< = 0.0001 were shown as ns, *, **, *** **** Data are represented as mean + SEM.

(D) Kaplan-Meier survival analysis of glioma patients with SBS11 and SBS mutation or not in Chinese and TCGA cohort.

(E) Kaplan-Meier survival analysis of SBS11 and SBS mutation in LGG and GBM subtypes.

(F) Kaplan-Meier survival analysis of SBS11 and SBS mutation in IDH-wildtype (IDH-WT), IDH-mutant (IDH-Mut), and 1p/19g-codeleted IDH-mutant (IDH-
Mut&1p19g-Co-Del) subtypes.

See also Figure S1.

number change point and one oscillating copy number, indicating loss of heterozygosity. Of these copy

number signatures, only copy number neutral like CN-Sig4 indicated prolong survival (p = 0.0011) and
other five copy number signatures indicated shorten survival (p< 0.0001) (Figure 2B), demonstrating that
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Figure 2. Copy number signatures of gliomas and their prognostic value

(A) Description of the defining component weights and proposed mechanisms for the six copy number signatures.

(B) Kaplan-Meier survival analysis of glioma patients with signature mutation or not for each copy number signatures.

the heterogeneity of copy number signatures in glioma patients and their promising role as potential prog-

nostic sign

al.

Prognostic implications of significantly altered genes

Genes significantly altered by point mutations or copy number changes play an important role in regulating
cellular growth and survival are likely to provide a selective growth advantage. Thirty significantly altered
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Figure 3. The identification of significantly altered gene and their prognostic implications

(A) The identification of 9 prognostic genes with driver mutations (driver FDR <0.25 reported by MutPanning software, above 3% mutated rate, prognostic
FDR <0.25 reported by logrank test) and 21 prognostic genes with copy number changes (driver FDR <0.25 reported by GISTICv2 software, above 50%
mutated rate, prognostic FDR <0.25 reported by logrank test).

(B) The distribution of p value (green: not significant/NS, red: P (adjusted/FDR) < 0.25) and Hazard Ratio of univariate survival analysis for genes with mutation
or copy number changes.

(C) The visualization of genomic locations for significantly altered genes by mutation.

(D) The visualization of genomic locations for significantly altered genes by copy number changes (red: amplification, blue: deletion).

genes with prognostic value were identified in the data, including 9 genes with significant driver mutations
occurred in over 3% of glioma patients (FDR <0.25, reported by MutPanning software'®), and 21 genes
located in frequently deleted or amplified region in over 50% of glioma patients (FDR <0.25, reported
by GISTICv2 software'’) (Figure 3A). Univariate survival analysis showed that ARID1A, FUBP1, IDHT,
NOTCH?1, TP53, CIC and ATRX gene mutations indicated better prognosis (Figures 3B and 3C) while
EGFR mutations, PTEN mutations, amplification of chromosome 7p11.2 (EGFR) and 7q (SAMD9, CDKé,
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Figure 4. Comparison of occurring frequency among clinical subtypes (Highlighted with over 10% rate
difference)

CAV1, MET, KCNH2, CHPF2, ABCF2, TMEM176A, NUB1, TMEM176B, ABCB8, INSIG1, PAXIP1 and
HTR5A), deletion of chromosome 9p21.3 (CDKN2A, CDKN2B and IFNB1) and deletion of PTEN, PAOX
gene indicated worse prognosis (Figures 3B-3D).

Clinical disparities of significantly altered genes

To explore whether there are any clinical disparities of thirty prognostic significantly altered genes, we
compared their fraction among multiple clinical subgroups including cohorts (TCGA versus Chinese), gli-
oma subtypes (LGG versus GBM), tumor origin (Primary versus Recurrent) (Figure 4). TCGA cohorts showed
higher copy number changed rate in genes whereas Chinese cohorts displayed higher mutation rate of
genes, such as NOTCH1and ARID1A. Also, several gene mutations (IDH1, TP53, ATRX and CIC) with better
prognosis were observed to be highly mutated in LGG subtypes and radiotherapy treated patients whereas
almost all worse prognostic predictors showed higher rate in GBM subtypes.

Development of a prognostic risk model by systematic evaluation of prognostic predictor

To evaluate our prognostic predictors upon our data analysis using various genomic datasets, we conclude
six mutational signatures, six copy number signatures and 30 significantly altered genes, we sought to
determine if these prognostic predictors could be combined to develop a prognostic risk model of glioma
patients. After the training and evaluation of 10-fold cross-validation, the final prognostic risk model con-
sisted of ten markers (i.e., Negative markers (coefficient <0): IDH1-Mut, CIC-Mut, TP53-Mut and Positive
markers (coefficient <0): CDKN2B-Del, CN-Sig1, CN-Sig3, CN-Sig6, CDKNZ2A-Del, PTEN-Del and EGFR-
Amp ranked by their coefficients) (Figure 5A). By using these 10 biomarkers to concluded this “final model”,
the major subtypes patients in Chinese and TCGA cohort were separately stratified into high risk and low
risk subgroups with predicted risk, which showed significant distinct overall survival rate (LGG-IDH-
Mut&1p19g-Codeletion: p = 0.0012, LGG-IDH-Mut: p = 0.00065, GBM-IDH-Mut: p = 0.031, LGG-IDH-
WT: p< 0.0001, GBM-IDH-WT: p< 0.036) (Figures 5B-5D). The genomic landscape of gliomas also demon-
strated that negative markers displayed mutual exclusivity with positive markers (Figure 5B).
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Figure 5. The development and validation of proposed prognostic risk model

(A) Coefficients of final prognostic model based on training data from Chinese and TCGA cohort.

(B) Genomic landscape of prognostic features for high-risk and low-risk gliomas (GBM/LGG) in test data from Chinese and TCGA cohort.

(C) Distribution of predicted risk score and stratification of risk subgroups (Median: vertical dashed line, High: above median, Low: equal to or below median)
in Chinese, TCGA and MSKCC-IMPACT gliomas cohort, respectively.

(D) Survival analysis of risk subgroup patients in Chinese and TCGA gliomas cohort, respectively.

(E) Survival analysis of risk subgroup patients in MSKCC-IMPACT gliomas cohort.

(F) Genomic landscape of available prognostic features in MSKCC-IMPACT gliomas cohort.

To validate model performance on anindependent clinical dataset, we applied our model on MSK-IMPACT
glioma dataset with about 1, 000 patients and created Kaplan-Meier curves for high/low risk subgroups.
Because of the limited region of target panel sequencing in MSK-IMPACT cohort, only 7 of 10 markers
including TP53-Mut, IDH1-Mut, CIC-Mut, EGFR-Amp, CDKNZ2B-Del, CDKN2A-Del, PTEN-Del was
available and used. The high-risk subgroup was featured by risk positive markers (including EGFR amplifi-
cation, CDKN2A/B deletion and PTEN deletion) and showed significantly shorten survival (LGG-IDH-Mut:
p =0.017, LGG-IDH-WT: p = 0.024, Figures 5E and 5F), suggesting that these risk positive markers might be
useful as a potential therapeutic target for these patients with high risk.

Expression and immune features of subtypes of prognostic risk model

To explore whether there is any difference of tumor microenvironment among subtypes stratified by our
model, we evaluated the correlation of our model risk scores with the infiltrated level of different immune
component in TCGA gliomas cohort. We found that the infiltration levels of Neutrophils in GBM-IDH-WT,
Plasma cells in LGG-IDH-Mut, M2 macrophages in LGG-ID-Mut&1p19g-Co-Del, CD4" memory resting
T cells in LGG-IDH-WT positively correlated with our model prognostic risk scores (Figures 6A and 6B).
In contrast, the infiltration levels of monocytes, eosinophils and activated Mast cells negatively correlated
with risk score (Figures 6A and 6B). These observations indicated that the prognostic genomic features in
our model also have a substantial association with tumor microenvironment.

Top 4 of 50 hallmark gene sets were also identified in the differential gene expression analysis of high-risk
to low-risk patients in TCGA glioma patients and showed different enrichment between gliomas subtypes
(Figure 5C): Oncogenic pathways such as G2M checkpoint (NES = 2.45, P,gjusteq = 0) in high risk LGG-IDH-
Mut, Interferon gamma response (NES = 2.32, P,gjusted = 0) in high risk LGG-IDH-Mut&1p19g-Co-Del and
E2F targets (NES = 2.43, P,gjusted = 0.001) in high risk LGG-IDH-WT were significantly up-regulated whereas
Oxidative phosphorylation (NES = 2.77, P,gjusted = O) were significantly activated in high risk GBM-IDH-WT
patients (Figure 6D), indicated diverse tumor supporting mechanisms between these glioma subtypes.

DISCUSSION

So far there is no comprehensive clinical prognostic or predictive classification for glioma and the survival
rate of gliomas has not been significantly improved for decades. As a group of diseases with considerable
molecular and tumor heterogeneity, gliomas still lack effective treatments and prognostic indicators that
combine information on histology, tumor markers relative to outcome. In this study, we newly sequenced
and established the largest genomic and clinical-pathological dataset of gliomas in China. We performed
an integrated clinical-genomic analysis of gliomas in Chinese cohort and TCGA cohort to identify
associations between somatic genomic alterations and key clinical phenotypes. In total, 42 markers were
identified as prognostic indicators of glioma, including six mutational signatures, six copy number signa-
tures, nine genes with driver mutations and twenty-one genes altered by deletions or amplifications in focal
level.

Mutational signatures generally recorded cell-intrinsic process and previous exposures to exogenous
factor. Single Base Substitution (SBS) Signatures have provided us deep understanding of the mutation
process that molded a cancer genome. Notably, it was shown that SBS11, SBS23 or newly identified
SBS96G signature mainly consisted of C>T mutations and predict worse prognosis only in LGG subtype
patients, suggesting their potential as prognostic indicators in early stage of gliomas and a prevention
strategy in avoiding exposures that cause C>T transversions. Several DNA mismatch-repair deficiency
associated signatures, including SBS15 and SBS44, was also observed to prolong survival in our study, indi-
cating that SBS15 and SBS44 may represent a pretreatment biomarker of susceptibility to PD1/PDL1

blockade immunotherapy in glioma patients.'®'?
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Figure 6. Differential expression and immune compartments of prognostic risk subgroup patients in TCGA gliomas cohort

(A) The correlation heatmap of prognostic risk scores and infiltrated levels of immune cells within four major glioma subtypes (sample size >10). 0.01 <P<
0.05, 0.001 <P< =0.01 were shown as *, **.

(B) Significant association of infiltrated levels of immune cell types with predicted risk score in glioma patients.

(C) Significant differentially expressed gene sets in risk subgroup patients for four major glioma subtypes.

(D) The distribution of enrichment score for enriched gene sets.

Previous studies had shown that copy number signature exposures could predict both overall survival and
the probability of drug-resistant relapse in ovarian carcinoma and prostate cancer.'”'® In our analysis, the
copy number signatures of glioma patients could be summarized into focal amplification, chromothripsis,
homozygous deletion, copy number neutral like, whole genome duplication and loss of heterozygosity
signatures. These signatures could represent the genomic complexity of profound copy number
alterations profile in gliomas and could be used to stratify glioma patients into subgroups with significant
distinct clinical outcome. These results demonstrated that the measurement of copy number signature
provides a new efficient framework to predict patient response in clinical treatments of gliomas.

Of interest, for 42 markers as prognostic predictors, only ten of which was retained in our final prognostic
risk model after the optimization of Feature Selection based on its contribution importance to model. Of
these markers in final model, gene mutation markers (IDH1, CIC, TP53) decreased the risk of gliomas and
were enriched in low-risk subgroup and LGG subtypes. In contrast, copy number changed markers
increased the risk, and frequently occurred in high-risk subgroup and GBM subtypes. These data demon-
strated that LGG patients showed distinct genomic variation features with GBM patients, suggesting that
risk subgroups predicted by our prognostic risk model matched well with pathology subtypes of gliomas.
Notably, we provided preliminary evidence that three deleted genes (CDKN2A, CDKN2B and IFNB) were
associated with gliomas recurrence, which was also reported to be associated with early recurrence in
meningiomas and to instigate chemotherapy-induced immunological dormancy in breast cancer.”%?’
Future studies are needed to characterize the mechanisms by which these markers interact to increase
the risk of poor outcome, to establish the potential of applying to clinical management of glioma patients.

The good performance of our model on the independent MSKCC gliomas cohort demonstrated its feasible
application on clinical dataset sequenced by limited target panel. Missed signature markers due to limited
region, including CN-Sig1 focal amplification, CN-Sig3 homozygous deletion and CN-Sigé loss of hetero-
zygosity copy number signature will reduce the predicted risk score but also could be partially represented
by remained markers in our model, such as EGFR amplification, PTEN deletion and CDKN2A/B deletion.
Although the prognostic risk groups of gliomas were stratified using the genomic features of this model,
the expression profile and immune compartments of different subgroups are distinct from each other.
For the high-risk glioma patients with shortened survival, our data showed that their immunosuppressive
tumor microenvironment had higher level of neutrophils, resting CD4" memory T cells and activated
biological functional pathways involved in G2M checkpoint in LGG and Oxidative phosphorylation in
GBM to support tumor growth, suggesting the shape or influence of genomic variations on immune
microenvironment.

Limitations of the study

A potential limitation of the current study is that we only used one published dataset for validating the
performance of our risk model, and this dataset is targeted sequencing with limited region, which may
not fully represent the actual level of our model. This limitation may be avoided in future studies through
validation on more datasets with whole-exome sequencing data. Also, the number of glioma patients in
this study varies widely across molecular subtypes. Although we trained and test model separately by
each subtype, the accuracy of prognosis prediction for specific subtype may be decreased by the insuffi-
cient number of patients. Finally, the conclusions in this study were mainly drawn by silico methods, which
need to be further validated in further experiments and future large-scale prospective studies.
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REAGENT or RESOURCE

SOURCE

IDENTIFIER

Deposited data

Raw whole-exome sequencing data and clinical

information on the Chinese glioma patients

Somatic variants (including SNVs and SCNAs),
normalized RNA expression profile, the immune cell
fractions of tumor microenvironment and clinical
information of TCGA glioma samples

Somatic mutational and clinical data in the MSKCC
glioma samples

Raw whole-exome sequencing data and clinical
information on the Chinese glioma patients newly

seuqenced in this study

China National Center for
Bioinformation-Beijing

Institute of Genomics

Genomic Data Commons (GDC)
data portal

cBioPortal for Cancer Genomics

China National GeneBank
DataBase (CNGBdb)

https://ngdc.cncb.ac.cn/bioproject/browse/
PRJCA001636

https://gdc.cancer.gov/

www.cbioportal.org/study?id=glioma_
mskecc_2019
https://db.cngb.org/search/
project/CNP0002128/

Software and algorithms

Mutect?2 (version 4.1.4)

Cibulskis et al.*

https://gatk.broadinstitute.org/hc/en-us/
articles/360037593851-Mutect2

ReCapSeg GATK http://gatkforums.broadinstitute.org/
categories/recapseg-documentation

SigProfiler AlexandrovLab https://github.com/AlexandrovLab/
SigProfilerExtractor

MutPanning Dietlein et al."® https://www.genepattern.org/modules/docs/
MutPanning#gsc.tab=0

GISTIC v2 Mermel et al."’ https://www.genepattern.org/modules/
docs/GISTIC_2.0#gsc.tab=0

Maftools Mayakonda et al.** https://github.com/dentearl/mafTools

Sigminer R package NA

clusterProfiler R package NA

survminer R package NA

ggpubr R package NA

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources should be directed to and will be fulfilled by the lead con-

tact, Baifeng Zhang (zhangbaifeng1@gmail.com).

Materials availability

This study did not generate new unique reagents.

Data and code availability

® The data that support the findings of this study have been deposited into CNGB Sequence Archive
(CNSA)** of China National GeneBank DataBase (CNGBdb) with accession number CNP0002128.

@ All original code has been deposited into CNGB Sequence Archive (CNSA)”* of China National
GeneBank DataBase (CNGBdb) with accession number CNP0002128.

® Any additional information required to reanalyze the data reported in this paper is available from the

lead contact upon request.
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EXPERIMENTAL MODEL AND SUBJECT DETAILS

The study was approved by the institutional review boards at Ethics Committee of Beijing Tiantan Hospital
and informed consent was obtained from each participant. Raw whole-exome sequencing data and clinical
information on the Chinese glioma patients were downloaded from the China National Center for
Bioinformation-Beijing Institute of Genomics (BIGD accession number: PRICA001636, https://ngdc.
cncb.ac.cn/bioproject/browse/PRICA001636).

Somatic variants (including SNVs and SCNAs) in the TCGA glioma samples with whole-exome sequencing data
and clinical information were downloaded from the Genomic Data Commons (GDC) data portal (https://gdc.
cancer.gov/).”>?* Somatic mutational and clinical data in the MSKCC glioma samples were downloaded from
the cBioPortal for Cancer Genomics (www.cbioportal.org/study?id=glioma_mskcc_2019). Tissue samples
from 80 Chinese glioma patients were snap-frozen in liquid nitrogen immediately after surgical resection and
preserved in liquid nitrogen (Table 52). Then, we performed whole exome sequencing using the lllumina HiSeq
4000 platform using pair-end sequencing strategy. After removing the adapters and quality control filtering, the
sequencing reads were aligned to the reference human genome (hg19) using BWA.

METHOD DETAILS

Variants calling

All somatic SNVs were called out by the Mutect2 software (version 4.1 4).7? All somatic SNVs were further
filtered with the following parameters: a read depth of at least 10x in the germline and tumor samples, a
maximum of two variant supporting reads in the germline, a minimum tumor variant allele frequency of 10%
and a maximum germline variant allele frequency of 2%. The copy numberdata were segmented with the
ReCapSeg software to identify the SCNAs, with all cohorts being processed by the same standard pipeline
as described in GATK documentation provided by the Broad Institute (http://gatkforums.broadinstitute.
org/categories/recapseg-documentation).?’

Mutation signature analysis

We applied the computational framework named SigProfiler to decipher mutational signature profiles of 1,
477 glioma patients and for assigning contributions of each signature to each patients, based on previous
described methodology.'? We feed the computational framework with the MAF profile of single nucleotide
variants for all patients as input, and then run framework based on somatic mutations in sequence context
and their distributions in each patient, and used multiple NMF iterations (10, 000-1, 000, 000) to decom-
pose into signatures with predefined aetiologies that optimally explains the faction of each mutation
context type in each mutational signature and estimates their activity to each sample.

Copy number signature identification

The extraction of copy number signatures was implemented by using an R package sigminer (https://cran.r-
project.org/web/packages/sigminer/)'> and could been summarized into the following three steps: (i) Pre-
processing. The whole absolute copy number profiles of total 1, 477 glioma patients were summarized into
patients-by-features matrices using genome-wide distribution of eight different features: Breakpoint count
per 10 Mb (BP10MB), Breakpoint count per chromosome arm (BPArm), The observed absolute copy
number of each segment (CN), The absolute difference in copy number between adjacent segments across
the genome (CNCP), Length of segments with oscillating copy number (OsCN), The log10 length of each
segments (SS), The minimal number of chromosome with 50% copy number variation (NC50), The burden of
per chromosome (BoChr). These features were chosen as the distribution pattern of copy number events
followed by previous described methodology.'® (ii) Signature identification. The non-negative matrix
factorization (NMF) algorithm with the input of the summarized patients-by-features matrices was used
to extract signatures. As suggested, the optimal number of signatures as 6 is determined by trade-off of
the mean sample cosine distance and average stability of solutions for a range of 2 to 10 after performing
50 runs. (iii) Signature assignment. The copy number segment records were assigned to extracted
signatures and their expected absolute number in each patient were calculated.

Identification of significantly altered genes with prognostic implication

We feed MutPanning software with all somatic SNVs as input and identified 187 significantly somatic
mutated genes followed by suggested criterial (FDR <0.25) according to mutations in unusual nucleotide
contexts.'® Based on the whole absolute copy number profiles, significantly copy number altered genomic
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region in focal level were identified by GISTIC v2'” and further analyzed and visualized by Maftools.” Total
2813 genes located on these focal amplified or deleted region were extracted (FDR <0.25). Overall, 3000
genes were finally defined as significantly altered genes for downstream analysis.

Training and validation of prognostic risk model for gliomas

In the search for potential prognostic markers, univariable survival analyses for 187 significantly somatic
mutated genes, 2813 focal amplified or deleted genes, 16 single-base substitution (SBS) mutational signa-
tures and 6 copy number alteration signatures separately were performed using Kaplan-Meier and log rank
tests. Took account into statistic power and computation efficiency, altered genes should occur with above
3% for somatic mutation and over 50% for copy number changes in total 1, 477 patients (Chinese and TCGA
cohort). Finally, nine somatic mutated genes, twenty-one copy number changed genes, six SBS mutational
signatures and six copy number alteration signatures were defined as potential prognostic markers (FDR
<0.25, log rank tests).

To build a multivariable prognostic prediction model, we generate potential prognostic marker*patient binary
matrix data-each row corresponds to a patient and each column a marker as a covariate and corresponding
response matrix with a column “time” of failure/censoring survival times and “status” a 0/1 indicator (1 means
death, 0 means alive). Firstly, we separate gliomas into LGG-IDH-wildtype, LGG-IDH-mutant, LGG-1p/19g-co-
deleted IDH-mutant, GBM-IDH-wildtype, GBM-IDH-mutant, GBM-1p/19g-codeleted IDH-mutant six major
subtypes. For each subtype, we then randomly split the data into training set (50% for building a predictive
model) and test set (50% for evaluating the model). A regularized cox model with 10-fold cross-validation was
trained and implemented in glmnet R packge. Finally, after evaluation of regression coefficients, a prognostic
risk prediction model with the combination of ten biomarkers including somatic gene mutation/DH1-Mut,
CIC-Mut, TP53-Mut, somatic gene copy number alteration CDKN2B-Del, CDKN2A-Del, PTEN-Del, EGFR-
Amp and copy number signature Sig1, Sig3, and Sigé were successfully developed.

To visualize model performance in our dataset, risk scores for each patient were computed based on ten-
marker prognostic prediction model and were used to split the patients into high (higher than median risk
value) and low risk (equal to or lower than median risk value) subgroups for each molecular subtype.
Kaplan-Meier curves were created for all subgroups.

Comparison of immune microenvironment features

The immune cell fractions of tumor microenvironment for TCGA glioma patients were estimated by
CIBERSORT and downloaded from the Genomic Data Commons (GDC) data portal (https://gdc.cancer.
gov/).?” Then, we compared the difference of immune cell fractions between TCGA glioma patients with
high risk and low risk predicted by our prognostic prediction model.

Differential expression analysis

Normalized RNA expression profile of TCGA glioma patients were also downloaded from the Genomic
Data Commons (GDC) data portal (https://gdc.cancer.gov/).?” The quantification and statistical inference
of systematic gene expression changes between high risk and low risk TCGA glioma patients were per-
formed by DESeq2 software followed by default parameter.?®

Gene set enrichment analysis

We used a collection called Hallmark gene sets from The Molecular Signatures Database (MSigDB).”” We
generated a ranked gene list by their differential expression changes between risk subgroups and per-
formed gene set enrichment analysis on this pre-ranked gene list to calculate the enrichment score for
each Hallmark gene set. Whole procedure was implemented in clusterProfiler R package.”

QUANTIFICATION AND STATISTICAL ANALYSIS

Two-sided Mann-Whitney tests were performed with using Wilcoxon signed-rank test to generate the
empirical p values and plotted with the R package “ggpubr”. Data are plotted as mean = SEM unless
otherwise noted. Log-rank tests and appropriate Chi-square statistics were used to determine survival dif-
ferences. These statistics and associated Kaplan-Meier curves were plotted using the R package “survival”
and “survminer”. p value <0.05 was considered statistically significant for all computational analysis unless
otherwise stated.
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