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ABSTRACT 
 

Transcriptomic characteristics of cancer-driver-gene 

expression and cellular state-wise change  

in glioblastoma tumorspheres 

Seon-Jin Yoon 

 

Department of Medical Science 

The Graduate School, Yonsei University 

(Directed by Professor Sahng Wook Park) 

 

Background: Transcriptome analysis enabled simultaneous snapshot 

evaluation of mRNA level of the prepared samples. The analysis method 

evolved to include protein-coding genes and non-coding genes. 

Furthermore, single-cell-RNA-sequencing revealed multiple cellular states 

or clusters in a previously established cancer cell line. As the traditional 

cell experiment assume a cell line is composed of identical cells, the 

identification of different cellular states would impact the conventional cell 

viability interpretations. Single-cell-RNA-sequencing on the drug-treated 

cells may resolve the cellular state issue. However, the technique may add 
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bias, as the vulnerable cell group may disappear in the downstream 

analysis, or the dead cell may block the microfluidic channels with failure 

for preparation of library. Thus, a new analytic method that can account 

for the heterogeneity of cellular states may show cellular state-specific 

change or cell viability. I developed a simple protocol and applied it to 

brain tumor research. Glioblastoma (GBM) is the most common brain 

tumor, and there are independent cell cohorts by the research groups. 

However, there has been debate over the reliability of the established cells 

by the identity and by the culture methods. Brain tumor cells are located 

within the brain and protected from the serum by the blood-brain barrier. 

As the cell culture medium usually contains fetal bovine serum (FBS), such 

a condition was regarded as not an intrinsic niche environment for brain 

tumor cellular models. Tumor cell exposure to FBS was reported to induce 

fibrotic changes or induce differentiation from stem cell-like status of brain 

tumor cells. In addition to the Severance GBM cellular model RNA-

sequencing database, Genentech and Broad institute applied different 

culture methods to develop and maintain glioma cells. They publicized 

RNA-sequencing data of these cells. Here, this dissertation aims to validate 

the RNA-sequencing data of the spheroid tumor cells of GBM (GBM TSs) 

that are cultured in the FBS-free culture medium in comparison with FBS-

exposed GBM-derived cells as well as the third-party RNA-sequencing 
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databases of glioma cells. I hypothesized that if the cellular model is 

reliable, the cell model may recapitulate the gene expression patterns and 

mutation patterns of original tumor tissue. Based on the validation and 

applying the gene sets from single-cell-RNA-sequencing, the perturbagen 

(FBS or drugs) effect was calculated from the bulk RNA-sequencing. 

Methods: Mutations of the promoter of telomerase reverse transcriptase 

(TERT) and tumor protein P53 (TP53) are widely found in the glioblastoma 

lineages and regarded as the initial driver of GBM. As these genes are 

selectively overexpressed in the tumor cells, co-expression of these two 

genes may screen the reliability of the established GBM cellular models. 

Co-expression pattern of TERT and TP53 was used as a first pilot test and 

assessed in the Cancer Genome Atlas (TCGA), Genotype-Tissue 

Expression (GTEx), Cancer Cell Line Encyclopedia (CCLE), Cancer cell 

RNA-sequencing database of Genentech, and Severance GBM tissues and 

tumor-derived tumorspheres (TSs) database. RNA-sequencing data of 

Severance GBM TSs are compared with CCLE tumor cells. Based on the 

difference between the two groups of cells, GBM TSs were analyzed and 

compared with the GBM tissues with gene expression patterns and gene 

mutation profiles. One single GBM TS sample was selected for the single-

cell RNA-sequencing, and multiple cellular states were examined with the 

single-cell level GBM tissue data. 
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Results: TCGA and GTEx data showed that several tissue entities and 

tumors, including GBM, show a statistically significant positive 

correlation between TERT and TP53. Severance GBM tissues and GBM 

TSs revealed a significant correlation between TERT and TP53. Unlike the 

Severance GBM TSs, the RNA-sequencing data of most of the tumor cells 

and central nervous system (CNS) origin tumor cells of CCLE and 

Genentech were not showing the correlation between the two genes. 

Severance GBM TSs were compared with the CCLE CNS tumor cells that 

are processed from the acquired raw data files with exactly the same 

computational protocols. Metabolic signatures and gene-wise comparison 

showed differences between the two groups of cells: and it necessitated the 

validation of GBM TSs with the GBM tissues. GBM TSs, when compared 

with control human astrocytes, recapitulated the GBM-cortex expression 

patterns of cancer-driver-genes (IDH1, EGFR, PTEN, and PTPRZ1) and 

MGMT. Matching samples of GBM tissue and GBM TSs were compared 

with the gene expression patterns. The mutation profile of TP53 was shared 

between the GBM original tissues and the matching-tissue-derived GBM 

TSs. A GBM-derived TS showed at least three different cellular states with 

common copy number variation signatures (chromosomal 7 gain and 10 

loss). The cluster 0 was dominated by cycling cell signatures (UBE2S, 

HMGB2, CENPF). The cluster 1, the downstream of cluster 0 with RNA 
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velocity analysis, expressed VIM and GAPDH as the dominant genes. The 

cluster 2 was expressing a relatively high level of GBM-related long-

noncoding RNAs (MALAT1, MEG3, NEAT1) and mitochondrial genes. In 

the post-drug treatment transcriptome analysis, these types of cell clusters 

are deconvoluted and showed cluster-specific responses differing by 

treatment. 

Conclusions: GBM TSs resemble transcriptomic signatures of GBM 

tissues. Matching samples of tissues and TS revealed GBM TS as a reliable 

cellular model of GBM tumor cells. Single-cell RNA-sequencing revealed 

multiple cell clusters with similar chromosomal copy number variations. 

These multiple cell cluster can be applied to the identification of cellular 

state-wise responses to a perturbation, such as a drug treatment. 

 

 

 

 

 

 

Key words: glioblastoma, cancer-driver-genes, bulk-RNA-sequencing, 

single-cell-RNA-sequencing, tumorsphere, cellular state-wise analysis, 

deconvolution  
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ABBREVIATIONS 

B27: Cell culture media supplement. 

DEG: Differential gene expression. 

EGFR: Gene name, epidermal growth factor receptor. 

EMT: Epithelial-Mesenchymal Transition. 

Exp: Row-wise group mean expression of raw FPKM of RNA-sequencing. 

FDR: False discovery rate. 

FPKM: Fragments Per Kilobase Million  

GBM: Glioblastoma 

IDH: Gene name, isocitrate dehydrogenase gene group (IDH1, IDH2, 

IDH3A, IDH3B, and IDH3G). 

IHC: Immunohistochemistry. 

MGMT: O-6-methylguanine-DNA methyltransferase. 

MGMTp: MGMT promoter methylation status. 

PTEN: Gene name, phosphatase and tensin homolog. 

RNAseq: Bulk-RNA-sequencing. 

scRNAseq: Single-cell-RNA-sequencing. 

TCGA: The cancer genome atlas. 

TERT on: The promoter of telomerase reverse transcriptase (TERT) is 

mutated in the tumor sample with targeted sequencing (TERT Off indicates 
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the WT of TERT promoter regions). Therefore, the gene expression level 

of TERT is elevated than the control samples.  

TP53: Tumor protein p53 gene mutation. 

TS: Tumorsphere, processed GBM cell with spheroid shape in the culture 

condition. 

TSs: Plural form of TS. 

TMZ: Temozolomide, a cytotoxic agent which is commonly administered 

to the GBM patients. 

WT: Wildtype. 

 

*The abbreviations that are included in the gene enrichment analysis of 

Reactome pathway is not included in the list. 
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I. INTRODUCTION 
 

Glioblastoma (GBM) has been known as the heterogeneous tumor 

with necrotic portion, perivascular proliferation, or its infiltrative nature to 

the surrounding cortex.1,2 As the diagnostic tissue slides show these 

molecularly different areas, cellular models of GBM have been questioned 

for its reliability: whether the cells are derived from the central tumor or 

necrotic portion of tumor.3,4  

Identifying the reliability of cell could be a fundamental step in the 

biomedical research. As the single cell-level transcriptomic techniques has 

been sophisticated with 10x technology, the identification of the cellular 

heterogeneity and innate multiple cellular states became easier than 

before.5,6 However, the single-cell-RNA-sequencing (scRNAseq) of drug 

treatment response, gene overexpression, or gene knock-down may not 

represent the unbiased transcriptomic changes. 
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Identification of each cell from a cell model is important, as the 

mixture of different types of cells may lead to misinterpretation of the 

overall results: if this is the case, evolution or transformation of cell may 

be avoided in the place for cellular subtype selection. A problem-

provoking example of multiple cell types in a single cell line may include 

a typical case: false positive results of vulnerable cells in the drug-treated 

experiments and survival of malignant cells. These cells may be called as 

drug tolerant persisters or quiescent cancer cells depending on the context.7  

To overcome the issue of heterogeneous cellular states under a 

tumor cell name, a bioinformatics analytic protocol need to be applied. 

During this study, I developed a simple algorithm of applying the gene sets 

derived from scRNAseq back to the bulk RNAseq. This indirect infering 

technique may avoid the issue of selection bias intrinsic to the scRNAseq. 

This indirect deconvolution technique may prevent the blockage of 

microfluidics, which is essential for the preparation of the single-cell-

transcriptomic-library. 

Molecular subtypes have been proposed to account for the 

heterogeneity of GBM.1,8 However, these subtypes are not used in clinical 

diagnosis because of their stochastic nature.9 To increase the accuracy of 

diagnosis, clinical glioma classification has recently gravitated toward the 

analysis of mutations on the core cancer-driver-genes (oncogenes, 

tumorsupressor genes, or knowledge-based cancer-related genes), such as 

those of isocitrate dehydrogenase group (IDH, including IDH1 and IDH2), 

epidermal growth factor receptor (EGFR), phosphatase and tensin 

homolog (PTEN), tumor protein p53 (TP53), telomerase reverse 

transcriptase (TERT) promoter, protein tyrosine phosphatase receptor type 
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Z1 (PTPRZ1), as well as O-6-methylguanine-DNA methyltransferase 

(MGMT) promoter methylation.2,10  

IDH is the primary gene used to distinguish between primary and 

secondary GBM.11 Their clinical incidence and molecular evidence 

suggest that these tumor types differ in their mutation and expression 

profiles.8,12,13 However, despite its importance, approximately 80 % of 

patients with GBM patients have IDH-wildtype (WT) tumors.14,15 

Furthermore, most of the established PDX models are from IDH-WT GBM 

which may suggest its importance in the survival of cells.16-18 

EGFR, TP53, and PTEN mutation are the most common mutation 

in the GBM.19,20 Among these cancer-driver-genes, TP53 mutation shows 

biased distribution when grouped by IDH-mutation status: IDH-mutant 

GBM with 75 % of mutations while IDH-WT GBM with 26.7 % TP53 

mutant cases.2 Even though, gain-of-function phenotype by TP53 mutation 

suggests the harmful effect of TP53 mutation,21-27 its prognostic impact is 

still controversial in the GBM and other cancers.25,28,29  

TERT activity is detected in up to 90 % of human primary cancer.30 

The rate of TERT promoter mutations is reported as about 58-90 % of IDH-

WT GBM patients.30,31 And 94 % of GBM cells are reported to harbor 

TERT mutation.32 However, TERT promoter mutation does not 

significantly affect the prognosis of GBM patients.31 

PTPRZ1 shows a relatively low rate of mutation in the GBM. 

Recently, this gene is being associated with the origin of glioma cells with 

the elevated expression in the GBM tissue as well as the subventricular 

zone.33,34 As a marker of neuroglial origin, PTPRZ1 may add a bridge 

between the neurotransmitters, neurodevelopment, and tumor 

microtubes.13,33,35,36 
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MGMT promoter methylation status is observed in the 50 % of 

glioblastoma patients. Its promoter methylation status is correlated with the 

gene expression.37 In GBM, unmethylated MGMT promoter status is 

associated with poor response to alkylating agents.38,39 Temozolomide 

(TMZ) is the most important alkylating agent available in the GBM 

patients.40 However, contrasting reports shows other mechanisms than 

MGMT promoter methylation may be involved in the MGMT-deficient 

GBM cells.41 

Gene expression of these genes may be used as the tumor marker. 

EGFR, PTPRZ1, TP53, or TERT are overexpressed than the control tissue 

(or the leading-edge tissues, that are adhering to the normal cortex) in the 

Allen GBM RNAseq database. PTEN and MGMT are highly expressed in 

the leading-edges and blood vessels than the central-tumor tissues.3 

Two most important oncogenes, TP53 and TERT, have been 

reported as the important entities in the biological systems especially in the 

incidence of glioma.42 Wildtype TP53 downregulates TERT expression and 

their relationship had been confirmed in the Burkitt lymphoma cells, breast 

carcinoma cells, lung cancer cells, HeLa cells, and Drosophila cells.43-45 

However, the phenomenon was not validated in the larger databases. 

Here, a retrospective comparative analysis of RNAseq and 

scRNAseq data from IDH-WT GBM and GBM TS was conducted to find 

whether the TSs are representing the signatures of tumor tissue. 

Furthermore, I aimed to find the transcriptomic change after drug treatment 

(including TMZ) in the in vitro level using the identified cellular states. 
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II. METHODS 
 

1. Clinical samples 
IDH-WT GBM tissue samples of main analysis were obtained 

from Brain cancer center, Severance hospital (n=58, from 2016 to 2020, 

The patient samples were ethically approved by the Institutional Review 

Board of Severance hospital). Tumor-free cortex samples for control were 

obtained when available during the resection of subcortical tumors, n =24). 

All samples with associated DNA mutation profiles and tumor RNAseq 

data were included in this retrospective analysis. Samples without tumor 

mutation profiles were included for comparison. Clinical information, 

Mutation profiles, and MGMT promoter methylation status were obtained 

from the electronic medical record of the hospital. Detailed methods are 

described in each section. Mutation profiles were not evaluated for the 

healthy cortex controls, but they were extrapolated from the results of the 

matched tumor tissues. Frozen tissue samples of RNAseq were processed 

in the (Theragen, Seongnam-si, Republic of Korea). 

  

2. Spheroid tumor cell culture 
Patient samples of IDH-WT GBM were cultured with the 

neurosphere media within one hour after surgical resection.46-52 Patient-

derived spheroid tumor cells (Tumorsphere, TS) were established from the 

fresh GBM tissue specimens as previously described (n= 23).53 Previously 

isolated TSs were also prepared and included for this study (TS13-30, 

TS13-64, and TS15-88). The media is composed of DMEM/F-12 

(Mediatech, Manassas, VA, USA), 1× B27 (Invitrogen, San Diego, CA, 
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USA), 20 ng/mL basic fibroblast growth factor, and 20 ng/mL epidermal 

growth factor (Sigma-Aldrich, St. Louis, MO, USA).46-51,54,55 Patient-

derived GSC11 GBM TS were kindly provided by Frederick F. Lang’s 

laboratory (The University of Texas MD Anderson Cancer Center).47,56,57 

Normal human astrocyte (NHA) was purchased from LONZA (Catalog 

number CC-2565). Culture conditions for GSC11 TSs and human 

astrocytes were the same as above. TS mutation profiles were extrapolated 

from the profiles of matching tumor tissues, and TS13-64 was profiled by 

RNAseq. 

 

3. Adherent tumor cell culture 
Tumor cells were culture in the alpha MEM and 10 % FBS.58 

These cells grow attached to the glass and labeled as tumor mesenchymal 

stem-like cells in the literature (tMSLC).58 

 

4. DNA pyrosequencing 
All GBM tissue specimens were examined by modified 

pyrosequencing to evaluate MGMT promoter methylation status in the 

hospital setting.59 DNA was extracted from diagnostic formalin-fixed, 

paraffin-embedded (FFPE) GBM samples using a Maxwell CSC DNA 

FFPE Kit (Promega, USA). The annealing temperature was 53°C, and 

samples were analyzed on a Pyromark Q24 MDx System (Qiagen, 

Germany). To categorize tumors based on MGMT promoter methylation 

status, we used a threshold of < 8 % for the average % of four CpG sites in 

exon 1.59  
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5. Transcriptome data analysis 
The samples of TSs for bulk-RNA-sequencing (RNAseq) were 

hybridized with All Human V6+UTR baits (individual TS, n= 20; for TMZ 

treatment, triplicated TS13-64 and GSC11). All of the transcripts in this 

analysis were merged and labeled after same alignment and counting 

process. GSC11 and TS13-64 TS samples (with TMZ) were analyzed in 

the same manner. Gene expression level data were calculated by summing 

up the transcripts in the gene location (GRCh38.p5). Controversial 

transcripts were reconfirmed in the sequence level that is extracted from 

gffread (-w option).60 An unsupervised selection of the expressed genes 

(Coefficient of variation > 10) were included for the t-SNE analysis.61 

 

6. Microarray data 
Illumina HT12 V4 generated the probe level data. Quantile 

normalized data was used for the subsequent analysis.1 

 

7. Mutation calling of the clinical samples 
Formalin-fixed, paraffin-embedded (FFPE) tissue blocks were 

sequenced with Trusight Tumor 170 panel (Illumina, United States).62 

Maxwell CSC DNA FFPE Kit (Promega, United States) was used to prep 

for DNA/RNA hybrid capture in the Nextseq 550 Dx (Illumina). Trusight 

Tumor 170 App Pipeline was used to analyze DNA small variants with 

Homo sapiens hg19 genome as the reference (Homo sapiens, UCSC). 

Exonic mutations that passed Illumina QC filter were included. Mutations 

less than 100 depth or less than 3 % of variant allele frequency were 

excluded from the analysis. 
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8. Mutation calling from RNA-sequencing data 
I examined the mutational profiles of TS13-64-derived cells, a 

tissue sample of TS13-64, and GSC11-derived cells (which did not have a 

matched clinical sample for inclusion in RNAseq) with an alternative 

method using the RNAseq BAM file. The GenomeAnalysisToolkit 

protocol was used to call mutations63. Duplicated reads were marked with 

the Picard and Mutect2 algorithms (dbSNP b153 was included as a germ-

line resource and no callable depth was applied), followed by filtering with 

the reference genome (GRCh38.p5). Protein coding mutations were 

filtered using the GBM 3D hotspot database 64.  

  

9. Single-cell-RNA-sequencing 
 GBM-derived TS 13-64 maintained under spheroid cell culture 

condition with B27. Within 30 minutes before the scRNAseq, the cells 

were dissociated with accutase. The 10x Genomics Chromium platform 

was used to capture and barcode the cells to generate single-cell Gel Beads-

in-Emulsion (GEMs) by following the manufacturer’s protocol. scRNAseq 

expression data were analyzed with Seurat v2.3.4 (PCA, Cluster, t-SNE 

and cluster).  

In brief, the Seurat object was generated from the output of SoupX 

to remove the effect of background contamination. To maintain the TERT 

positive cells, the filtering of the number of genes detected in each cell was 

not restricted. The mitochondrial genes were not restricted in our analysis. 

Normalized scaled data was found to have two distinct clusters. Shared 

nearest neighbor (SNN) modularity optimization-based clustering 
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algorithm revealed two to seven clusters depending on the resolution 

variable (from 0.01 to 0.5). Receiver operating characteristic (ROC) was 

used for the identification of differentially expressed genes for each class 

with log fold change 0.25. I examined the area under the ROC curve 

(myAUC, or AUC) with two and three cluster models. Copy number was 

inferred with inferCNV (R software package). RNA velocity stream was 

calculated with Velocyto (Version 0.17.17) and scVelo (Version 0.2.3, 

Python 3.8). 

  

10. Gene set enrichment analysis 
Genes used in enrichment analysis were selected based on their 

coefficients of variation (the variance divided by the mean across the 

comparison group (n>1) and mean expression (>5 fragments per kilobase 

of transcript per million mapped reads (FPKM)) at the transcript level. 

Statistically significant genes were included in GSEA using the Reactome 

and KEGG database, with a significance threshold of p<0.01.65,66 Pathway 

significance was calculated as the -log10 of the analysis p-value.  

The gene sets of gliomasphere invasion was downloaded from 

mSigDB67,68. I extracted invasion (or epithelial-mesenchymal transition 

[EMT]) related Homo sapiens genes from 25 gene sets of mSigDB (Search 

keyword: “Epithelial” AND “Mesenchymal” AND “Transition”, Aigner 

ZEB1 targets, Begum targets of PAX3 FOXO1 fusion and PAX3, Begum 

targets of PAX3 FOXO1 fusion DN, Begum targets of PAX3 FOXO1 

fusion UP, Biocarta MTA3 pathway, EMT, Go cardiac EMT, Go epithelial 

mesenchymal cell signaling, Go EMT, Go EMT involved in endocardial 

cushion formation, Go mesenchymal epithelial cell signaling, Go 

mesenchymal to epithelial transition, Go mesenchymal to epithelial 
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transition involved in metanephros morphogenesis, Go negative regulation 

of EMT, Go positive regulation of EMT, Go positive regulation of EMT 

involved in endocardial cushion formation, Go regulation of cardiac EMT, 

Go regulation of EMT, Go regulation of EMT involved in endocardial 

cushion formation, Go regulation of mesenchymal to epithelial transition 

involved in metanephros morphogenesis, Mishra carcinoma associated 

fibroblast DN, Mishra carcinoma associated fibroblast UP, Sarrio 

epithelial mesenchymal transition DN, Sarrio epithelial mesenchymal 

transition UP, Zhang targets of EWSR1 FLI1 fusion)68. 

 

11. Validation datasets 
Gene expression level data of TCGA, GTEX, and CCLE were 

collected from Xena browser (University of California, United States).69 

Survival data of TCGA GBM was processed by GEPIA homepage.70 Long 

non-coding RNA list of cancer was obtained from the Gold lab 

homepage.71 

 

12. Temozolomide treatment 
The TSs (TS13-64 and GSC11) were dissociated using accutase 

(Invitrogen, United States) to the single cells.72 After 1 d of stabilization, 

TMZ 250µM was added for 1 x 106 cells/100mm3 dish in triplicate. After 

72 hours, the plates were harvested separately for the RNAseq. 

 

13. Gene set variation analysis 
Non-log transformed gene level FPKM values of bulk RNAseq 

data were used for the GSVA analysis (R package version 1.38.2).73 
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Different subtypes-related GSVA scores were calculated using the 

published gene sets.1,74,75 I used gaussian kernel for the non-parametric 

estimation of the cumulative distribution function of expression levels 

across samples. Enrichment statistic is calculated as the maximum distance 

of the random walk from 0 (mx.diff = false).  

GBM gene sets were downloaded from the 2015 Verhaak 

classifier.76 Normal human brain cell gene sets were obtained from the 

differential gene expression analysis of the scRNAseq of prefrontal brain 

tissue.77 The GBM prognostic subtype gene sets were included for the 

analysis.1 GBM TS cell cluster derived gene sets (the genes sets for cluster 

0, cluster 1, and cluster 2 were calculated from the scRNAseq-based 

DEGs).  

  

14. Statistical analysis  
For the group comparison in the Table 1, I used Pearson’s chi-

squared test with Yates’ continuity correction. Wilcoxon, Kruskal-Wallis, 

and Student’s t-tests were used for intergroup comparisons of gene 

expression levels. For the scatter plot, Pearson correlations were calculated 

for individual groups using the ggpubr package in R (v. 0.4.0). For cell 

data, p<0.05 was regarded as significant (by t-test). In two-group 

comparisons, genes with p<0.0001 by Student’s t-test were regarded as 

significant and included in the heatmaps. 

 

15. Data availability 
The cancer genome atlas (TCGA) data from the gene expression 

profiling interactive analysis (GEPIA, v. 1) and cBioportal databases were 
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included after data analysis to validate gene correlation.70,78 The raw data 

of scRNAseq of GBM tissue was downloaded from a website to compare 

the gene expression with the single cell data of GBM TS 13-64 

(https://www.10xgenomics.com/resources/datasets/human-glioblastoma-

multiforme-3-v-3-whole-transcriptome-analysis-4.0.0). Cancer Cell Line 

Encyclopedia (CCLE) was downloaded from the European Nucleotide 

Archive (https://www.ebi.ac.uk/ena/browser/view/PRJNA523380). 

Genetech data is available from the ArrayExpress (E-MTAB-2706). 
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III. RESULTS  
 
1. Correlation of TERT-TP53 and its implication 

TERT promoter mutation is known as the earlier event than TP53 

mutation in the gliomagenesis except chromosomal 10 loss and 7 gain.79 In 

contrast to their importance in tumor biology,19,80 their gene-expression 

correlation has not bee reported.  In Table 1, strong correlations were 

found (e.g. acute myeloid leukemia [AML], acute lymphoblastic leukemia 

[ALL], and GBM). Normal-labeled tissues or blood also revealed such a 

correlation between TERT and TP53 (Table 1) 

 
Table 1. TERT-TP53 correlation in the primary tissues 

Primary Tissue COR p (N) p * (N) 

Acute Myeloid Leukemia 0.631 <0.0001 325 <0.0001 

Whole Blood 0.378 <0.0001 337 <0.0001 

Breast - Mammary Tissue 0.462 <0.0001 179 <0.0001 

Acute Lymphoblastic Leukemia 0.492 <0.0001 132 <0.0001 

Brain - Putamen (Basal Ganglia) 0.581 <0.0001 81 <0.0001 

Esophagus - Mucosa 0.338 <0.0001 273 <0.0001 

Brain - Nucleus Accumbens (Basal Ganglia) 0.458 <0.0001 104 <0.0001 

Thymoma 0.424 <0.0001 121 <0.0001 

Glioblastoma Multiforme 0.364 <0.0001 158 <0.0001 

Small Intestine - Terminal Ileum 0.457 <0.0001 92 <0.0001 

Colon - Transverse 0.345 <0.0001 167 0.001 

Brain Lower Grade Glioma 0.209 <0.0001 509 0.001 

Uterine Corpus Endometrioid Carcinoma 0.278 <0.0001 203 0.012 

Spleen 0.375 <0.0001 100 0.012 

Neuroblastoma 0.296 <0.0001 153 0.031 

Table is ordered by the increasing direction of p*(N) column. 
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Recurrent tumors of TCGA showed correlation between TP53 and 

TERT in GBM, ALL, and AML even after correction with number of 

patients (Table 2).  

 

Table 2. TERT-TP53 correlation in the recurrent tumors 
Recurrent tissue COR p (N) p *(N) 
Glioblastoma Multiforme 0.864 <0.0001 13 0.002 
Acute Lymphoblastic Leukemia 0.482 <0.0001 62 0.005 
Acute Myeloid Leukemia 0.494 0.001 44 0.029 
Wilms Tumor 0.549 0.338 5 1.688 
Ovarian Serous 
Cystadenocarcinoma -0.381 0.351 8 2.811 

Brain Lower Grade Glioma 0.335 0.242 14 3.384 

Neuroblastoma 0.027 0.946 9 8.513 
Table is ordered by the increasing direction of p*(N) column. 

 

 I hypothesized the high correlation of these two genes might be 

associated with the co-expressing tumor markers of bulk RNAseq, which 

may translate to the potential cell cluster markers in scRNAseq.81 I 

calculated the correlation of TP53 and TERT in the CCLE database and 

summarized by the origin (Table 3). Hematopoietic origin tumor cells still 

possessed the correlation between the two genes and other entities do not 

show their correlation (Table 3). Central nervous system (CNS) origin 

tumor showed no correlation either. From the above results, I hypothesized 

that such a correlation might not be general across all diseases or tissues. 

Furthermore, TP53 and TERT interaction might be different by the 

focusing sample types. 
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Table 3. TERT-TP53 correlation in the CCLE database 
CCLE cell group COR p (N) p *(N) 
Fibroblast 0.588 <0.0001 35 0.007 
Haematopoietic origin 0.255 <0.0001 186 0.082 
Bone 0.414 0.023 30 0.693 

Thyroid -0.328 0.325 11 3.578 

Ovary 0.255 0.074 50 3.677 

Pleura -0.284 0.458 9 4.123 

Prostate -0.142 0.737 8 5.897 

Biliary tract -0.049 0.908 8 7.264 

Stomach -0.214 0.204 37 7.561 

Autonomic ganglia -0.189 0.425 20 8.506 

Endometrium -0.192 0.328 28 9.171 

Oesophagus 0.182 0.362 27 9.782 

Upper aerodigestive tract -0.157 0.392 32 12.553 

Kidney 0.1 0.579 33 19.098 

Urinary tract 0.029 0.889 26 23.12 

Liver -0.012 0.956 25 23.906 

Pancreas 0.059 0.715 41 29.306 

Skin 0.065 0.657 49 32.186 

Soft tissue 0.051 0.733 47 34.452 

Large intestine 0.034 0.8 57 45.606 

Breast -0.013 0.925 52 48.091 

Central nervous system -0.047 0.694 71 49.281 
Lung -0.069 0.348 189 65.835 

Total N=1071. Table is ordered by the increasing direction of p*(N) 

column. 

 I also examined the cancer cell database from the Genentech. As 

the name of cells were differed from that of CCLE, I used this database as 

one more control. There was no cellular origin that has correlation between 

the expression level of two oncogenes (Table 4). 
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Table 4. TERT-TP53 correlation in the Genentech cells 
Genentech cells COR p (N) p *(N) 
Urinary bladder 0.411 0.419 6 2.512 

Sarcomatiod 0.419 0.349 8 2.792 

Pancreas -0.301 0.113 30 3.389 

Other 0.31 0.498 8 3.986 

Uterus -0.061 0.939 5 4.693 

Uterine cervix -0.201 0.702 7 4.913 

Kidney 0.2 0.512 14 7.17 

Ovary 0.221 0.171 45 7.698 

Zone of skin -0.201 0.219 49 10.73 

Stomach 0.171 0.413 28 11.566 

Liver 0.046 0.864 16 13.83 

Head-neck 0.118 0.591 25 14.784 

Brain 0.107 0.561 34 19.081 

Lung -0.123 0.155 146 22.645 

Breast 0.091 0.547 61 33.375 

Colo-rectal 0.05 0.742 48 35.626 

Lymphoid -0.004 0.968 92 89.05 

Total N=622. Table is ordered by the increasing direction of p*(N) column. 

 

2. Hypothesis on the culture media 
 

The current culture method of the cellular models is largely 

dependent on the three ingredients: fetal bovine serum, the basal media, 

and additional ingredients.82 To investigate the difference of TERT-TP53 

correlation among the cell manufacturers, I tried to find the difference in 

the culture conditions. And culture condition selects the cell types that are 

cultured in the in vitro setting.74  
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For GBM-related cell culture, at least two types of cell culture 

method have been established in the past: TS medium, tMSLC medium 

and recently more modifications.74,83 TS culture medium has been used for 

the culture of dissociated tumor cells from the patient-derived tissue 

(Dulbecco's Modified Eagle Medium/Nutrient Mixture F-12 

[DMEM/F12 ]+ no fetal bovine serum [FBS] + B27 + epidermal growth 

factor).53,84 And tMSLC medium has been applied to the same dissociated 

cells to culture microenvironmental cells (alpha Modified Eagle Medium 

[Alpha MEM] + 10% FBS without B27 nor epidermal growth factors).58 

Cellular characterization with GSVA also revealed TS-medium cultured 

cells are preserving the tissue signature better than those of tMSLC-

medium (Fig. 1). 

 

 
Fig. 1 Subtype signatures of GBM-derived cell models. Signatures were 

calculated using the microarray datasets of each clinical case. All these 

IDH-WT GBM-derived cells were processed in the same manipulating 

protocols for each type of samples. Cell type preservation from tissue to 

TS is shown and not in the tMSLC cultured cells. 
 

From the above preliminary results, I hypothesized the culture 

condition of cancer cells of the CCLE and the Genentech may have 
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affected the signatures of CNS origin cells. I could obtain two culture 

methods accompanying the RNAseq data from Genentech and Broad 

institute. Non-homogeneous culture condition was found in the analysis of 

the culture methods. CCLE database published culture methods with 

missing values and they were labeled as unknown (Table 5 and Table 6). 

In cases of Genetech, For the basal media, only six glioma cells of 

Genetech were culture in the DMEM media or its modified version 

DMEM/F12 (Table 7). All of the brain tumor cells (n=35; glioma 27 cases 

and other tumor 8 cases) were cultured with fetal bovine serum (Table 8). 
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Table 5. Culture basal medium of tumor cells of CCLE  
Diagnosis DMEM (N) DMEM:F12 (N) EMEM (N) RPMI+EMEM (N) RPMI1640  (N) Unknown (N) Total (N) 
Glioma 12 1 8 1 12 31 65 
Other CNS 
tumors 

  1  1 5 7 

Grand Total 12 1 9 1 13 36 72 
 

 
Table 6. Fetal bovine serum of tumor cells of CCLE 

Diagnosis FBS 10% (N) FBS 5% (N) FBS 15-20 % (N) FBS unknown (N) Total (N) 
Glioma 22 6 6 31 65 
Other CNS tumors 2   5 7 
Grand Total 24 6 6 36 72 
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Table 7. Culture basal medium of tumor cells of Genetech   
Diagnosis DMEM DMEM/F12 RPMI1640 EMEM Total 
Glioma 4 2 20 1 27 
Other CNS 
tumor 

  8  8 

Grand Total 4 2 28 1 35 

 

Table 8. Fetal bovine serum of tumor cells of Genentech 
Diagnosis FBS 10% (N) No FBS (N) Total (N) 
Glioma 27 X 27 
Other CNS 
tumor 

8 X 8 

Grand Total 35 x 35 
 

I could conclude that most brain tumor cells were cultured under 

the influence of FBS. As the TERT-TP53 correlation was not seen in the 

cells of two cell manufacturers, I planned a comparative study to find 

whether the established GBM cell of Severance database is reflecting the 

tumor signatures and whether I can find a justifying signature of using 

these TS-culture media cells in the research of GBM. 

 

3. TS isolation from the IDH-WT GBM tissues 
Patient-derived IDH-WT GBM tissues were cultured non-

selectively to establish GBM TSs and their RNAseq (Table 9).51 I found 

that TP53-mutant IDH-WT GBM comprises 48 % of samples (28/58) 

which is relatively consistent with the TP53 mutation reports of GBM.19 

Severance cohort of TSs revealed TP53 mutation status is biased in the 

isolated TS (Table 9). Most of the isolated TSs are TP53 mutant (80%, 

16/20, 3 sample excluded for the absence of next-generation sequencing 
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data). The frequency of the TP53 mutants is different from that of GBM 

tissue (p= 0.027, Table 9). Other variables show no difference between the 

tissue and TSs (Table 1). TERT mutant TSs were found in the 90 % of 

samples, however its composition ratio was consistent with a literature.32  

 

Table 9. Characteristics of IDH-wildtype GBM and TSs 
Characteristics Tumor 

Samples (n=58) 
GBM TSs (n=23) P-value* 

Age 58.9±12.4 59.7±11.0 0.78 
Sex   0.66 

Male 33 15  
Female 25 8  

MGMT Promoter   0.67 
Methylation 23 11  
Unmethylation 35 12  

TP53    0.027 
Mutant 28 16  
Wildtype 30 4  
Unknown  3  

TERT Promoter   0.30 
Mutant 44 18  
Wildtype 14 2  
Unknown  3  

PTEN    0.80 
Mutant 31 12  
Wildtype 27 8  
Unknown  3  

EGFR    0.99 
Alterations 28 9  
Wildtype 30 11  
Unknown  3  

 

All samples are primary GBMs or its derived TSs. Presentation of age with 

mean ± standard deviation.  

* p-value compared IDH-WT GBM tumor samples and GBM TSs (GSC11 

or normal human astrocyte are excluded from this table). 
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Initial validation of GBM TS was confirmed with MGMT gene 

expression. MGMT promoter is commonly methylated in the GBM cells of 

clinical specimen. MGMT promoter status is determined by the 

pyrosequencing in the diagnostic pathology laboratory. When the promoter 

is methylated the MGMT gene level is downregulated (Fig. 2a). Before 

analyzing the RNAseq data, I assessed the MGMT promoter methylation 

status and its gene expression in the microarray dataset (Fig. 2b). GBM TS 

showed downregulation in the MGMT promoter methylated samples and 

not in the tMSLC (or in different direction). 

 

 
Fig. 2 MGMT gene regulation and its expressions. Quantile-normalized 

Illumine HT 12 V4 microarray-based Severance database.  

 

I assessed the MGMT level in the independently established 

RNAseq and scRNAseq dataset (Fig. 3). In the IDH-WT GBM tumor 

tissue, only a trend was found of downregulated MGMT gene expression 

level in the MGMT promoter methylated tissue. GBM TS showed 

statistically significant correlation of downregulated MGMT in the MGMT 

promoter methylated tissue-derived GBM TS (MGMT promoter status was 

not examined in the GBM TS level).   
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Fig. 3 MGMT in the tissue, GBM TSs, and single cell TS13-64. (a) Gene expression by MGMT promoter methylation 

status in the GBM tissue RNAseq (n = 58; Unmethylated samples, n = 35; Methylated Samples, n = 23) and its associated 

control cortex tissue (n=24). GBM TSs is displayed in the right panel showing the RNAseq results (Unmethylated TS n 

= 12, Methylated TS n = 11). (b) MGMT expression by the TS13-64 scRNAseq clusters (MGMT promoter methylated 

case was not expressing MGMT in the scRNAseq data (data not shown). 
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4. Mutation status of GBM TSs 
Mutation profiles of GBM TSs were analyzed by cross-checking 

the mutation calling results of electronic medical record and TS-derived 

mutation lists. Lists of an RNAseq-based single nucleotide mutation 

calling were calculated with GATK toolkit for each TS. This method has 

been developed to find mutations in the exonal area.  

Although this protocol is established as an alternative to whole-

genome- and whole-exome-based mutation calling with more coverage 

depths (more than 40 x), this technique has at least one strength: same data 

is analyzed for the two different quantification. As no duplicated samples 

are generated by the preparation steps, there is zero risk of mixing samples 

unintentionally during the process. 

Among several limitations, promoter region coverage was not 

calculatable with this protocol. As this RNAseq-based technique is 

utilizing the captured reads from the coding area, promoter mutations (such 

as TERT promoter mutation) were not eligible to be called. During the 

inspection of binary alignment map (BAM files), there were no reads 

covering the common TERT promoter mutation area (C225T or C250T). 

Among the calculated mutations of many genes, the single 

nucleotide variations of TP53, PTEN, and EGFR were chosen to show the 

validity of the isolated GBM TSs from the perspective of preservation of 

mutations with the clinically available targeted mutation panel data on the 

diagnostic tumor tissue. I used the clinical record results of mutation panel 

as a ground truth. 

TP53 mutation result shows that 92.7% mutated locations from 

clinical records were found in the RNAseq-based GBM TS samples (12/13, 
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Table 10). Three samples withoutTP53 mutations were found negative in 

the GBM TSs (YS03, YS014, and YS018). Additional TP53 mutation 

points were found in the four samples (YS07, YS011, YS013, and YS015) 

over the mutation profiles of medical records.  

Four samples didn’t have clinical record data. GBM TS revealed 

among these samples, three are mutated in the range of TP53 (YS01, YS02, 

and YS010). No TP53 mutation was found in a TS (YS06). Although the 

panel sequencing was not done on these samples, high reliability in the 

above 12 samples would support the calculated results may in the clinical 

diagnostic tumor samples.  

Tissue RNAseq data shows relatively lower consistency rate with 

the clinical results. While no TP53 mutations were called in the four 

samples (YS04, YS09, YS011, and YS017), there were pathologic 

mutations in the medical records and the TS-based results. 

To sum up, GBM TS harbors the preserved TP53 mutation pattern 

in the RNAseq-based calling. And TP53 mutation can be calculated in the 

RNAseq of TS with high reliability than the tissue-RNAseq-based 

mutation calling. 

Unlike the profiles of TP53, the mutation profiles of PTEN and 

EGFR were less consistent between the clinical data and the RNAseq-

based calling (Table 11 and Table 12). For PTEN profiles, 53% of samples 

show consistent mutation pattern (7/13 samples, Table 11). Although two 

TS samples pointed different locations, these two samples were not 

included for the consistency list of seven samples (YS012 and YS015). 



 

33 
 

Table 10. Comparison of TP53 mutation status 
Sample EMR Tissue RNAseq TS RNAseq EMR-TS Comparison 
YS03 x X x Match 
YS014 x X x Match 
YS018 x X x Match 
YS019 c.844C>T 

c.524G>A 
c.844C>T 
c.524G>A  

c.844C>T 
c.524G>A  

Match 

YS05 c.742C>T c.742C>T  c.742C>T  Match 
YS012 c.551_554 

delATAG 
c.551_554delATAG c.551_554delATAG Match 

YS015 c.713 G>A c.713G>A  c.713G>A, c.598-2A>G, 
c.829T>A 

Match 

YS013 c.646G>A c.646G>A c646G>A, c.829T>C Match 
YS04 c.808T>G X c.808T>G Match 
YS09 c.646 G>A X c.646 G>A Match 
YS017 c.404 G>T 

c.743 G>A 
X c.404G>T Match 

YS011 c.724 C>T x c.742 C>T, c.798 A>G Match 
YS01 unknown c.524G>A, c.524G>A Unknown 
YS02(13-64) unknown c.404G>C c.404G>C, c.415A>G, c.70A>T Unknown 
YS06 unknown x x Unknown 
YS010 unknown c. 646 G>A c. 646 G>A Unknown 
YS07 x x c.742C>T x 
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Table 11. Comparison of PTEN mutation status 
Sample EMR Tissue TS EMR-TS consistency 
YS03 c1098delA x x X 
YS014 c.388 C>T x c.388C>T Match 
YS018 PTEN_loss x x Unknown (or Match) 
YS019 c.100G>A x x X 
YS05 x x x Match 
YS012 c.386 G>A x c.375A>G X 
YS015 2019: c.406 T>C x c.391-1G>T X 
YS013 c.178 A>T x c.178A>T, c.40delA, c.43A>G, 

c.80-2A>G, c.419delT 
Match 

YS04 c.316G>T c.316G>T c.316G>T, c.197A>G, c.197A>G, 
c.816C>T 

Match 

YS09 x x c.598T>C X 
YS017 x x x Match 
YS07 x x c.388C>T X 
YS011 c.388 C>T x c.388C>T, c.375A>G Match 
YS01 unknown x c.1057G>T Unknown 
YS02(13-64) unknown x x Unknown 
YS06 unknown x x Unknown 
YS010 unknown x c.598T>C Unknown 
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Table 12. Comparison of EGFR mutation status 
Sample Amplification EMR RNAseq (Common or TS only) EMR-TS 

Consistency 
YS010 unknown x x, not in TS Match 
YS04 no AMP   x x, not in TS Match 
YS09 no EGFR amp x x, not in TS Match 
YS03 no AMP x x, in TS c.2132A>G/c.2185-2A>G/c.2582T>A/c.2591C>A X 
YS014 no EGFR amp c.866 C>T, c.2320 G>A x, in TS c.2567T>C X 
YS018 EGFR Amp x x, in TS c.2661A>G X 
YS019 x x x, c.2193G>A X 
YS05 noAMP x x, in TS c.2987A>G X 
YS012 no EGFR amp x x, in TS c.3203G>A X 
YS015 no EGFR amp x x, in TS c.1990C>T/c.2680C>A X 
YS013 no EGFR amp x x, in TS c.1746T>A X 
YS017 Amp c.1793 G>T x, not in TS X 
YS07 EGFRvIII mutant + 

EGFR amp 
EGFRvIII x, not in TS X 

YS011 no AMP x x, in TS c.2603A>G X 
YS01 no Amp unknown c.2361G>A, in TS c.2240T>C/c.2361G>A Unknown 
YS02 (13-64) 2-3 + unknown x, in TS c.1055delA Unknown 
YS06 2-3 + unknown x , in TS c.2118A>G Unknown 



5. Gene level analysis of GBM TSs 
After confirmation of GBM TS with MGMT gene pattern and 

TP53 mutation profiles, gene expression patterns of isolated GBM TS and 

GBM tissues were examined at least with molecular markers: TERT-TP53 

correlation was found in the Severance GBM database (Fig. 4). RNAseq 

revealed TERT and TP53 may be associated regardless of TP53 mutation 

status (Fig. 4a). Even though, TERT is overexpressed in the GBM tumor 

and TERT promoter mutated samples (Fig. 4b), these two gene expression 

levels were more associated in the recurrent GBM (Fig. 4c, Table 2). GBM 

TSs also showed stronger correlation, especially in the TP53 mutant TSs 

(Fig. 4d). scRNAseq revealed these two genes, as well as other known 

cancer-driver-genes, are overexpressed in a distinct cluster (Fig. 4e; 

Cluster 1 and 6 in Fig 4, Cluster 2 in Fig. 24). 
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Fig. 4 Gene expression of TERT and TP53. (a) Correlation of two genes 

in the Severance RNAseq of IDH-WT GBM tissue by TP53 mutation 

status (Tumor with TP53 mutation status, n=58, Pearson correlation). (b) 

TERT gene expression by the mutation status of TERT promoter. c. 

Correlation TCGA GBM in the primary and recurrent tumor. (d) TERT and 

TP53 in the GBM TS RNAseq (TS with TP53 mutation status, n = 20). (e). 

scRNAseq of a representative GBM TS (case 13-64, further details in 

Methods) with multiple clusters (Modularity optimizer 1.3.0, Resolution = 

0.5, Number of communities = 7). GBM TS was isolated with serum free 

B27 medium (See method for details).  

 
I examined the IDH-WT GBM tissues and GBM TSs, whether 

these samples are associated by other factors (Fig. 5). I found TP53, EGFR, 

IDH1, PTPRZ1, and TERT are significantly overexpressed in the tumor 

tissue than the control (Fig. 5). However, these gene expression levels were 

not different by the TP53 mutation status in the tissue (Fig. 5a). GBM TSs 

also showed EGFR, PTEN, IDH1, PTPRZ1 were overexpressed in the TSs 

than the normal human astrocytes (NHAs).33 However, TP53 gene was not 

showing difference from the NHAs (Fig. 5b).  
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Fig. 5 Cancer-driver-genes from GBM tissues to TSs. I illustrated the 

gene expression pattern of TP53, EGFR, PTEN, IDH1, PTPRZ1, and TERT 

by the mutation status. (a) Gene expression of IDH-WT GBM tissues and 

tumor-free cortical control tissues (Tumor, n=58; Control, n= 24). (b) 

GBM TSs (TSs with the mutation status, n=20) derived from the IDH-

wildtype GBM tissues and controls (NHA, n= 3; GSC11, n=3). (c) 

PTPRZ1 is illustrated with a scRNAseq cluster data (Right panel, three 

clusters are further described in the Fig. 10). (d) TERT expression is 

grouped by the TP53 mutation status in the tissues. White background 

indicates bulk tissue RNAseq. Blue background indicates the FPKM 

expression in the bulk cell RNAseq. 

 

Downregulated trend of PTEN expression in the GBM tissue than 

the cortex (Fig. 5a) is reflected in the GSC11 and GBM TSs (Fig. 5b). As 

the BAX, CDKN1A, and MIR34AHG was associated to be elevated in the 

TP53 mutation status, I analyzed the gene expression level comparing the 

tissue and TSs, side by side.24,85,86: BAX, CDKN1A, and MIR34AHG are 

overexpressed in the IDH-WT GBM tissue than the cortex tissues. 

However, there was no trend in these GBM TSs by the TP53 mutation 

status (Fig. 6). 
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Fig. 6 Gene expression profiles of TP53-related genes. Three genes are 

overexpressed in the GBM tumors than the control tissues. However, there 

was no definite difference by the TP53 mutation status in the tissues and 

the TSs (TSs were not treated by any chemical agents except TS culture). 

(a) CDKN1A and BAX. (b) MIR34AHG. 

 

There were seven matching samples of GBM tissues and TSs (Fig. 

7). I evaluated the gene expressions of TP53, TERT, MGMT and PTPRZ1 

by the molecular markers: TP53 mutation status was not associated with 

the conservation of the gene expression levels (Fig. 7a). TERT promoter 

mutation was associated with the higher expression of TERT and TP53 

gene in the tissue and TSs (Fig. 7b). MGMT promoter methylation status 

was associated with the MGMT gene expression (Fig. 7c). 

  



 

43 
 
 

 



 

44 
 
 

Fig. 7 Patterns of the matched GBM TSs with GBM tissues. Gene 

expression profiles of TP53, TERT, MGMT, and PTPRZ1 were displayed 

in the matching samples (n=7 for each group). (a) Expression grouped by 

TP53 mutation status. (b) Gene expression by TERT promoter mutation 

status. (c) Gene expression by the MGMT promoter methylation status.  

  

In the above results, the overall transcriptomic characteristics of 

GBM TSs were explored by focusing on the preserved gene exprssion 

patterns those are translating from the tissue to the TSs.  

 

6. Comparison of CCLE CNS cells with GBM TSs 
  In the previous sections, GBM TSs were validated as a cell model 

that represents the original tumor at least with MGMT pattern, TP53 

mutation status, and gene expression of selected genes.  

In GBM tissue comparison, three gene sets of metabolic processes are 

dominantly enriched in the tumor than the cortical tissue (Fig. 8): glycogen 
metabolism, free fatty acid oxidation, and reactive-oxygen-species related 

pathway genes. Next, pooled RNAseq of GBM TSs and CCLE CNS 

tumors revealed glycogen metabolism was enriched in the GBM TSs as 

well as gluconeogenesis, glycolysis, and pyruvate metabolism than the 

CCLE group (Fig. 9). PTPRZ1 high expressing cells were relatively rare 

in the CCLE database. As PTPRZ1 overexpression is associated with radial 

glia, I selected five CCLE brain tumor cells as relatively PTPRZ1-high 

expressing cells among the CCLE cells and GBM TSs (Fig. 9). 

 As these overall differences are evident, gene-level patterns were 

examined (Fig. 10-17): the gene expression levels of MGMT, EGFR, TP53, 

PTEN, NEAT1, MKI67, IDH1, and PTPRZ1 were compared side-by-side 



 

45 
 
 

with normal human astrocyte as a control cell. Overall distributions of 

MGMT, EGFR, TP53, PTEN, and MKI67 were not different between 

CCLE CNS cells and GBM TSs (Fig. 10-14). However, NEAT1, IDH1, 

and PTPRZ1 showed a distinct difference between CCLE CNS cells and 

GBM TSs (Fig. 15-17).  

 For NEAT1, except GBM TS20-24, most of the NEAT1 high 

expressing cells were in the CCLE CNS cell group (Fig. 15). IDH1 

expression was dominant in the CCLE CNS cells (Fig. 16). 

 In contrast, GBM TSs were expressing high level of PTPRZ1 than 

most of the CCLE CNS cells (Fig. 17).  

This analysis showed a heterogeneity in the GBM TSs. And 

transcriptomic heterogeneity was elaborated in the next section. 
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Fig. 8 Metabolism in the tissue level. GSVA calculated using the genesets of Mootha et al.87 
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Fig. 9 Metabolism in the cell level. GSVA calculated using the genesets of Mootha et al.87 



 

48 
 
 

Fig. 10 MGMT Gene expression comparing with TS. 
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Fig. 11 EGFR Gene expression comparing with TS. 
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Fig. 12 TP53 Gene expression comparing with TS.  
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Fig. 13 PTEN Gene expression comparing with TS. 
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Fig. 14 MKI67 Gene expression comparing with TS.  
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Fig. 15 NEAT1 Gene expression comparing with TS.  
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Fig. 16 IDH1 Gene expression comparing with TS.  
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Fig. 17 PTPRZ1 Gene expression comparing with TS.  
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7. Transcriptomic level analysis of GBM TSs 
In the previous section, TP53-mutant GBM tissue-derived TSs are 

comprising higher portion among the isolated GBM TSs (Table 9). I 

examined whether the TP53 mutant TSs are different from the TP53 WT 

TSs (Fig. 18). Unsupervised gene variability-based t-SNE showed no 

significant difference by the TP53 mutation status (Fig. 18a). Normal 

human astrocyte had created a distant cluster from other TSs. GBM TS 20-

09 and TS 20-24 were distant from other GBM TSs in the tSNE plot and 

heatmap of signatures (Fig. 18a and Fig. 18c).  
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Fig. 18 Signatures of GBM TSs by the TP53 status. (a) t-SNE plot of the 

most variable genes in the GBM TSs (An unsupervised, expression-based 

criterion. Details in the method). (b) Reactome gene set enrichment 

analysis by the TP53 mutation status. (c) Gene set variation analysis with 

the reported GBM subtype genes. (d) River plot showing the relation 

among the TP53 mutation status, ECM signature, and the Verhaak 

subtypes.   

 

In our TSs, TP53 mutant TSs were relatively more heterogeneous 

than the TP53 WT TSs (Fig. 18c): TP53 WT TSs were not classified in to 

the mesenchymal type (Fig. 18d). Not all but 66% of cases of TSs were 

showing at least one matching subtype signature with the original tumor 

tissue (12/18 cases). The tSNE plots of GBM TSs were further assessed by 

the mutation status, promoter status: and there was no definite difference 

by these molecular markers (Fig. 19). 
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Fig. 19 tSNE of the GBM TSs. (a) t-SNE plot with samples of Fig. 18a. 

(Upper) Two TSs without NHAs and GSC11 (Lower) In addition to the 

upper panel, NHAs and GSC11 are added. (b–f). t-SNE plot for 

comparison by the molecular markers. (b) by TP53 mutation status. (c) by 

TERT promoter mutation status. (d) by MGMT promoter methylation status. 

(e) by PTEN mutation status. (f) by EGFR alteration status. 

 

Combining the results of DEG and GSVA, I found the ECM-

related signatures may be associated with the mesenchymal subtype of 

GBM TSs (Fig. 18b-d, Fig.20). ECM-related genes include CD44 or PPIB 

(Fig. 20).6  
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Fig. 20 Extracellular matrix related genes. This gene set was obtained 

from a TP53 mutant TS-related Reactome analysis of Fig. 18b. 
 

Additionally, I found no definite correlation of the gene sets of cell 

invasion (or EMT, detail in the method) and glioma neurosphere with the 

TP53 mutation status of GBM TSs.67,68 EMT genes were not definitely 

associated with TP53 mutation status (Fig. 21).  
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Fig. 21 Epithelial mesenchymal transition markers. The criteria of 

selecting these genes are described in the method section (mSig DB)s. 

 

Majority of the TS followed the glioma cell expression patterns: 

Glioma sphere downregulated genes (77%, 17/22, Fig. 22a) and 

upregulated genes (54%, 12/22, Fig. 22b).67  
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Fig. 22 Heatmap of the glioma-sphere gene sets. (a) Glioma sphere 

downregulated genes. (b) Glioma sphere upregulated genes.  

 

In the above section, heterogeneity of GBM TSs were analyzed 

with the molecular markers: TP53 mutation status, TERT promoter 

mutation status, MGMT promoter methylation status, EGFR 

mutation/amplification status, or PTEN mutation status.  

Among the many GBM TSs, case 13-64 derived TS13-64 was 

expressing relatively high level of EGFR, TP53, MKI67 and PTPRZ1 than 

any other GBM TSs. And this TS13-64 was selected whether the single 

cell resolution data can show the origin of TERT-TP53 correlation in the 

GBM TSs (Fig. 18). 

 

8. scRNAseq analysis of a GBM TS 
In the single cell analysis, GBM TS were derived from a patient 

13-64. The patient was a 56-year-old female with no medical history except 

a carrier status of hepatitis B virus. Her chief complaint was weakness on 

the left arm and leg for two weeks. Magnetic resonance imaging (MRI) 

found an invasive phenotype on the MRI with high gadolinium-enhancing 

mass (Right parietal lesion, 4.93 cm in diameter) surrounded by extensive 

peritumoral edema.1 The tumor mass was heterogeneously enhanced by the 

gadolinum. The T1-enhanced MRI of the case 13-64 shows non-midline 

localization (Fig. 23). 

An experienced neuro-oncology specialized pathologist (S.H.K) 

confirmed the diagnosis of GBM. The molecular phenotypes of this tumor 



 

67 
 
 

include IDH-wildtype, MGMT promoter unmethylated status, and 

chromosome 1p intact/19q intact.  

 

 
 
Fig. 23 MRI of Patient 13-64. GBM TS13-64 was isolated from the GBM 

tissue. 

 
The single cell raw data of GBM TS 13-64 and GBM human tissue 

data were aligned to a same GRCh38 human chromosome with cellranger 

(GBM tissue data derived from male donor aged 57, obtained by 10x 

Genomics from Discovery Life Sciences). 

 The created pipeline output files were processed with SoupX and 

Seurat and the data of TS13-64 and the GBM tissue were merged. All of 

the GBM tissue clusters were annotated with the dominant expressing 

genes (Table 13). TS13-64 was minimized into three clusters as the 

signatures of cancer-driver-genes were expressed in the two adhering 

clusters (Fig.4e). The reduced number of cluster is three and the 

differential expressing genes (DEGs) were calculated for each cluster (Fig. 
24, Table 14-16). 
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Table 13. Cell characteristics for the scRNAseq 
Group of 
study 

Cluster name Number of 
cells 

Mitochondrial 
gene (%) 

Chr 7gain/ 
chr10 loss 

MHC 
complex 
(Chr 6) 

TS13-64 Cluster 0 2245 3.29 ± 1.18 + - 
Cluster 1 2011 3.17 ± 1.51 + - 
Cluster 2 1433 11.94 ± 11.75 + - 

GBM tissue AQP4+ GFAP+ Astrocyte-like 1089 4.85 ± 2.27 + +/- 
SERPINA3+ Inflammation-related 576 3.74 ± 2.34 + + 
UBE2S+ Stem-like 293 4.53 ± 2.21 + - 
VEGFA+expressing cells 387 4.11 ± 6.35 + - 
Neuron-like cells 355 6.4 ± 9.22 + - 
Immune-related (Low Signal) 182 5.44 ± 2.57 + + 
CCL20(-) Immune-related cells 156 4.07 ± 7.37 - + 
CCL20+ CD14+ Innate-immune 846 7.64 ± 4.51 - + 
CCL20+ EREG+, Immune-related 491 9.55 ± 16.76 - + 
GZMB+, Immune-related 138 5.5 ± 6.17 - - 
C11orf96+, Oligodendrocyte (OL)-related 335 2.37 ± 2.09 - +/- 
C11orf96(-) OL 522 1.56 ± 1.08 - - 
Endothelial cells and pericyte 143 3.82 ± 2.68 - - 
Mitochondrial gene-enriched cluster 112 78.81 ± 27.38 - - 

This table summarizes the graphical result of Fig. 25. 
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Fig. 24 scRNAseq of GBM TS13-64. (a) UMAP colored with the three 

clusters. (b) Top DEGs in each group. (c) Violin plot of the group 0 DEG. 

(d) Violin plot of the group 1 DEG. (e) Violin plot of the group 2 DEG. (f) 

Scatter plot comparing two gene expressions in the single cell level. 
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Cluster 0 was expressing the signatures of cycling cells (HMGB2 and 

UBE2C, Table 14).88,89 Cluster 1 expressed VIM and GAPDH as the DEGs 

(Table 15). Cluster 2 was expressing high level of long non-coding RNAs 

(NEAT1, MALAT1, and MEG3, Table 16). Cluster 2 showed relatively 

high proportion of mitochondrial genes of 11.94 ± 11.75 (%) and GBM 

tissue also showed a mitochondrial gene-enriched cluster (Table 13).  
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Table 14. Significant genes in the cluster 0 
# id myAUC avg_diff power avg_logFC pct.1 pct.2 
1 UBE2S 0.89  1.44  0.79  1.44  1.00  0.58  
2 CKS1B 0.88  0.81  0.76  0.81  1.00  0.73  
3 HIST1H4C 0.88  1.46  0.75  1.46  0.98  0.56  
4 UBE2T 0.88  0.72  0.75  0.72  0.98  0.40  
5 H2AFX 0.86  0.64  0.72  0.64  0.93  0.27  
6 HMGB2 0.85  0.87  0.70  0.87  0.99  0.53  
7 H2AFZ 0.85  0.71  0.70  0.71  1.00  0.77  
8 PCLAF 0.84  0.73  0.69  0.73  0.98  0.47  
9 UBE2C 0.84  0.96  0.68  0.96  0.95  0.39  
10 RPS2 0.83  0.69  0.66  0.69  1.00  0.91  
11 CENPW 0.83  0.44  0.65  0.44  0.89  0.25  
12 CENPM 0.82  0.44  0.63  0.44  0.87  0.27  
13 TUBA1B 0.81  0.59  0.63  0.59  1.00  0.94  
14 FOXM1 0.81  0.44  0.63  0.44  0.90  0.30  
15 ASF1B 0.81  0.42  0.62  0.42  0.80  0.17  
16 MKI67 0.81  0.42  0.62  0.42  0.84  0.20  
17 PIMREG 0.81  0.57  0.62  0.57  0.78  0.17  
18 DEK 0.81  0.55  0.62  0.55  1.00  0.62  
19 H2AFV 0.81  0.54  0.61  0.54  1.00  0.63  
20 TMEM106C 0.81  0.48  0.61  0.48  0.98  0.48  
21 CDKN3 0.81  0.57  0.61  0.57  0.86  0.27  
22 RANBP1 0.80  0.55  0.61  0.55  1.00  0.74  
23 CKS2 0.80  0.77  0.60  0.77  0.98  0.58  
24 RHNO1 0.80  0.45  0.60  0.45  0.87  0.33  
25 HNRNPAB 0.80  0.52  0.60  0.52  0.96  0.46  
26 MAD2L1 0.80  0.35  0.60  0.35  0.83  0.24  
27 SGO1 0.80  0.32  0.59  0.32  0.74  0.13  
28 DTYMK 0.80  0.49  0.59  0.49  0.99  0.55  
29 RRM2 0.80  0.40  0.59  0.40  0.84  0.23  
30 ZWINT 0.80  0.27  0.59  0.27  0.78  0.17  
31 CENPX 0.79  0.62  0.59  0.62  1.00  0.66  
32 BIRC5 0.79  0.58  0.59  0.58  0.98  0.44  
33 HMGN2 0.79  0.59  0.58  0.59  1.00  0.76  
34 MZT1 0.79  0.45  0.58  0.45  0.91  0.41  
35 TYMS 0.79  0.44  0.58  0.44  0.89  0.34  
36 SNRPB 0.79  0.49  0.58  0.49  1.00  0.72  
37 TOP2A 0.79  0.42  0.58  0.42  0.87  0.28  
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Table 15. Significant genes in the cluster 1 
# id myAUC avg_diff power avg_logFC pct.1 pct.2 
1 LGALS3 0.78  0.82  0.55  0.82  0.99  0.77  
2 GAP43 0.77  0.63  0.55  0.63  1.00  0.90  
3 ZFP36L1 0.77  0.63  0.54  0.63  0.97  0.68  
4 GAPDH 0.76  0.50  0.52  0.50  1.00  1.00  
5 VIM 0.76  0.47  0.51  0.47  1.00  0.98  
6 LEMD1 0.75  0.60  0.50  0.60  0.94  0.63  
7 S100A10 0.75  0.47  0.50  0.47  1.00  0.94  
8 FABP7 0.75  0.46  0.49  0.46  1.00  0.90  
9 TSC22D1 0.74  0.51  0.47  0.51  0.87  0.56  

10 TMSB10 0.74  0.39  0.47  0.39  1.00  0.99  
11 LGALS1 0.73  0.35  0.47  0.35  1.00  0.98  
12 AL590617.2 0.73  0.49  0.46  0.49  0.81  0.50  
13 FAM3C 0.73  0.40  0.46  0.40  0.97  0.71  
14 RABAC1 0.73  0.36  0.45  0.36  0.99  0.75  
15 S100A11 0.73  0.32  0.45  0.32  1.00  0.92  
16 IGFBP5 0.72  0.97  0.44  0.97  0.94  0.73  
17 OAF 0.72  0.60  0.44  0.60  0.95  0.71  
18 B2M 0.72  0.50  0.43  0.50  1.00  0.98  
19 C1orf61 0.72  0.35  0.43  0.35  1.00  0.97  
20 PKIB 0.71  0.37  0.43  0.37  0.98  0.72  
21 CDKN2A 0.71  0.45  0.42  0.45  1.00  0.82  
22 GLUL 0.71  0.44  0.41  0.44  0.96  0.74  
23 CD99 0.71  0.46  0.41  0.46  1.00  0.83  
24 CNN3 0.70  0.38  0.41  0.38  0.99  0.79  
25 SPRY1 0.70  0.34  0.41  0.34  0.82  0.53  
26 TBCA 0.70  0.30  0.40  0.30  1.00  0.83  
27 COMT 0.70  0.32  0.40  0.32  0.98  0.72  
28 PHLDA1 0.70  0.40  0.40  0.40  0.86  0.59  
29 SEC61G 0.70  0.34  0.40  0.34  1.00  0.86  
30 C4orf3 0.70  0.32  0.39  0.32  0.87  0.60  
31 PEBP1 0.70  0.31  0.39  0.31  1.00  0.84  
32 NAMPT 0.70  0.33  0.39  0.33  0.73  0.45  
33 PRDX5 0.70  0.31  0.39  0.31  1.00  0.78  
34 SH3BGRL3 0.70  0.36  0.39  0.36  0.99  0.77  
35 S100A6 0.70  0.36  0.39  0.36  1.00  0.90  
36 CHMP2A 0.70  0.28  0.39  0.28  0.98  0.72  
37 BNIP3L 0.69  0.41  0.39  0.41  0.64  0.33  
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Table 16. Significant genes in the cluster 2 
# id myAUC avg_diff power avg_logFC pct.1 pct.2 
1 MALAT1 0.78  2.14  0.56  2.14  0.94  1.00  
2 MEG3 0.76  1.82  0.52  1.82  0.85  1.00  
3 NEAT1 0.71  1.41  0.42  1.41  0.79  0.99  
4 MT-ND3 0.69  1.84  0.38  1.84  0.74  1.00  
5 DDX5 0.67  1.00  0.33  1.00  0.69  0.97  
6 PTPRZ1 0.66  0.75  0.33  0.75  0.74  1.00  
7 MT-ND2 0.64  1.37  0.28  1.37  0.78  1.00  
8 SON 0.64  1.22  0.27  1.22  0.62  0.89  
9 MT-ATP6 0.63  1.25  0.27  1.25  0.76  1.00  

10 MEG8 0.63  1.38  0.25  1.38  0.63  0.90  
11 MT-CO2 0.63  1.12  0.25  1.12  0.86  1.00  
12 MT-CO1 0.62  1.08  0.24  1.08  0.85  1.00  
13 MT-CO3 0.62  1.13  0.23  1.13  0.82  1.00  
14 CLU 0.61  0.49  0.23  0.49  0.80  1.00  
15 MT-ND4 0.61  0.98  0.22  0.98  0.80  1.00  
16 XIST 0.61  1.45  0.22  1.45  0.55  0.72  
17 LGALS3BP 0.60  0.81  0.21  0.81  0.67  0.99  
18 MT-CYB 0.60  0.89  0.20  0.89  0.77  1.00  
19 HLA-A 0.60  0.45  0.20  0.45  0.84  1.00  
20 MT-ND5 0.60  1.04  0.20  1.04  0.65  1.00  
21 POLR2J3.1 0.59  1.22  0.18  1.22  0.58  0.88  
22 MT-ND1 0.59  0.78  0.18  0.78  0.71  1.00  
23 WSB1 0.58  1.39  0.16  1.39  0.52  0.73  
24 N4BP2L2 0.57  1.25  0.14  1.25  0.52  0.77  
25 LUC7L3 0.57  1.11  0.13  1.11  0.55  0.88  
26 FDPS 0.56  0.33  0.12  0.33  0.75  1.00  
27 HSP90AA1 0.55  0.37  0.09  0.37  0.80  1.00  
28 MT-ND6 0.54  1.29  0.09  1.29  0.40  0.52  
29 HLA-B 0.54  0.36  0.08  0.36  0.74  1.00  
30 IFI44L 0.53  1.21  0.07  1.21  0.51  0.80  
31 FUS 0.52  0.60  0.04  0.60  0.54  0.95  
32 PNISR 0.52  0.95  0.03  0.95  0.49  0.87  
33 KAT2A 0.51  0.91  0.03  0.91  0.24  0.27  
34 HSPA5 0.51  0.80  0.03  0.80  0.52  0.93  
35 APLP2 0.51  0.43  0.03  0.43  0.56  0.99  
36 IL13RA2 0.51  0.85  0.02  0.85  0.50  0.88  
37 SRSF2 0.51  0.52  0.02  0.52  0.56  0.96  

 
 

Copy number variation of each cluster was calculated with 

inferCNV program (Fig. 25). All of the three clusters of GBM TS13-64 

was showing the gain of chromosome 7 and loss of chromosome 10 which 



 

74 
 
 

are known as the earliest event of GBM initiation.79 GBM tissue also 

showed the gain of chromosome 7 and loss of chromosome 10 in the 

multiple clusters labeled as astrocytic cluster, inflammation-related cluster , 

UBE2S+ stem cell cluster, VEGFA+ cluster, neuron-like cluster, and 

immune-related (low signal) cluster (Table 13) 
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Fig. 25 Copy number variation of GBM TS and tissue. Endothelium of GBM was used as the control (InferCNV).   
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Other cell clusters, such as that of oligodendrocyte, endothelium 

and pericyte, or other immune-related clusters were negative for the 

chromosomal variations (chromosome 7 gain and 10 loss). 

Gene expression signatures were examined among the clusters 

(Fig. 26-28). Stem cell-related genes were co-expressing in the UBE2S+ 

cluster and GBM TS cluster 0 (Fig. 26).  

The signature genes of endothelium-like (CD34, CLDN5), 

oligodendrocyte-like (MOG, MBP), astrocyte-like (AQP4), neuron-like 

(TUBB3), and immune cells (PTPRC, GZMB) were assessed with the 

violin plots (Fig. 27). None of the GBM TS 13-64 cluster was showing 

significant expression of these markers that may be shown in the GBM 

tissue clusters (Fig. 27).  
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Fig. 26 GBM TS13-64 cluster-related gene.
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Fig. 27 Gene expression of cell-type genes. (a) AQP4 as astrocyte-like, TUBB3 as neuron-like. (b) Oligodendrocyte-

like. (c) Endothelium-like. (d) Immune-cell-like markers. 
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Fig. 28 Gene expression of GBM cancer-driver-genes.  (a) Violin plots. (b) Dot plots.
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The finding of chromosome copy number variations and cell 

marker gene pattern suggested, GBM TS13-64 is not a mixture of different 

types of cells. And similarity of gain of chromosome 7 and loss of 

chromosome 10 suggests that the clusters are closely related to each other. 

And mitochondrial gene portion (%) of cluster 2 was lower than the 

potentially dead cells of GBM tissue, suggesting the cluster 2 is not a 

cluster to be excluded but it may possess biological meaning.  

GBM-related long non-coding RNAs (LncRNAs) had been 

published by another group.71 I could find GBM-related LncRNAs such as 

FTX, XIST, NEAT1, MEG3, and MALAT1 are dominantly expressed in the 

cluster 2 of GBM TS 13-64 (Table 17). Cluster 2 also expressed multiple 

GBM-related genes (Fig. 29). 

 

Table 17. Long-noncoding RNA in the cellular clusters 
Gene GENCODE ID Cluster2 Cluster1 Cluster0 

FTX ENSG00000230590 0.465 
  

XIST ENSG00000229807 0.608 
  

NEAT1 ENSG00000245532 0.708 
  

MEG3 ENSG00000214548 0.758 
  

MALAT1 ENSG00000251562 0.78 
  

 
AUC values from the scRNAseq. The differentially expressed genes from 
the clusters of TS13-64 were obtained from Seurat algorithm. Regardless 
of the resolution parameters (or the number of clusters), the driver-gene 
enriched cluster was always marked with the glioma related long 
noncoding RNAs. 
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Fig. 29 Violin plots of module score and gene expression. (a) Cell-wise 

module score of normal developing brain-based gene sets. All of the GBM 

TS13-64 clusters show near zero expressing module score with the module 

genes of excitatory, inhibitory neuron, and microglia. Stem cell score is 

relative high both in the cluster 0 and 2. Astrocyte and oligodendrocyte 

progenitor cell module show relatively higher score than the neuron 

modules. (b) Selected gene expression in the TS13-64 scRNAseq clusters. 
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9. Single cell-based deconvolution 

Bulk transcriptome is a convoluted mixture of multiple cell types 

with no innate information about the cell types or composition of the data. 

With the advent of scRNAseq technique, cell type annotation became 

routine task. Based on these labeled cells and DEGs, the signature genes 

of specific cell types could be calculated.  

Consequently, analysis of bulk transcriptome with the signature 

genes enabled deconvolution of the RNAseq data (Fig. 30 and Fig. 31). 

Microarray shows tMSLC cells are different from GBM tissue samples and 

GBM TS samples (Fig. 30a). Neural stem cell signature shows high 

correlation with the signatures from the TS13-64 in the tMSLCs and TSs 

(Fig. 30b, Cluster 0). The portion (%) of neural stem cell signature is 

higher in the TS than the tMSLCs (TS and tMSLCs, 34/46 vs 11/23, 73.9% 

vs 47.8%).77  

The mesenchymal subtype is more common in the GBM tMSLCs 

(Fig. 30c, tMSLCs and TSs, 23/23 vs 5/46, 100% vs 10.8%). The classical 

subtype is common in the GBM TSs than the tMSLCs (Fig. 30d, 25/46 vs 

1/23, 57.4% vs 4.3%).76 

RNAseq data shows the difference of CCLE and GBM TSs with 

the multiple signature-based deconvolution (Fig. 31). Neural stem cell 

signature and cluster 0 signatures were correlated in this GSVA analysis. 

The signature patterns of CCLE resembled that of tMSLC suggesting the 

influence of culture media. No CCLE cells harbor the classical signature 

(GSVA score >0) and GBM TS showed 87.5% of samples harbors classical 

signatures (28/32).76 Mesenchmal subtype was dominant in the CCLE cells 

than the GBM TSs (CCLE vs GBM TS, 50% vs 25%, 24/48 vs 8/32). 
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Fig. 30 Deconvolution of microarray data. (a) Heatmap of GSVA score. 

(b) Correlation between two GSVA scores. (c-e) the portion of samples (%) 

more than GSVA score more than zero. (c) Neural stem cell or radial glia 

marker-related GSVA score. (d) Mesenchymal score of Verhaak group. (e) 

Classical subtype GSVA score of Verhaak group.
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Fig. 31 Deconvoluted RNAseq data of CCLE and GBM TSs. 
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10. Transcriptomic change after TMZ  

In the previous sections, GBM TS13-64 was found as a GBM-

representing cell as a whole and not including other non-malignant cells 

(Fig. 25-27). I examined whether TMZ can change the cluster-wise gene 

expression pattern of GBM TS (13-64) and GSC11 (Fig. 32).  

I included a driver gene expression matched GSC11 as control. A 

difference of GSC11 and TS13-64 was TP53 mutation status (Table 18). 

Same amount of TMZ on the same number of cells showed an elevated 

stress-associated response with CDKN1A and downregulation of KIF20A 

gene expression (Fig. 32c).90  
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Fig. 32 TS13-64 and GSC11 are treated with TMZ. (a) Based on the driver-associated gene expressions, I selected 

two GBM TSs. (b) Two types of TSs were prepared for RNAseq. (c) Both cells showed elevated CDKN1A and 

downregulated KIF20A after TMZ treatment.  
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Table 18. GBM oncogene mutation profile 
Gene Transcripts GBM  

Tissue 13-64 TS1364-1 TS1364-2 TS1364-3 GSC11-1 GSC11-2 GSC11-3 

TP53 ENST00000269305 c.404G>C c.404G>C c.404G>C c.404G>C   c.436T>A 
TP53BP1 ENST00000263801 c.4569C>T c.4569C>T c.4569C>T c.4569C>T    

DPP6 ENST00000377770 c.945C>T c.945C>T c.945C>T c.945C>T    
 ENST00000377770 c.723A>G       

 ENST00000377770 c.1862_1863 
delAC       

 ENST00000377770 c.1865A>G       
 ENST00000377770 c.2215C>T       

CUL5 ENST00000393094 c.1580A>G       
TBK1 ENST00000331710 c.1322A>G       
CDK8 ENST00000381527 c.791A>G       
KDR ENST00000618562 c.588C>A       

EGFR ENST00000342916.7 c.1887delA       
 ENST00000275493 c.2549A>G       

AOC1 ENST00000416793.6 c.17G>A       
 ENST00000360937 c.1155A>T       

BCOR ENST00000441294.1 c.1447C>T       
 
The mutation profiles were calculated using the bulk RNAseq BAM files with Mutect2 algorithm. The list of GBM 

oncogene was derived from 3D hotspot database64. The table is displayed base on the high impact mutation profile of 

original IDH-wildtype GBM tumor of 13-64 patient91.    
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Gene level downregulation was found in the multiple driver-

associated genes and the DEGs from the scRNAseq of TS13-64 (Fig. 33). 

TS13-64 was not distinct from other GBM TSs in the base expression level 

(Fig. 33c). In addition to the downregulated genes (Fig. 33d), there were 

relatively stable genes (Fig. 33e) and upregulated genes such as IGFBP5 

(Fig. 33). In our study, TMZ treatment not definitely changed the level of 

NEAT1.  

Among the genes of Fig. 33b, NEAT1 was found to be associated 

with progression-free survival (PFS) in the GBM database (Fig. 33f).  
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Fig. 33 TMZ-related gene expression chagnes. (a) Reactome analysis of 

the commonly altered genes in the two GBM TSs: TS13-64 and GSC11. 

(b) The TMZ treated TS13-64 with the single cell derived DEGs and the 

known driver-associated genes. (c) Overall heatmap of the single cell 

derived DEGs and the known driver genes in the TS. (d) Examples of the 

downregulated genes by the TMZ. (e) Examples of the relatively stable 

genes by the TMZ. (f) Disease-free survival by the NEAT1 gene in the 

GBM.70 

 

 Even with the gene-level analysis (Fig. 33), question remained 

whether the three types of cellular states were changed for the cancer-

driver-genes were not coherently changed (Fig. 33b). As Fig. 34 shows the 

RNA velocity streams are flowing from cluster 0 to the end edge of cluster 

1. UMAP global structure shows cluster 2 is distinct from the cluster 0 and 

1 (Fig. 34).  
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Fig. 34 RNA Velocity analysis of TS13-64. The rotated umap coordinate 

with velocity streams (Related to Fig. 24).  

 
 

 As these three clusters are represented by the cluster-wise 

genesets (Table 14-16), I could calculate the relative GSVA score in the 

bulk RNAseq data of GBM TS 13-64 which are treated by drugs (Fig. 35). 

In comparison to the control, TMZ showed no definite change when 

analyzed by the gene sets of Verhaak 2015 (or Wang et al)76 and Allen 

institute 2018.3 
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Fig. 35 Deconvolution of GBM TS 13-64 and drug treatment.   

 

In comparison to the knowledge-based cancer-driver-genes (Fig. 
33), the GSVA-based scoring with the cellular cluster-wise analysis 

showed the TMZ treatment as an ineffective with the residual tumor 

signatures (2015 Wang et al, Classical subtype; 2018 Allen institute, 

Central tumor subtype; 2020 Oh et al, GPC1; 2020 Yoon et al, Cluster 

0).92,93 Oxphos-dual inhibition and SAHA completely downregulated the 

cluster 0 which expressed high level of proliferating cell markers or 

activated neural stem cell (HMGB2, TOP2A, or CENPF),89 and 

upregulated cluster 2 with relatively more mitochondrial genes (Table 13).
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IV. DISCUSSION  
 

A hypothesis, which began from a simple correlation between two 

genes-TERT and TP53, leads to validation of patient-derived cellular 

models (GBM TS) of Severance Hospital. Furthermore, subsequent 

analysis of bulk RNAseq and scRNAseq revealed the high number of GBM 

TSs keep the signature of neural stem cell (with high correlation with 

cluster 0 of TS13-64). 

New findings and subtle changes in the analysis protocol were 

derived from the scRNAseq of a representative case GBM TS13-64. 

Multiple cellular states (or clusters) exist within a cell group 13-64, and the 

information needs to be added as metadata to the cell group. Other groups 

also reported the existence of multiple cellular states, and such diversity 

may be a general phenomenon at least in GBM.6 

Application of scRNAseq cluster-derived genesets to the perturbed 

RNAseq dataset enabled cluster-wise analysis after the treatment. This 

retrograde application of new scRNAseq-based gene sets to bulk RNAseq 

will enable a new perspective on the previously neglected subtle changes 

in the cell viability (such as the effect of carbon monoxide).94 And 

potentially this technique may be evolved as a cell viability assay. The 

cluster-based GSVA analysis may help understand cellular state specific 

responses after drug treatment or other modifications. 

TP53 mutation is one of the most common alterations across tumor 

types,25 and is observed in the early stages of GBM, along with changes in 

related pathways.20,79,95 However, its correlation with GBM TS isolation 

rate was not reported yet.1,48,51,54,93,96,97 In this retrospective analysis, I 

found that TP53 mutants are associated with more GBM TSs from the 
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GBM tissues (Table 9). RNAseq data shows that TP53 mutants are 

overexpressing ECM-related genes with more mesenchymal subtypes (Fig. 
18).  

TERT is downregulated by wildtype TP53.43-45 Using IDH-WT 

GBM-derived TSs, I found a positive correlation between the levels of 

TERT and TP53 which may be related to the above phenomenon. 

Furthermore, GBM primary and recurrent tissues also displayed the 

correlation of two genes (Fig. 4).70,78, and other publicly available data 

suggest that TERT and TP53 are associated in other tumor types and normal 

brain tissue, such as lower grade glioma, head and neck cancer, and acute 

myeloid leukemia (Table 1-4).70 However, not all cancer types exhibit this 

correlation (for example, urothelial bladder carcinoma).70  

Throughout this dissertation, TERT-TP53 correlation was used to 

determine the identity of tissue or cells. Unlike the highly coexpressing 

TERT-TP53 in the GBM TSs, the cells of CCLE and Genentech do not 

express TERT and TP53 in correlation. This phenomenon does not 

depreciate or invalidate these cells as a wrong model. As the TP53-mutant 

cells are expressing a high level of ECM-related genes and fibroblasts are 

showing the correlation between TERT and TP53 (Table 3), the correlation 

signal in the GBM TSs may suggest the existence of the differentiated non-

stem cell related signal in the transcriptome.  

The culture of GBM sphere cell (GSC or TS) became a well-

established laboratory technique76,98,99 For example, GSC11 was 

established from the fresh surgically operated GBM tissue, and are used 

for drug screening or transcriptome analysis.56,100,101 These spheroid 

cultures of tumor cells, however, was not a single homogeneous group of 

cells (Fig. 24).49,52,102 The cancer cells were expressing genes in different 
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clusters as if there are cellular states in the TS and the GBM tissue .103 A 

practical implication for pathologic field may be on the identification of 

tumor stem cells in the tissue samples that are not expressing proper 

amount of common GBM marker genes (Fig. 26-27). 

   These scRNAseq-based findings and development of retrograde 

assay of applying the single-cell-cluster gene sets to the bulk RNAseq may 

be an alternative tool for the data mining. However, this analytic technique 

also requires relatively diverse set of samples and empirical selection of 

case numbers to make the result more robust. 

  

V. CONCLUSION 
 

The transcriptome analysis of GBM TS revealed the cells are 

reflecting the GBM tissues with multiple signatures, gene expression, and 

mutation profiles. I tried to validate the GBM TSs as the initial examination 

showed difference in the metabolic signatures and gene expressions, such 

as IDH1 or PTPRZ1. The transcriptomic pattern showed the effect of the 

culture medium condition. scRNAseq revealed multiple cellular states are 

coexisting in the same cellular batch and single-cell based deconvolution 

technique revealed such a heterogeneity under the label of a cell line or a 

GBM TS. This cellular state-based deconvolution technique may enable 

and facilitate the drug discovery by visualizing the cellular state-wise 

responses. 
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ABSTRACT (IN KOREAN) 
 
교모세포종 유래 종양구에서 암유발유전자 발현의 전사체적 

특성과 세포 상태별 변화 

 
윤선진 

 
연세대학교 일반대학원 의과학과 

(지도교수 박상욱) 

 

 
서론: 전사체 분석은 의학적 샘플의 전체적인 모습을 동시에 

분석하게 하는 방법론이다. 이 방법론은 단백질을 코딩하는 

유전자와 비암호화 유전자까지 분석을 할 수 있게 발달하였다. 

최근에는 단일세포 수준의 분석이 가능하여 기존에는 하나의 

세포로 여겨졌던 세포명 내에서 다양한 세포의 상태가 나타나는 

것이 연구되고 있다. 이러한 다중 세포상태는 기존 

세포실험에서 항암약물 등의 효과를 세포생존도 등을 통해 

해석하는 방식에 영향을 끼치게 된다. 특히 약물을 세포에 

처리할 때, 약한 세포등은 단일세포전사체 분석 과정에서 

제외될 가능성이 있으며, 약물에 의해 죽은 세포는 
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단일세포전사체 라이브러리 준비과정에서 미세유체 채널을 

막히게 하여 분석에 어려움을 줄 수 있다. 그렇기에 암세포에서 

약물 반응을 다중세포상태를 고려하여 보는 방법은 중요하다. 

본 연구에서는 생물정보학 기법을 재구성하여 다중세포상태를 

고려하여 세포상태 변화를 계산할 수 있는 방법을 개발하였고 

이를 뇌암에 적용하였다. 특히 뇌에 가장 흔하게 발생하는 

교모세포종 (GBM)를 연구하려고 한다. 특히 교모세포종 세포는 

다양한 연구기관에서 만든 세포가 있는데, 기존 연구에 의하면 

세포배양 방법에 따라 세포가 달라 질 수 있다고 알려져 있다. 

특히 뇌암세포는 뇌혈관장벽에 의해 혈액에서 분리되어 있다고 

알려져 있는데, 기존 암세포배양 방법들은 소태아혈청을 

중요하게 사용한다. 특히 제넨텍이나 브로드 연구소의 세포들도 

소태아혈청을 이용하여 배양한 세포의 전사체데이터를 공개하고 

있는데, 배양법은 뇌종양세포가 기존 미세환경의 특성을 

벗어나게 하고, 줄기세포 능력을 잃고 분화된 세포로 변화하게 

한다고 하여 세포 배양에 대한 상호간의 연계성을 명확히 알지 

못한다. 본 연구는 세브란스병원에서 확립한 교모세포종 종양구 

세포 (TS)에 대해서 전사체적 비교 연구를 하여, 다른 기관에서 
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만든 뇌종양세포와 다른점이 있는지 확인하고, 본 기관에서 

확립한 세포를 검증한다. 또한 앞서 개발한 다중세포상태에서의 

세포의 변화를 보는 역필터링 방법을 통해서 교모세포종 

종양구가 각종 변화물질에 의해 변화하는 양상을 

다중세포상태를 고려하여 볼 수 있는지 연구한다. 

재료 및 방법: 텔로머라아제 역전사효소 촉진유전자 상의 변이 

(TERT)와 종양단백질 P53 (TP53) 변이는 교모세포종의 암발생에 

매우 중요한 초기 유전자로 연구되고 있다. 또한 이 두 

유전자는 암세포에서 고발현이 나타나서 교모세포종의 마커로 

활용될 수 있다. 이 두 유전자의 공발현은 TCGA, GTEx, 

브로드연구소의 CCLE, 제넨텍의 암세포 데이터베이스 그리고 

세브란스병원 GBM 조직 및 조직기원 종양구 (특히 

아이소시트르산 탈수소효소 정상형 GBM)의 데이터베이스를 

비교 분석하였다. 세브란스병원 GBM TS는 CCLE의 종양세포가 

함께 같은 데이터전처리를 거쳐서 분석이 되었다. 이 두가지 

세포 그룹의 차이가 있는 것에 의문을 갖고, GBM TS 를 

검증하였다. 발현 유전자 기준으로 하나의 교모세포종 종양구를 
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선택하여 단일세포전사체 분석과 유전자 복제수 변이 분석 등을 

진행하였다.  

결과: TCGA 와 GTEx 데이터를 통해서 GBM 을 포함한 종양 

조직과 일반 정상조직에서 TERT 와 TP53 의 공발현의 양의 

상관관계를 확인할 수 있었다. 세브란스 원발 GBM 조직과 

GBM TS 에서도 TERT 와 TP53 의 통계적으로 유의미한 양의 

상관관계를 확인할 수 있었다. 그러나 CCLE 와 제넨텍의 

중추신경계종양세포등을 포함한 대부분의 세포에서 이러한 두 

유전자의 상관관계가 확인되지 않았다. 세브란스 GBM TS 는 

CCLE 의 중추신경계종양세포들과의 비교를 통해 대사적으로 

다르며 유전자 별 비교를 통해 볼 때에도 차이가 있음을 확인할 

수 있었다. 이러한 차이에 착안하여, GBM TS 를 종양 조직과의 

비교를 통해 검증작업을 진행하였다. GBM TS 에서는 조직에서 

나타나는 유전자의 발현패턴이 나타나고 있었으며, 해당 

유전자는 다음과 같다 (MGMT, IDH1, EGFR, PTEN 

그리고 PTPRZ1). GBM 조직과 TS 의 각각 정확히 일치하는 샘플 

간의 비교를 통해서도 다양한 유전자의 발현패턴을 확인하였다. 

또한 유전자 변이의 경우 특히 TP53 유전자의 변이 패턴이 
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조직과 GBM TS에서 상당부분 일치하는 것을 확인할 수 있었다. 

여러 GBM TS 중에서 EGFR, TP53, MKI67 그리고 PTPRZ1 를 

고발현하는 하나의 샘플을 확인하여 단일세포전사체분석을 

진행하였다. 크게 3 가지의 세포 상태가 확인되었고, 첫째 상태 

또는 클러스터는 신경줄기세포의 유전자발현특징, 두번째 

클러스터는 VIM 과 GAPDH 의 고발현 확인, 세번째 

클러스터에서는 TERT 와 TP53 의 고발현이 확인되었다. 이 

세가지 클러스터에 종양외의 다른 세포는 존재하지 않는 것이 

유전자 발현 및 염색체 7 번의 획득과 염색체 10 번의 결실을 

통해서 확인할 수 있었다.   

결론: GBM TS 는 GBM 조직의 전사체적 특성을 따른다. GBM 

TS 의 원발조직과의 비교로 GBM TS 는 원발조직의 특성을 

반영하는 것을 유전자 발현 및 변이 패턴을 통해 알 수 있었다. 

단일세포 전사체 분석에서 거의 동일한 유전체의 복제수 

변이양상에도 서로 다른 유전자 발현패턴이 나타남을 확인할 수 

있었다. 단일세포 유전자세트를 이용하여 세포상태별 

약물반응을 볼 수 있다. 
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