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Seq, bisulfite sequencing; CAPZA2, capping actin protein of muscle Z-line subunit alpha 2; CASCS,

kinetochore scaffold 1; CDK1, cyclin dependent kinase 1; CGGA, Chinese Glioma Genome Atlas;

CN, copy number; CNS, central nervous system; CNV, copy number variation; DEG, differentially

expressed genes; DMP, differential methylated probe; EGFR, epidermal growth factor receptor;

EIF4E, eukaryotic translation initiation factor 4E; FFPE, formalin-fixed, paraffin-embedded; FSIP2,

fibrous sheath interacting protein 2; FZR, fizzy and cell division cycle 20 related 1; GBM,

glioblastoma; GO, Gene Ontology Resource; GSEA, gene set enrichment analysis; GTR, gross total

resection; H3-4, H3.4 histone, cluster member; H4C9, H4 clustered histone 9; HOXA3, homeobox

A3; ICIs, immune checkpoint inhibitors, TME, tumor microenvironment; IDH, isocitrate

dehydrogenase; INDEL, short insertion/deletion; INHBA, inhibin subunit beta A; KEGG, Kyoto

Encyclopedia of Genes and Genomes; KIF20B, kinesin family member 20B; KMT2C, lysine

methyltransferase 2C; LGG, lower grade glioma; LTS, long-term survivors; MALAT1, metastasis
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MET, MET proto-oncogene, receptor tyrosine kinase; MGMT, O6-methylguanine-DNA

methyltransferase; MSI, microsatellite instability; MTAP, methylthioadenosine phosphorylase;
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alpha; PIK3R1, phosphoinositide-3-kinase regulatory subunit 1; PTCD1, pentatricopeptide repeat

domain 1; PTEN, phosphatase and tensin homolog; PTPRZ1, protein tyrosine phosphatase receptor
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Abstract

Fewer than 5% glioblastoma (GBM) patients survive over five years and are termed long-term

survivors (LTS), yet their molecular background is unclear. The present cohort included 72 isocitrate

dehydrogenase (IDH)-wildtype GBM patients, consisting of 35 LTS and 37 short-term survivors

(STS), and we employed whole exome sequencing, RNA-seq and DNA methylation array to

delineate this largest LTS cohort to date. Although LTS and STS demonstrated analogous clinical

characters and classical GBM biomarkers, CASC5 (P = 0.002) and SPEN (P = 0.013) mutations

were enriched in LTS, whereas gene-to-gene fusions were concentrated in STS (P = 0.007).

Importantly, LTS exhibited higher tumor mutation burden (P < 0.001) and copy number (CN)

increase (P =0.013), but lower mutant-allele tumor heterogeneity score (P <0.001) and CN decrease

(P=10.026). Additionally, LTS demonstrated hypermethylated genome (P < 0.001) relative to STS.

Differentially expressed and methylated genes both enriched in olfactory transduction. Further,
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analysis of the tumor microenvironment revealed higher infiltration of M1 macrophages (P =0.043),
B cells (P = 0.016), class-switched memory B cells (P = 0.002), central memory CD4" T cells (P =
0.031) and CD4" Thl cells (P=0.005) in LTS. We also separately analyzed a subset of patients who
were methylation class-defined GBM, contributing 70.8% of the entire cohort, and obtained similar
results relative to prior analyses. Finally, we demonstrated that LTS and STS could be distinguished
using a subset of molecular features. Taken together, the present study delineated unique molecular

attributes of LTS GBM.

Keywords

Glioblastoma, long-term survivor, mutation analysis, RNA sequencing, DNA methylation array

Introduction

Glioblastoma (GBM) is the most common primary malignant intracranial tumor in adults. Prior to
2005, patients were treated with surgical resection followed by radiotherapy and the median overall
survival (OS) was approximately 12.1 months. The present standard of care, on the other hand,
included maximal safe resection followed by concurrent radiotherapy and temozolomide (TMZ)
chemotherapy (Stupp regimen) [1], with an OS of 14.6-16.7 months in the majority of clinical trials
[1-4]. The augmentation of tumor treating fields further extended the median OS to 20.9 months [5].
Still, a high proportion of patients suffered recurrence within one year after the first surgery and
only about 5% of patients survived over five years [1], hereafter termed long-term survivors (LTS)
[6]. Therefore, it would be of major clinical significance to delineate the molecular characteristics

of LTS GBM.
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Multiple studies have confirmed that gross total resection (GTR) and completion of the Stupp
regimen served to improve the OS of GBM patients [7-9]. On the other hand, lower Karnofsky
performance status (KPS) score and older age were associated with unfavorable survival [10]. Some
researchers also proposed patient sex as an important prognostic factor for GBM [11].

In recent years, there have been tremendous breakthroughs in unraveling the molecular features of
glioma, with the most overarching discovery being the mutation of isocitrate dehydrogenase (IDH)
gene associated with better prognosis, location in hemisphere instead of midline and sensitivity to
chemoradiotherapy [12, 13]. However, IDH mutation is typically observed in lower grade glioma
(LGG) which is different from primary IDH-wildtype GBM in terms of methylation and gene
expression profile [12].

In addition to IDH mutation, O®-methylguanine-DNA methyltransferase (MGMT) promoter
methylation has been proved to be associated with TMZ sensitivity [14]. Telomerase reverse
transcriptase (TERT) promoter mutation was also frequently observed in GBM and predicted
aggressive clinical behavior [15]. Multiple studies have identified epidermal growth factor receptor
(EGFR) amplification to be associated with significantly shorter survival [15]. Similarly, the
signature of whole chromosome 7 gain and whole chromosome 10 loss (+7/—10) demonstrated high
specificity for predicting aggressive behavior and poor prognosis in IDH-wildtype astrocytic
gliomas [16]. Some studies have reported higher expression of RELB proto-oncogene, NF-kB
subunit (RELB) to be associated with shorter survival in GBM [17]. Although ATRX chromatin
remodeler (ATRX) mutations were frequently observed in IDH-mutant astrocytoma and associated

with improved survival, they were rare in IDH-wildtype astrocytoma [18, 19].
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Several studies attempted to characterize LTS and establish clinically relevant biomarkers [20, 21].

One study focusing on LTS GBM with alteration in receptor tyrosine kinase /phosphatidylinositol-

4,5-bisphosphate 3-kinase (RTK/PI3K), tumor protein p53 (TP53) or RB transcriptional corepressor

1 (RB1) pathway identified platelet derived growth factor receptor alpha (PDGFRA) alteration as a

favorable prognostic factor [22]. In addition, CD34 expression served as a candidate in GBM to

distinguish survival outliers [20]. Notably, one recent study based on multi-omics revealed that

DNA repair and cell cycle pathways were enriched in short-term survivors (STS). In contrast, the

sphingomyelin metabolism pathway was enriched in LTS [21]. Despite the above biomarker

candidates, integrative molecular analysis to distinguish LTS from the general GBM cohort remains

sparse. Furthermore, most previous studies regarded GBM as a single entity irrespective of IDH

mutation status.

In the present study, we adopted the largest set of LTS GBM to date (n = 35) based on the 2021

World Health Organization Classification of Tumors of the Central Nervous System (WHO CNS5),

and conducted integrative genomic, transcriptomic, and epigenetic analyses to better understand the

molecular profile of LTS GBM patients [23].

Materials and Methods

Patient recruitment

This single-institution study was approved by the Ethics Committee of Huashan Hospital, Fudan

University Shanghai, China 200040 (No.KY2015-256). Primary GBM patients who underwent the

first surgery at the Department of Neurosurgery, Huashan Hospital between October 2010 and

September 2017 were retrospectively analyzed, and recurrent cases were excluded from the present
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study. Informed consent was signed by each patient preoperatively and all patients agreed to donate

their remnant tumor tissue, blood sample and the associated clinical information to Huashan

Hospital Standardized Glioma Tissue Bank (GTB) on the premise that the diagnostic procedure and

clinical treatment were not compromised by the collection process [24].

OS was defined from the date of surgery to the date of death due to any cause. Patients meeting the

following criteria were eligible for the LTS group: (1) OS exceeding five years; (2) age 18 or older;

(3) histologically diagnosed as GBM and confirmed as IDH-wildtype; (4) tumor available for

analysis; and (5) without preoperative TMZ administration.

Of all 2034 patients, 109 exceeded the 5-year OS. Among these patients, 92 possessed sufficient

tissue for multi-omics analysis evaluated by an experienced neuropathologist, including 37 IDH-

wildtype and 55 IDH-mutant tumors (Supplementary Fig. S1a).

Patients in the STS cohort underwent surgery at Huashan Hospital between July 2018 and January

2021, and should meet all the above criteria except for criterion 1 and instead required a less than

24-month OS. Central pathology review was performed by the Department of Pathology based on

2021 WHO CNS5.

348 STS patients were initially identified. Of all 317 STS patients who possessed sufficient tissue,

305 were confirmed as IDH-wildtype and 37 cases were randomly selected as STS for analysis

(Supplementary Fig. S1a).

The Cancer Genome Atlas (TCGA) was accessed through Genomic Data Commons (GDC)

(https://portal.gdc.cancer.gov) and LTS patients were selected based on the following criteria: (1)

project ID as TCGA-GBM,; (2) with open access (not controlled); (3) “brain” as primary site; (4)
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“primary tumor” as sample type; (5) IDH-wildtype; (6) with OS > three years; (7) possessed 450K

methylation array, SNV or RNA-seq count data, and (8) excluded secondary GBM.

Similarly, LTS patients from Chinese Glioma Genome Atlas (CGGA) database (www.cgga.org.cn)

were selected: (1) histology being GBM; (2) IDH-wildtype; (3) with OS > three years; (4) RNA-

seq, DNA sequencing or DNA methylation data available, and (5) excluded secondary and recurrent

GBM.

Whole exome sequencing (WES)

WES was performed at the Genomics Laboratory of GenomicCare Biotechnology (Shanghai,

China). For frozen blood, DNA was extracted from thawed materials using the Maxwell RSC Blood

DNA Kit (AS1400, Promega, Madison, WI, USA) on a Maxwell RSC system (AS4500, Promega).

For formalin-fixed, paraffin-embedded (FFPE) tissue, DNA was extracted using the MagMAX

FFPE DNA/RNA Ultra Kit (A31881, ThermoFisher, Waltham, MA, USA) on a KingFisher Flex

system (ThermoFisher). The extracted DNA was sheared using a Covaris L220 sonicator, captured

using the SureSelect Human All Exon V7 kit (5991-9039EN, Agilent, Santa Clara, CA USA),

prepared to library using the SureSelectXT Low Input Target Enrichment and Library Preparation

System (G9703-90000, Agilent), and sequenced using the Illumina NovaSeq-6000 System

(Illumina, San Diego, CA, USA) to generate 2x150 bp paired end reads. Image analysis and base

calling was performed using onboard RTA3 software (lllumina).

Data quality control
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The quality of data was checked by monitoring the coverage and depths of sequence. RNA-seq was

performed with an average depth over 150x, while WES reached an average depth over 180x for

tumor samples and over 49x for normal samples (Supplementary Table 1). After removing

adapters and low-quality reads (base quality < 20), all reads were aligned to NCBI human genome

reference assembly GRCh37/hg19 using the Burrows-Wheeler Aligner algorithm [25].

Somatic variant identification

The Sentieon (version 201911) running environment was implemented to process the following

steps with default parameters: read alignment to GRCh37/hg19, duplication sorting, realignment

and recalibration, and somatic mutation calling including single nucleotide variation (SNV) and

short insertion/deletion (INDEL) [26]. During the mutation calling stage, the reads from the tumor

sample were compared to the blood sample from the same patient. The called somatic mutations

were then filtered, retaining only mutations with variant allele frequency > 0.05 and supported by

at least three reads, and annotated using the Variant Effect Predictor package [27]. Mutant-allele

tumor heterogeneity (MATH) score was calculated using the math.score package [28]. The mutually

exclusive and co-occurring gene mutations were calculated and visualized by the maftools package

in R [29].

Tumor mutation burden (TMB)

TMB score in counts/Mb was defined as the total number of somatic nonsynonymous mutations

(SNV or INDEL) in the tumor exome divided by the size of the targeted region. The SureSelect
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Human All Exon V7 Kit (Agilent) was used for the present study and its estimated total targeting

size (exome) was 35 Mb.

Copy number variation (CNV)

The normalized depth-of-coverage ratio approach was used to identify CNV based on WES analysis

of paired samples using the ExomeCNV package [30]. Standard normal distribution was used to

offset five sources of bias including exon size, batch effect, quantity and quality of the sequencing

data, local GC content, and genomic mappability. Genes with haploid CN <1, | <CN <1.2,3 <

CN < 4 and CN > 4 were defined as deletion, loss, gain and amplification, respectively, and a

minimum tumor content (purity) of 20% was required.

Microsatellite instability (MSI)

All autosomal microsatellite tracts containing five or more repeating subunits 1-5 bp in length based

on GRCh37/hg19 were identified using MISA (http://pgrc.ipk-gater sleben.de/misa/misa.html).

MSIsensor was used for MSI calling and patients with > 3.5% unstable microsatellite sites were

defined as MSI-high [31].

Mutational signature analysis

The COSMIC database (https://cancer.sanger.ac.uk/cosmic/signatures) was used to calculate the

cosine similarity between tumor mutational profile and 30 known COSMIC signatures. The results

were clustered with the seaborn package (https://joss.theoj.org/papers/10.21105/joss.03021) and
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tsne analysis was performed with the sklearn package (https://scikit-learn.org/stable/index.html),

and matplotlib in Python (https://matplotlib.org/stable/index.html) was adopted for visualization.

RNA-seq data analysis

RNA from FFPE was purified using the MagMAX FFPE DNA/RNA Ultra Kit (A31881,

ThermoFisher) on a KingFisher Flex system (ThermoFisher) and used as the template to synthesize

cDNA using NEBNext RNA First Strand Synthesis Module (E7525S, NEB, Waltham, MA, USA)

and NEBNext mRNA Second Strand Synthesis Module (E6111S, NEB) sequentially.

Library preparation and sequencing were performed the same as in WES. RNA-seq reads were

assembled using StringTie2 (version 1.3.5), and an expression matrix including fragments per

kilobase of exon model per million mapped fragments and transcripts per kilobase of exon model

per million mapped reads was generated [32]. RNA-seq reads were mapped to GRCh37/hg19 using

STAR (version 020201) [33], and the raw read counts were further normalized by log2-counts per

million normalization. A list of differentially expressed genes (DEGS) between LTS and STS were

calculated using DESeq?2 with the following criteria: FDR value <0.05, absolute value of log2 fold

change > 2 [34]. Biological pathway enrichment was performed using the Kyoto Encyclopedia of

Genes and Genomes (KEGG) [35] and the Gene Ontology Resource (GO) [36].

Immune cell infiltration analysis

RNA-seq transcripts per million data was used to calculate the immunopheno score using the R

package XCELL [37]. Infiltrating cell types were clustered and visualized by the R package

ComplexHeatmap [38] and ggplot2 [39].


https://matplotlib.org/stable/index.html

216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

231

232

233

234

235

236

GISTIC analysis

GISTIC analysis was performed using Gistic2.0 with the following parameters: -rx 0 -genegistic 1

-smallmem 1 -broad 1 -brlen 0.7 -twosize 1 -armpeel 1 -savegene 1 -maxseg 10000 -conf 0.99 -ta

0.1 -td 0.1 -js 50 [40].

Gene fusion analysis

Transcripts were assigned using StringTie2 (version 1.3.5) [32], and fusion genes were identified

using STAR-FUSION (version 1.8.0) [41] requiring at least three supporting reads during fusion

gene calling [41]. In addition, genes annotated as “probably false positive” by FusionHub

(https://fusionhub.persistent.co.in/) were excluded.

Clustering and principal component analysis (PCA) of expression data

The R package ConsensusClusterPlus was used for clustering with the parameters: maxK =7, reps

=500, pltem = 0.6, pFeature = 1, clusterAlg = “pam”, seed = 10 [42]. As for heatmap display, genes

were ranked by standard deviation across all samples in descending order and the top 2000 genes

were used for clustering through the pheatmap package [43]. PCA was performed using the prcomp

function in R to project samples into a two-dimensional space, and the first two PCs were used for

plotting.

Bisulfite sequencing (BS-seq) and methylation-based classification
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Illumina Infinium Methylation EPIC BeadChip was used for bisulfite sequencing ChIP assay. DNA

was extracted and all procedures were conducted according to the Infinium HD Methylation Assay

Reference Guide (15019519 v07, lllumina) to generate raw data files. The R package ChAMP was

used to process raw data and probes with absolute deltaBeta > 0.1 and FDR < 0.05 were considered

differentially methylated probes (DMPs) [44]. HyperDMPs were defined as probes with higher

average beta-value in LTS compared to STS, and hypoDMPs were defined vice versa. The

methylated CpG sites were divided into three types: island shore (1 to 2,000 bp from island), island

shelve (2,001 to 4,000 bp from island) and open sea (> 4,000 bp from island) [45]. DNA

methylation-based classification was conducted using brain tumor classifier 12.8

(https://www.molecularneuropathology.org/.

MGMT promoter methylation

The mean methylation percentages of the 1st to 12th CpG islands were calculated, and the result

was considered positive if > 10%.

Immunohistochemistry (IHC)

All patient specimens were immunostained according to the manufacturers’ protocol using the

following primary antibodies: IFN-y (1:50, 15365-1-AP, Proteintech), iNOS (1:50, 22226-1-AP,

Proteintech), CD19 (1:25, 27949-1-AP, Proteintech), CD70 (1:50, 67749-1-1g, Proteintech) and

CD80 (1:50, 66406-1-lg, Proteintech). Scanning was performed with a Vectra automated

multispectral microscope (Olympus BX53), and the inForm software (PerkinElmer) was used for

analysis.
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LASSO regression

LASSO regression was performed through the package sklearn [46]. In brief, the input data included

six clinical features (tumor location, gender, age, extent of resection, KPS score and completion of

Stupp regimen), SNV (taking into account mutations observed in at least five patients), DEGs and

DMPs. 70% of all patients were selected at random as the training set and the remaining 30% were

used as the validation set. The LogisticRegression function was used with the following parameters:

penalty = “elasticnet”, solver = “saga”, multi_class = “multinomial”, I1_ratio = 1, max_iter = 200,

random_state = None, tol = 1e-5, and C, which was searched in the range np.logspace(-3, 2, num =

100) (https://realpython.com/logistic-regression-python/). The optimum C value was determined

through minimizing the number of remaining features while maximizing the prediction precision.

Statistics and reproducibility

The R packages ggplot2, pheatmap, DESeq2 and maftools, and the Python packages seaborn and

matplotlib were used for plotting, unless specifically mentioned. For P value calculation, the

Pearson’s Chi-square test was used for categorical variables and the two-sided Mann Whitney U

test was used for continuous variables. Survival was estimated by the Kaplan-Meier method and the

Log-rank test was used to assess the statistical significance among different cohorts. Gene set

enrichment  analysis (GSEA) was  performed using the GSEA  software

(http://software.broadinstitute.org/gsea/index.jsp).

Results


http://software.broadinstitute.org/gsea/index.jsp

281

282

283

284

285

286

287

288

289

290

291

292

293

294

295

296

297

298

299

300

301

302

Cohort description

A total of 74 patients were initially included in the present study, with 37 in STS and 37 in LTS. A

flow chart of the study design is presented in Fig. la. Through DNA methylation-based

classification, two LTS patients were identified as pleomorphic xanthoastrocytoma with B-Raf

proto-oncogene, serine/threonine kinase (BRAF) V600E mutation (Fig. 1b, Supplementary Fig.

Slb, Table 1), and were removed from LTS cohort. The remaining 72-patient cohort is hereafter

referred to as cGBM since it consisted entirely of Chinese patients, and its clinical and molecular

features were summarized in Fig. 1c.

Clinicopathological characteristics of the two groups are listed in Table 2. No difference in gender

(P = 0.459), age (median STS 53 years versus LTS 55 years, P > 0.999) or tumor location (P =

0.884) was found, and the KPS scores of LTS (81.7 £ 13.4) and STS (78.6 £ 15.7) (P = 0.376) were

similar (Supplementary Table 2). Importantly, LTS and STS were comparable in terms of the

treatment received, with a GTR rate of 71% in LTS and 65% in STS (P = 0.358) and a Stupp regimen

acceptance rate of 83% in LTS and 81% in STS (P = 0.186). Both groups received a median of six

cycles of TMZ (Supplementary Table 2). Additionally, LTS and STS received similar salvage

therapies (P > 0.05) (Supplementary Table 3). The incidences of TERT promoter mutations (P =

0.797), MGMT promoter methylation (P = 0.351), +7/-10 signature (P > 0.999), and EGFR

amplification (P = 0.817) were also similar.

Molecular landscape of the cGBM cohort

Molecular characteristics of the cGBM cohort including SNV, MATH score, gene fusion, CNV,

DNA methylation and distribution of 30 COSMIC signatures are summarized in Fig. 1c and
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Supplementary Table 2. TP53 (36%), phosphatase and tensin homolog (PTEN) (28%),

neurofibromin 1 (NF1) (25%), lysine methyltransferase 2C (KMT2C) (22%) and EGFR (21%)

demonstrated the highest mutation rate in cGBM (Supplementary Fig. S1c). In LTS, TP53 (40%),

KMT2C (34%), NF1 (31%) and PTEN (29%) were the top 4 highly mutated genes, whereas TP53

(32%), PTEN (27%), EGFR (24%) and NF1 (19%) demonstrated the highest mutation rate in STS

(Supplementary Fig. S1d). For classical GBM molecular biomarkers such as PTEN (P > 0.999),

TP53 (P = 0.625) and EGFR (P = 0.566) mutations, no difference was observed between LTS and

STS (Supplementary Fig. S1d).

As for CNVs, EGFR (44%), homeobox A3 (HOXA3) (39%), H3.4 histone, cluster member (H3-4)

(33%) showed the highest rate of CN increase (CN gain and CN amplification), while cyclin

dependent kinase 1 (CDK1) (31%) and kinesin family member 20B (KIF20B) (28%) demonstrated

the highest rate of CN decrease (CN loss and CN deletion) in cGBM (Supplementary Fig. Sle). In

LTS, H3-4 (46%), HOXA3 (43%) and EGFR (43%) demonstrated the highest rate of CN increase,

while metastasis associated lung adenocarcinoma transcript 1 (MALAT1) (29%) and

methylthioadenosine phosphorylase (MTAP) (11%) demonstrated the most frequent CN decreases.

Considering STS counterparts, EGFR (46%), HOXA3 (35%) and H3-4 (22%) also demonstrated the

top CN increases and KIF20B (51%), CDK1 (49%) showed the most frequent CN decreases.

Comparing genes with CN increases in both groups, no difference was observed for HOXA3 (P =

0.630) and EGFR (P = 0.817), while CN increases of H3-4 (P = 0.045) were accumulated in LTS.

Meanwhile, CN decreases of MALATL (P = 0.011) was predominant in LTS and those of MTAP (P

=0.007), KIF20B (P < 0.001) and CDK1 (P = 0.001) were enriched in STS (Supplementary Fig.

S1f). In addition, gene fusion was rarely observed in cGBM (Supplementary Fig. S1g).
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We also compared the somatic mutation spectrum of cGBM with the TCGA GBM cohort (TCGA-

GBM) (Supplementary Table 4). Both groups shared similar highly mutated genes including

PTEN (P = 0.252), TP53 (P = 0.469), EGFR (P = 0.871), RB1 (P = 0.127), phosphoinositide-3-

kinase regulatory subunit 1 (PIK3R1) (P = 0.658), ATRX (P > 0.999) and phosphatidylinositol-4,5-

bisphosphate 3-kinase catalytic subunit alpha (PIK3CA) (P = 0.372). However, cGBM

demonstrated higher mutation rate considering spen family transcriptional repressor (SPEN) (P =

0.019), KMT2C (P < 0.001), reelin (RELN) (P = 0.007) and NF1 (P = 0.014) (Supplementary Fig.

Sth).

In addition, we analyzed the contribution of COSMIC signatures. COSMIC signature 1, related to

deamination of 5-methylcytosine, was a common signature in both LTS and STS, suggesting the

importance of epigenetic regulation (Fig. 1d-e). The three signatures extracted from LTS patients’

single nucleotide variation spectrum showed cosine similarities of 96.1%, 84.6% and 82.1% to

COSMIC signatures 11, 6 and 1, respectively (Fig. 1d), while those extracted from STS

demonstrated similarities of 92.4%, 81.1% and 21.3% to COSMIC signatures 1, 5 and 3 (Fig. le).

COSMIC signatures 11 (exposure to alkylating agents) and 6 (defective DNA mismatch repair)

were enriched exclusively in LTS.

Genomic alteration landscape between LTS and STS

Somatic mutation, gene fusion and CNV were compared between LTS and STS. Although LTS

exhibited significantly higher TMB (Fig. 2a, P < 0.001), STS possessed stronger heterogeneity as

indicated by higher MATH score (Fig. 2b, P < 0.001). Additionally, we observed more frequent

gene fusions in STS (P = 0.007) (Fig. 2c). As for CNV, LTS exhibited more CN increases (P =
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0.013) but fewer CN decreases (P = 0.026), while the difference between LTS and STS did not

reach statistical significance considering the general CNV events (P = 0.141) (Fig. 2d-e).

Specifically, kinetochore scaffold 1 (CASC5) (STS 0, LTS 8, P =0.002), SPEN (STS1,LTS8,P =

0.013) and nuclear receptor corepressor (NCOR2) (STS 0, LTS 5, P = 0.023) mutations were

enriched in LTS (Fig. 2f, Supplementary Fig. S2a). In CASCS5 protein, a hot spot mutation E110K

was predicted as non-synonymous, while no hot spot was observed in SPEN (Supplementary Fig.

S2b-c).

MET proto-oncogene, receptor tyrosine kinase (MET) gene fusions were exclusively observed in

STS (STS 5, LTS 0, P = 0.054), including capping actin protein of muscle Z-line subunit alpha 2

(CAPZA2)-MET, suppression of tumorigenicity 7 (ST7)-MET, MET-Ts translation elongation factor,

mitochondrial (TSFM), and protein tyrosine phosphatase receptor type Z1 (PTPRZ1)-MET (Fig. 2f,

Supplementary Fig. S1g).

CN increases of ribosomal protein S6 kinase A4 (RPS6KA4) (STS 2, LTS 13, P =0.001), fizzy and

cell division cycle 20 related 1 (FZR) (STSO LTS 8, P =0.002) and pentatricopeptide repeat domain

1 (PTCD1) (STS O, LTS 8, P = 0.002) were enriched in LTS, whereas CN decreases of KIF20B

(STS19,LTS1,P<0.001), PTEN (STS 15,LTS 1, P <0.001), SHOC2 leucine rich repeat scaffold

protein (SHOC2) (STS 12, LTS 0, P < 0.001), CKD1 (STS 18, LTS 4, P < 0.001) and structural

maintenance of chromosomes 3 (SMC3) (STS 10, LTS 0, P = 0.001) were predominant in STS (Fig.

2f, Supplementary Fig. S2d).

RNA sequencing and tumor microenvironment analysis
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We performed RNA-seq on 68 out of 72 patients and identified 18629 distinct coding genes. The

top 5000 genes with highest standard deviation among all samples were clustered but failed to

distinguish LTS from STS (Supplementary Fig. S3a). We further analyzed the 14 left most LTS

patients in Supplementary Fig. S3a who exhibited higher expression of gene cluster 2 (n = 882)

relative to all other patients. Since these 882 genes may prove a marker for good prognosis, we

termed it cluster R2 and the 14 patients as cluster R2 patients.

There were 3 down-regulated and 2095 up-regulated DEGs in LTS relative to STS with statistical

significance (Fig. 3a). GO analysis of all DEGs revealed the olfactory transduction pathway to be

most significantly enriched with an overlap of 79% genes in the set (P < 0.001, Fig. 3b). This was

further confirmed through KEGG analysis (P < 0.001, Supplementary Fig. S3b), providing

molecular-level evidence underlying olfactory transduction and GBM prognosis.

Immune checkpoint inhibitors (ICls) draw increasing interest and tumor microenvironment (TME)

may be one of the most important factors determining response to ICls. We found lymphoid

progenitor cells, T cells, NK cells, endothelial cells and hematopoietic stem cells as the predominant

infiltrating cells of the entire cohort (Fig. 3c). Compared to STS, LTS exhibited higher infiltration

of M1 macrophages (P = 0.043), B cells (P = 0.016), class-switched memory B cells (P = 0.002),

central memory CD4" T cells (P = 0.031) and CD4* Th1 cells (P = 0.005). CD4" Th2 cells (P =

0.013) and plasma B cells (P < 0.001), meanwhile, demonstrated higher infiltration in STS (Fig. 3d,

Supplementary Fig. S4). We further performed IHC and found the protein levels of IFN-y (P <

0.001), iNOS (P = 0.004), CD19 (P < 0.001), CD70 (P = 0.026) and CD80 (P = 0.019) (Fig. 3¢)

were significantly higher in LTS, supporting higher infiltration of M1 macrophages, CD4* Th1 cells

and activated antitumor lymphocytes.
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DNA methylation pattern

The average beta value of LTS was significantly higher than that of STS regardless of CpG gene

locus or CpG type (Fig. 4a, Supplementary Fig. S5a). A total of 5747 DMPs were identified

comprising of 1964 hyperDMPs and 3783 hypoDMPs (Fig. 4b). The detailed DMP distribution is

shown in Supplementary Fig. S5b. For CpG island, there were 409 hyperDMPs but only 33

hypoDMPs. In accordance with previous transcriptomic analysis, GSEA of DMPs also revealed

enrichment of the olfactory transduction pathway, suggesting relevance between survival and

epigenetic regulation of the olfaction (Fig. 4c). Further, PCA of DMPs demonstrated a trend of

separation (Supplementary Fig. S5c, Supplementary Table 5).

Although normalized beta values of all 5747 DMPs between LTS and STS showed mixed clustering,

a small group of hypermethylated probes (cluster M2) were enriched predominantly among LTS

(Supplementary Fig. S5d), and it showed poor overlapping with cluster R2 (Fig. 4d). Among the

35 LTS patients with either RNA expression or methylation data, 20 (57%) could be marked by

either cluster M2 or R2 (Fig. 4d). Therefore, the combination of clusters R2 and M2 demonstrated

the potential to be LTS GBM markers.

Through methylation-based classification, only five LTS and one STS demonstrated calibrated

classifier score < 0.9 and failed to match an established class [47]. In LTS group, we identified three

LTS samples as inflammatory microenvironment, one as CNS tumor with BCOR-BCORL1 fusion,

and 24 were CNS WHO grade 4 tumors (m-grade 4) (Fig. 1b, Table 1, Supplementary Fig. S1b).

Within m-grade 4 cases, one patient was found to be adult-type diffuse high grade glioma, IDH-

wildtype, subtype E (HGG_E), a provisional methylation subtype which lacked molecular and
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clinical information [48], and we termed the remaining 23 patients as m-GBM. As for STS, apart

from three inflammatory microenvironment samples, 33 were defined as CNS WHO grade 4 tumors

including 28 m-GBMs, one HGG-F and four pediatric-type high grade gliomas (Fig. 1b, Table 1).

Collectively, the majority of LTS and STS tumors were proven as m-GBM through DNA

methylation-based classification.

Molecular profiling of m-GBM

We next analyzed somatic mutation, gene fusion and CNV in m-GBM. Although incidences of

TERT mutation (LTS 18/23, STS 22/28, P> 0.999) and + 7/— 10 signature (LTS 14/23, STS 17/28,

P > 0.999) were similar between LTS and STS m-GBM cases, LTS possessed substantially higher

MGMT promoter methylation rate than STS (LTS 20/23, STS 16/28, P = 0.030). Interestingly,

analyses of MATH score, TMB, gene fusion and CN demonstrated results analogous to previous

findings in that LTS possessed higher TMB level (P <0.001, Fig. 5a), whereas STS exhibited higher

MATH score (P < 0.001, Fig. 5b), more frequent gene fusions (P = 0.002, Fig. 5¢c) and more CN

decreases (P = 0.048, Fig. 5d). No discernible difference was identified considering CN increase (P

=0.330, Fig. 5d) and general CNV events (P = 0.892, Fig. 5d).

Among m-GBM cases, CASC5 (STS 0, LTS 6, P = 0.006), eukaryotic translation initiation factor

4E (EIF4E) (STS 0, LTS 4, P = 0.035) and KMT2C (STS 0, LTS 4, P = 0.048) mutations were

accumulated in LTS, and CN increases of PTCD1 (STS 0, LTS 6, P = 0.006), RPS6KA4 (STS 1,

LTS 8, P = 0.007) predominantly occurred in LTS (Fig. 5e). As for STS, CN increases of H4

clustered histone 9 (H4C9) (STS 7, LTS 0, P =0.012) and inhibin subunit beta A (INHBA) (STS 7,

LTS 0, P =0.012) were exclusively present, a result different from previous analysis. STS was also
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characterized by MET gene fusions (STS 4, LTS 0, P = 0.242) and CN decreases of KIF20B (STS

17, LTS 1, P < 0.001), PTEN (STS 14, LTS 1, P < 0.001), SHOC2 (STS 11, LTS 0, P < 0.001) and

SMC3 (STS 11, LTS 0, P =0.001) (Fig. 5e). Furthermore, GO analysis of DEGs revealed olfactory

transduction remained the most significantly enriched pathway (P < 0.001, Fig. 5f) and LTS

possessed hypermethylated genome compared to STS regardless of CpG gene locus or CpG type (P

< 0.001, Fig. 5g, Supplementary Fig. S5e). In general, these results of m-GBM patients were in

accordance with the molecular features of the entire cohort.

Notably, a subset of STS (n = 4) was identified as diffuse pediatric-type high grade gliomas

including three diffuse pediatric-type high grade gliomas, RTK1 subtype, subclass A

(pedHGG_RTKZ1A) and one diffuse paediatric-type high grade glioma, H3 wildtype and IDH-wild

type, Subtype A (pedHGG_A) (Fig. 1b). These four STS patients demonstrated significantly shorter

overall survival compared to STS m-GBM cases (P = 0.038, Fig. 5h). The average age of these four

patients was 59.5 years and they were diagnosed as GBM through histopathology (Fig.5i).

Furthermore, these pedHGG tumors not only lacked classical GBM biomarkers such as TERT

mutation (1/4, P = 0.057 compared to STS m-GBM cases) and +7/—10 signature (0/4, P = 0.038),

but were also enriched for PDGFRA amplification (3/4, STS m-GBM 5/28, P = 0.039) (Fig. 5j).

Interestingly, pedHGG also demonstrated hypomethylated genome compared to STS m-GBM (P <

0.001, Fig. 5k, Supplementary Fig. S5f).

Distinguishing LTS from STS through a subset of molecular features

Our findings indicated that relying solely on gene mutation (Supplementary Fig. S1c), RNA

expression (Supplementary Fig. S3a) or DNA methylation (Supplementary Fig. S5d) of all genes
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failed to distinguish LTS from STS. We then investigated if selecting a specific gene subset from

the omics data served to depict the representative characteristics of LTS. In total, 6 clinical features,

8 glioma biomarkers, mutation of 47 genes based on WES, 2098 DEGs and 4142 DMPs were

adopted for LASSO regression (Supplementary Table 6). Mere clinical features, well-known

glioma biomarkers or SNV data led to an approximate test score of 0.550, indicating poor prediction

ability (Fig. 6a-b, Supplementary Fig. S6a). Although RNA expression data could achieve

relatively high prediction accuracy (test score = 0.900) with the fewest features (n = 62) (Fig. 6c),

STS and LTS showed mixed clustering (Supplementary Fig. S6b). Meanwhile, DMPs could lead

to satisfying performance (test score = 0.952) with 862 features (Fig. 6d), but STS and LTS still

showed a heterogeneous clustering (Supplementary Fig. S6c¢). The multi-omics data, consisting of

328-gene expression, 785-gene methylation data and 4 clinical features (Supplementary Table 7),

not only resulted in the best performance (test score = 1.000, n = 1117) (Fig. 6e), but also

distinguished LTS from STS (Fig. 6f). Interestingly, this set of multi-omics data was significantly

enriched in olfactory transduction (Supplementary Fig. S6d).

Finally, we analyzed the long-term survivors using TCGA and CGGA GBM datasets

(Supplementary Table 8). In CGGA LTS, the top 4 highly mutated genes, TP53 (40%), PTEN

(20%), fibrous sheath interacting protein 2 (FSIP2) (20%) and NF1 (10%), significantly overlapped

with those of our LTS cohort (Supplementary Fig. S1d, Supplementary Fig. S6e). Although

DEGs were not enriched in olfactory transduction (Supplementary Fig. S6f), the DNA methylation

level was also higher in LTS regardless of CpG gene locus or CpG type (P < 0.001, Supplementary

Fig. S6g-h).
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Discussion

As one of the most fatal and challenging diseases, GBM is associated with frequent recurrence and

poor prognosis, and reports on GBM patients surviving over five years are rare. A comprehensive

summary of recent studies concerning LTS GBM is presented in Supplementary Table 9 [21, 49-

60]. Most studies focused on clinical features and classical glioma biomarkers and included IDH-

mutant GBM defined by WHO CNS4, albeit limited sample size. Therefore, multi-omics studies

incorporating relatively large IDH-wildtype LTS GBM cohort (n = 30) are urgently needed.

In the present study, we adopted 35 GBM LTS, representing the largest cohort to date, similar

clinical features including gender, age, tumor location, KPS score, GTR rate and chemoradiotherapy

use were observed between LTS and STS, suggesting the importance of molecular background in

LTS patients.

According to the current WHO CNS5, GBM is defined as a diffuse astrocytic glioma with no IDH

or histone H3 gene mutation while characterized by molecular features including TERT promoter

mutation, EGFR amplification and +7/-10 signature. Although MGMT promoter methylation,

associated with TMZ sensitivity [14], was higher in methylation class-defined LTS GBM, we

observed no difference in TERT promoter mutation, EGFR amplification and +7/-10 signature

between LTS and STS. These findings underscored the limitation regarding known GBM

biomarkers in predicting survival outliers.

In GBM, TERT promoter mutations were associated with worse prognosis [61]. A recent meta-

analysis including 10 studies and 1074 GBM patients demonstrated that high EGFR expression was

associated with poor prognosis [62]. The +7/—10 signature also demonstrated high specificity for

predicting aggressive behavior among IDH-wildtype astrocytic gliomas [16]. The presence of BRAF
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V600E was associated with epithelioid GBM [63] and reported to demonstrate more aggressive

behavior and poorer prognosis [64]. In addition, RELB expression was found to be associated with

shorter survival in GBM. By contrast, ATRX mutation were frequently observed in IDH-mutant

astrocytomas and associated with better survival [65].

In the present study, mutations in SPEN and CASC5 were enriched in LTS. SPEN is a hormone

inducible transcriptional repressor and highly related to Notch pathway [66], and its paralogue and

orthologue C-terminal domain containing 1 (SPOCDL1) has been recently identified in glioma to be

associated with tumor proliferation and poor prognosis [67]. CASC5 is a component of the

multiprotein assembly required for kinetochore-microtubule attachment and chromosome

segregation, and its mutation led to loss of protein function [68]. CASC5 loss reduced cell

proliferation and triggered cell cycle arrest and apoptosis both in vitro and vivo, serving as a

potential treatment target [69]. In contrast, MET gene fusions were exclusively observed among

STS in line with previous studies, suggesting potential association with poor prognosis and glioma

progression [70].

Even within a single GBM lesion, there could be multiple subclones with distinct molecular profiles

[47]. Previous studies have associated tumor heterogeneity with chemotherapeutic resistance and

disease recurrence [71]. In the present study, we found substantially lower MATH score in LTS,

suggesting less heterogeneous tumor tissue relative to STS and partially accounted for long-term

survival.

Pathway analysis based on DEGs revealed that the olfactory transduction pathway was most

significantly enriched. As a common clinical symptom in GBM patients, olfactory dysfunction has

been proven to be associated with worse survival in a prospective case-control study regardless of
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tumor location [72]. Furthermore, olfaction directly modulated glioma genesis in an autochthonous

mouse model [73]. The present study further highlighted the significance of olfactory transduction

genes in the course of GBM and suggested their potential of becoming novel biomarkers.

A striking finding of the present study is the identification of LTS tumors displaying remarkably

hypermethylated genome compared to STS counterparts. Among LGG, the glioma CpG island

methylator phenotype was demonstrated to be highly prevalent and linked with IDH mutation [74].

Although the patients we adopted were IDH-wildtype, the hypermethylation phenotype also

correlated with long-term survival. Furthermore, another resent study discovered that high global

DNA methylation correlated with improved survival in IDH-wildtype GBM [75]. The above

findings underlined similarity between certain GBM tumors and IDH-mutant glioma in terms of

global DNA methylation pattern. Further studies are required to elucidate the potential underlying

mechanism.

The TME of LTS tumors exhibited remarkably high infiltration of B cells, class-switched memory

B cells, M1 macrophages, CD4" Th1 cells and central memory CD4" T cells. A recent study on

breast cancer identified higher B cell infiltration to be associated with improved disease-free

survival. Moreover, class-switched memory B cells were found to be the most significant favorable

prognostic factor relative to other B cell subtypes [76]. Similarly, higher infiltration of class-

switched memory B cells in colorectal cancer was associated with better OS [77]. Considering

macrophages, M1 exerted anti-tumorigenic effects while M2 promoted immune evasion [78].

Similar to our results, a recent study of single-cell immune landscape observed M1 macrophage

accumulation in LTS GBM [49]. In addition, CD4" Th1 cells were proved to exert antitumor effects

and demonstrated higher infiltration in LTS relative to STS, while the opposite trend was observed
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for CD4" Th2 cells which were known to favor tumor growth by inhibiting host immunity [79].

Central memory CD4"* T cells not only protected host tissue from reinfection and cancer [80], but

also correlated with favorable prognosis in oral squamous cell carcinoma [81]. Taken together,

immune cell infiltration in LTS TME demonstrated higher antitumor activity compared to that of

STS.

ICIs have demonstrated satisfying outcome in various advanced cancers, such as squamous cell lung

cancer [82]. Similarly, combining programmed cell death-1 (PD-1) inhibitors with radiotherapy (RT)

showed improved OS in multiple murine glioma models [83]. However, results from two phase 111

randomized studies (NCT02617589, NCT02667587) found Nivolumab, a PD-1 inhibitor, failed to

bring additional benefit to newly diagnosed GBM patients treated with standard-of-care RT + TMZ

regardless of MGMT promoter methylation status [84]. Therefore, it remains crucial to identify

potential GBM responders to ICls. Since TMB has been proposed as a potential predictor [82], our

results of higher TMB in LTS suggested that these patients may get further benefit from ICI

treatment.

Moreover, we identified a subset of STS, histologically diagnosed as GBM but matching diffuse

pediatric-type high grade glioma based on methylation class, demonstrated poorer prognosis relative

to STS m-GBM and lacked classical GBM molecular features. Previous studies mainly focused on

this distinct subtype in pediatric patients, and the occurrence and clinical outcome in the adult

population remains poorly understood [85].

Despite being the largest LTS cohort to date, one limitation of the present study is that the LTS

sample size remains insufficient to thoroughly depict the molecular landscape of this GBM subclass.

Future studies spanning multiple centers shall assist in gaining deeper understanding of LTS GBM.



566

567

568

569

570

571

572

573

o574

575

576

ST

578

579

580

581

582

583

584

585

586

587

In conclusion, the present study focused on a rare subset of IDH-wildtype GBM and incorporated

the largest LTS cohort to date. WES, RNA-seq and DNA methylation array revealed distinct

molecular profiles of LTS GBM including hypermethylated genome, copy number increase, less

tumor heterogeneity, DEGs enriched in olfactory transduction, and higher antitumor immune

activity. The above findings significantly advanced our understanding concerning the molecular

profile of LTS GBM, and provided critical insights for improving molecular classification and

developing novel therapeutic targets.
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Figure legends

Fig. 1 Molecular landscape of the cGBM cohort

a Schematic workflow of the current study.

b LTS and STS samples matched to the established DNA methylation class.

¢ Clinical and molecular characteristics of the entire 72-patient cGBM cohort. Each column

represents a patient, ordered by the number of somatic variants across the entire genome. Red

asterisk (*) indicates no data available.

d-e Contribution of COSMIC signatures in LTS (d) and STS (e).

Fig. 2 Genomic alteration landscape of LTS and STS

a-d Dot plot comparing TMB (a), MATH score (b), gene fusion (c) and CNV (d) between LTS and

STS patients.

e Genome regions with CN gain (left) and loss (right), respectively.

f Bar plot showing top significantly different genomic alterations between LTS and STS.

Fig. 3 Transcriptomic difference and tumor microenvironment of LTS and STS

a Volcano plot showing gene expression variation between LTS and STS patients.

b GO analysis of 2098 differentially expressed genes. The olfactory-related pathways are highly

enriched.

c Stacked bar plot showing the infiltration proportion of immune cells.

d Heatmap showing hierarchical clustering of immune cell infiltration significantly different

between LTS and STS.



e Representative images (up) and quantification (down) of immune cell marker IHC in GBM

patients.

Fig. 4 DNA methylation pattern of LTS and STS

a Boxplot showing methylation of different CpG gene loci (left) and CpG types (right).

b Volcano plot showing normalized beta value of DMP.

¢ Dot plot showing KEGG pathways enriched in DMP.

d Venn diagram showing overlap between clusters R2 and M2 genes (up), and patients marked by

clusters R2 and M2 (down).

Fig. 5 Molecular profiling of m-GBM and pedHGG

a-d Dot plot comparing TMB (a), MATH score (b), gene fusion (c) and CNV (d) between LTS m-

GBM and STS m-GBM patients.

e Bar plot showing top significantly different genomic alterations between LTS m-GBM and STS

m-GBM patients.

f GO analysis of 1540 differentially expressed genes. The olfactory-related pathways are highly

enriched.

g Boxplot showing methylation of different CpG types in LTS m-GBM and STS m-GBM patients.

h Overall survival for STS m-GBM and pedHGG.

i Representative hematoxylin and eosin staining of one STS m-GBM and one pedHGG.

j Copy number alteration plot of representative LTS m-GBM, STS m-GBM and pedHGG cases.

k Boxplot showing methylation of different CpG types in STS m-GBM and pedHGG.



Fig. 6 LTS-specific features

a-e LASSO regression patterns showing correlation between performance and the size of input

features. The blue curve, corresponding to the left Y axis, shows the prediction accuracy. The red

curve, corresponding to the right Y axis, shows the number of non-zero weighted features. The

green dashed line shows the optimal C value chosen for the current model to maximize prediction

accuracy and minimize the size of input features. The input features were clinical character (a),

SNV (b), RNA expression (c), methylation status (d) and multi-omics data (e), respectively.

f Heatmap showing hierarchical clustering based on multi-omics data as in (g).

Supplementary Fig. 1 Patient selection, SNV, CNV and gene fusion of the cGBM cohort

a Patient selection flowchart for LTS (left) and STS (right).

b t-SNE analysis of DNA methylation profiles for LTS and STS.

c-d Oncoplot showing SNV of the cGBM cohort (c), and comparison between LTS and STS (d).

Genes are presented in descending order by the mutation rate.

e-f Oncoplot showing most frequent somatic CNV of the cGBM cohort (e) and comparison between

LTS and STS (f).

g Oncoplot of gene fusions presented in descending order.

h Oncoplot of SNV in TCGA-GBM (left) and cGBM (right) cohorts.

Supplementary Fig. 2 Comparison of genomic alteration between LTS and STS

a Forest plot of SNV with top statistical significance.



b-c Lollipop plot of CASCS5 (b) and SPEN (c) mutations. Y axis represents mutation frequency and

X axis represents the sequence change at protein level.

d Forest plot of CNV with top statistical significance.

Supplementary Fig. 3 Transcriptomic difference between LTS and STS

a Heatmap of top 5000 differentially expressed genes.

b KEGG pathway analysis of DEG.

Supplementary Fig. 4 Tumor microenvironment of LTS and STS

Boxplot comparing immune cell infiltration between LTS and STS.

Supplementary Fig. 5 DNA methylation pattern of LTS and STS

a Distribution of methylation beta value in LTS and STS.

b Genome distribution of DMP in different CpG gene loci (left) and CpG types (right).

¢ PCA of DMP normalized beta value.

d Heatmap showing hierarchical clustering of DMP based on normalized beta value.

e-f Boxplot showing methylation of different CpG gene loci in LTS m-GBM and STS m-GBM (e),

and in pedHGG and STS m-GBM (f).

Supplementary Fig. 6 LTS-specific features and molecular characteristics of LTS in publicly

available dataset

a LASSO regression patterns showing correlation between performance and GBM biomarkers.



b-c Heatmaps showing hierarchical clustering based on RNA expression as in Fig. 6¢ (b) and

methylation status as in Fig. 6d (c).

d GO analysis of genes involved in the multi-omics data as in Fig. 6e.

e Oncoplot showing somatic SNV in descending order by frequency in publicly available dataset.

f GO analysis of differentially expressed genes between LTS and STS in publicly available dataset.

g-h Boxplot comparing methylation of different CpG gene loci (g) and CpG types (h) between LTS

and STS.



Table 1 Methylation class of LTS and STS cohorts

Methylation class LTS STS P value
Glioblastoma, IDH-wildtype 8(22.9%) 9(24.3%) >0.999
Glioblastoma, IDH-wildtype, mesenchymal 7(20.0%) 7(18.9%) >0.999
subtype
Glioblastoma, IDH-wildtype, RTK2 subtype 5(14.2%) 7(18.9%) 0.754
Glioblastoma, IDH-wildtype, RTK1 subtype 1(2.9%) 4(10.9%) 0.358
Glioblastoma, IDH-wildtype, mesenchymal 1(2.9%) 0 0.486
subtype, subclass B
Glioblastoma, IDH-wildtype with primitive 1(2.9%) 1(2.7%) >0.999
neuronal component
Adult-type diffuse high grade glioma, IDH- 1(2.9%) 0 0.486
wildtype, subtype E
Adult-type diffuse high grade glioma, IDH- 0 1(2.7%) >0.999
wildtype, subtype F
Pleomorphic xanthoastrocytoma 2(5.7%) 0 0.233
CNS tumor with BCOR/BCORLA1 fusion 1(2.9%) 0 0.486
Diffuse pediatric-type high grade glioma, RTK1 0 3(8.1%) 0.240
subtype, subclass A
diffuse pediatric-type high grade glioma, H3 0 1(2.7%) >0.999
wildtype and IDH wild type, Subtype A
Inflammatory microenvironment 3(8.5%) 3(8.1%) >0.999
No match (score < 0.9) 5(14.2%) 1(2.7%) 0.102




Table 2 Clinicopathological characteristics of LTS and STS patients

Characteristic All LTS STS P value
(n=72) (n=35) (n=37)

Gender 0.459
Female 25 14 11
Male 47 21 26
Age, year >0.999
<55 36 17 19
255 36 18 18
MGMT promoter methylation 0.351
Yes 41 22 19
No 31 13 18
TERT promoter mutation 0.797
Yes 51 24 27
No 21 11 10
EGFR amplification 0.817
Yes 32 15 17
No 40 20 20
+7/-10 signature >0.999
Yes 36 17 19
No 36 18 18
ATRX mutation >0.999
Yes 7 3 4
No 65 32 33
BRAF mutation 0.609
Yes 3 2 1
No 69 33 36
Location 0.884
Frontal 16 7 9
Temporal 20 10 10
Parietal 9 5 4
Occipital 5 2 3
Other 4 3 1
multiple lobes 18 8 10
Dominant hemisphere 0.101
Dominant 38 18 20
Nondominant 30 13 17
Bilateral 4 4 0
Surgery 0.358
Total resection 49 25 24
Subtotal resection 7 3 4
Unknown 16 7 9
Treatment 0.186
TMZ+RT 59 29 30
T™MZ 3 0 3

Unknown 10 6 4
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Figure 4
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Figure 6
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LTS were characterized by hypermethylated genome, copy number increase and higher TMB
LTS demonstrated distinct TME and olfactory transduction-related pathway enrichment

STS showed heterogeneous tumor tissue, more gene fusion and copy number decrease

Most LTS and STS were confirmed as methylation class-defined GBM (m-GBM)

The molecular features of m-GBM patients were in accordance with the entire cohort
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