
   

 

 

 

 

 

Single Cell and Bulk RNA-seq Analysis on the Dynamic of Glioma Cells 

 

 

 

by Sitong Chen 

 

 

 

B.S. in Bioengineering, Jun 2018, Shanxi Normal University 

 

 

A Thesis submitted to 

 

 

 

The Faculty of 

The Columbian College of Arts and Sciences 

of The George Washington University 

in partial fulfillment of the requirements 

for the degree of Master of Science 

 

 

 

August 31, 2020 

 

 

 

Thesis directed by 

 

Wei Li  

Assistant Professor in Precision Medicine and Pediatrics  

 

 

 

 

 



    ii 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

© Copyright 2020 by Sitong Chen 

All rights reserved 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



    iii 

Acknowledgments 

 

 

 I would like to say thank you to my advisor, Dr. Wei Li. Thank you for your two 

years of mentorship. I also want to say thank you to my thesis reader Dr. Anelia Horvath 

and all the professors in the Bioinformatics and Molecular Medicine program at The 

George Washington University. They provided amazing research and education 

opportunities for me. Thank you to my mother and grandfather for their support. I cannot 

imagine how difficult my life would be without my lovely boyfriend Nick, you help me 

with life, science and english.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



    iv 

Abstract 

 

 

Single Cell and Bulk RNA-seq Analysis on the Dynamic of Glioma Cells 

 

 Glioma is a type of refractory cancer. The incomplete knowledge of different 

states of glioma and the lack of biomarkers and drugs limit the treatment options of 

glioma. To identify potential clinically relevant biomarkers I analyzed bulk RNA-seq 

data collected from the mice with glioblastoma (GBM) and single cell RNA-seq data 

collected from mice with GBM cells 35 days prior. I identified the genetic connection 

between different states of gliomas, as well as gene-set markers and gliomagenesis-

related genes using bulk and single-cell RNA sequencing (RNA-seq) datasets. I 

confirmed the stemness signature genes that appear in different states of gliomas. I also 

performed lineage tracing analysis and identified mutations that are specific in 

populations of glioma cells. Differential expression analysis confirmed the Nf1 as one 

important tumor suppressor gene, and Vim as a differentially expressed gene when tumor 

cells migrate from SVZ (Subventricular zone) to GBM. In this study, I found multiple 

regulatory genes (Nf1, Vim, etc) and significant pathway for gliomas.  
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Introduction 

 

Glioma is a common type of brain tumor, deriving from the glial cells of the 

central nervous system (Mamelak & Jacoby, 2007; Ohgaki & Kleihues, 2005 ;McNeill, 

2016; Ostrom et al., 2017). According to the classification from the World Health 

Organization (WHO), there are 4 subgroups of glioma : astrocytomas, 

oligodendrogliomas, ependymomas and oligo-astrocytomas (mixed gliomas) (Komori, 

2017). In glioma, Cancer stem cells (CSC) support tumorigenesis and therapeutic 

resistance (Ayob & Ramasamy, 2018).  CSC are generally considered the origin of 

cancer cells including glioma cells. CSC has characteristics similar to adult stem cells, 

such as the ability to self-renew, proliferation, and migration (Aponte & Caicedo, 2017). 

One type of glial cell in tumors, primitive Oligodendrocyte progenitor cells (Pri-OPC), 

have higher signature scores of stem cells and are enriched in the stem cell related 

pathways (Weng et al., 2019). Therefore, Pri-OPC-like cells are considered to be the 

origin of glioma tumorigenesis.   

Glioblastoma (GBM) is one of the most common, aggressive, and malignant high-

grade astrocytomas,  (Komori, 2017; Vaitkiene et al., 2019). GBM is classified into four 

subgroups: Proneural, Neural, Classical, and Mesenchymal (Verhaak et al., 2010). There 

are no efficient ways to diagnose and treat patients who have GBM. Even when patients 

undergo surgery to remove tumors, they have low survival rates, around 15-16 months 

(Bi & Beroukhim, 2014). GBM are difficult to treat because (1) growth is aggressive,  (2) 

change their tumor microenvironment (TME)(Quail & Joyce, 2017; Dewitt, Mock, & 
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Louis, 2017)  and (3) have high incidence of  drug resistance (Lathia, Mack, Mulkearns-

Hubert, Valentim, & Rich, 2015) 

A potential source of tumorigenesis for GBM are neural stem cells (NSCs) from 

the Subventricular Zone (SVZ) (Altmann, Keller, & Schmidt, 2019). The neuroprogenitor 

cells in the SVZ are considered to be one of the sources of brain tumors or early stage 

tumors due to their stem cell-like pluripotency and self-renewal characteristics 

(Quiñones-Hinojosa & Chaichana, 2007). In a paper by (Piccirillo et al., 2015), they 

revealed that the SVZ is the site of GBM tumorigenesis in 50% of the patients, whereas 

in the rest of patients the SVZ represented an infiltrated region. Neurogenesis is most 

active during embryonic development and is responsible for generating all the various 

types of neurons of the organism (Kandel, 2006). In two regions of the brain, the dentate 

gyrus of the hippocampus and subventricular zone (SVZ) of the lateral ventricles, 

neurogenesis continues into adulthood (Lim & Alvarez-Buylla, 2016).  

  Glioma is often refractory, leading to poor prognoses. There is little known about 

causal factors of gliomagenesis. This is important because target genes are required for 

generation of clinical treatments. In order to find potential biomarkers and drug targets, 

my research focused on single-cell and bulk RNA sequencing of different glioma samples 

to reveal the genetic connection between different states. I obtained the single-cell RNA-

seq data from the NCBI GEO website (GSM3517453). Single-cell RNA seq was 

performed on tumors from mice that were injected with GBM cells 35 days prior (dpi35).  

Lineage tracing and Seurat visualization and clustering was performed. The analysis 

identified mutant positions and defined multiple clusters based on marker genes.  
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Bulk RNA-seq was performed by the Dr. Zhu Lab on tumor and SVZ samples 

from GBM injected and control mice.  Salmon, DESeq2, g:Profiler, Genes Set 

Enrichment Analysis (GSEA) and enrichment map data visualization were performed on 

bulk RNA seq data. Results revealed marker genes for different glioma states and showed 

connections between different gene sets.  
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Results 

  Identify Potential Glioma-relevant Cluster and SNPs 

 To identify the potential glioma-specific target genes, glioma data was 

downloaded from NCBI (accession number is GSM3517453). To validate my methods, I 

reproduced the results from the published paper, where they showed that glioma has 

stemness characteristics (Weng et al., 2019). I chose multiple stem cell markers, such as 

Ccnd2, Sox2, Sox11, and Tcf4, to do the UMAP visualization (Figure 1,2, see the “Single 

Cell Cluster and Visualization” section in methods). These stem cell markers are 

expressed in Pri-OPC-like and cycling Pri-OPC-like cells. In agreement with Weng et al. 

2019, my analysis of Pri-OPC-like cells showed that they have a stemness signature, 

which suggested that my methods and data are reliable. UMAP visualization of dpi35 

glioma cells contained Pri-OPC like markers (Pdgfra, Olig1, and Olig2) suggesting that 

they are Pri-OPC like cells (Figure 3). A heatmap was generated using R to identify the 

markers within each cluster (Figure 4). In the Pri-OPC-like cluster, the cells had both cell 

cycle-related genes (Ube2c, Hmgb2) and Pri-OPC markers (Olig1). In the Pri-OPC like 

subcluster, cell-stress and hypoxic signatures were found, which are common features of 

tumor cell. 

To investigate the genetic connection between different cells, lineage tracing 

analysis was performed (Figure 5; see the “Single Cell Lineage Tracing” section in 

methods). 100 positions as the column name were chosen, which has the highest mutant 

frequency. For example, Chr15: 81932750 and Chr6:66875691 appeared mutant in all 

cells, meaning that these positions are germline mutations. I focused on the 

chr1:55335713, chr5:79638247, and chr5:79638284, because these mutant positions were 
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present in most of Pri-OPC-like and cycling Pri-OPC-like cells. The positions were 

assessed through the UCSC website (https://genome.ucsc.edu) to identify the 

corresponding genes. It was identified that position chr1:55335713 has 4 related gene 

sequences, Boll-202, Rab11b-202, Boll-201 and Boll-204. Boll genes are related with the 

development of various cancers (Smolle & Pichler, 2019; Kang et al., 2015). This 

suggests that a SNP within a Boll gene at this position may be a potential glioma 

biomarker. Combined with the heatmap and lineage tracing result, I created a figure to 

show the connection (Figure 6). This figure showed the result is consistent with UMAP 

and lineage tracing.   

 

Reveal genetic connection between different glioma states  

To discover genetic connections between the different states of glioma, bulk 

RNA-seq data from a glioma model was analyzed. Mice were injected with GBM cells or 

vehicle. GBM and SVZ (eSVZ, early stage tumor) from GBM injected mouse, as well as 

SVZ (cSVZ) samples from vehicle injected control mice were collected and processed for 

Bulk RNA-seq (Table 1). DESeq2 was applied to do differential gene expression 

analysis. To confirm the data is valid, sample distance (use hierarchical clustering to 

create the heatmap and show the similarities and dissimilarities between samples) and 

Principle Component Analysis (PCA) were performed (figure 7,8, see the “Bulk RNA-

Seq Quantification and Differential Expression” section in methods). In the sample 

distance analysis, 3 distinct clusters were identified: eSVZ, GBM, and cSVZ, with clear 

boundaries between the groups. A similar result was found in the PCA in that each 

condition showed distinct components. Because both the sample distance and the PCA 
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analysis showed that each group is molecularly distinct, the RNA-seq data was deemed 

reliable for further analysis.  

To identify potential differential gene expression between groups, gene counts by 

group were plotted using DESeq2 (Figure 9). We identified that the gene Nf1 had a 

significantly lower gene count (~100 fold) in the eSVZ and GBM samples when 

compared to cSVZ. This indicated that Nf1 might act as a tumor suppressor gene.  Nf1 

encodes neurofibromin;  neurofibromin suppress GTPase activity of Ras that stimulates 

cell growth and division (Trovó-Marqui & Tajara, 2006). Being that there was a loss of 

Nf1 expression in the eSVZ and GBM groups, it is possible that this gene may be 

responsible for tumor growth.  

 To reveal the gene expression differences between eSVZ and cSVZ groups, 20 

genes that were most differentially expressed (and reached statistical significance) were 

chosen to create a heatmap (figure 10). The heatmap showed the differential gene 

expression levels between samples and groups. Genes that had lower expression in eSVZ, 

included Ckb, Scd2, and Fabp7. The Ckb gene codes for Creatine kinase B-type. Creatine 

kinase participates metabolic processes involving glycolysis in non-muscle cells but 

cancer cells preferred aerobic glycolysis (Mello et al., 2015).  In eSVZ groups, the cells 

suppress the expression of Ckb, so the cells inhibit the via oxidative phosphorylation and 

promote aerobic glycolysis, it generates more energy to help cell division. Scd2 gene 

coded Acyl-CoA desaturase 2. When Scd2 gene is silenced, it affect the AKT pathway 

(L. Li et al., 2013).  This pathway regulates the proliferation and survival of tumor cells. 

The Scd2 gene may affect the proliferation and survive of eSVZ cells. Fabp7 gene codes 

brain Fatty acid-binding protein that is necessary to establish the radial glial fiber 
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system.(Murphy, Owada, Kitanaka, Kondo, & Glatz, 2005) The radial glial cells are 

important part of cSVZ, which means the Fabp7 was a signature of cSVZ. These genes 

can potentially serve as biomarkers and drug targets. 

 To compare the gene expression relationship between eSVZ and GBM groups, a 

heatmap was generated comparing multiple markers. We chose multiple markers related 

to cell growth (eg., Pdgfrb and Egfr), glioma (eg., Ihd1 and Idh2), neural stem cells (eg., 

Vim, Nes,Sox1, and Sox2), and the markers that were identified in our single cell 

analysis (eg., Ptprz1, Olig1, Fabp7S, and Cspg5) (figure 11). The Vim and Gap43 genes 

had higher expression levels in the GBM group. Vim gene codes the Vimentin protein, 

which is necessary for adenocarcinoma metastasis (Richardson et al., 2018). Taken 

together, this suggests that the Vim gene may be affecting the cancer metastasis in GBM. 

Gap43 encodes the growth associated protein 43, which is associated with nerve growth. 

It was implied that the Gap43 gene expression affects tumor growth (Gaudet et al., 2011). 

Experimentally reduced Gap43 gene expression led to growth inhibition of glioma cells 

(Gutmann et al., 2002). Our result suggests that Gap43 expression is being regulated in 

GBM tissue leading to cell growth. The Vim and Gap43 genes may be potential drug 

targets for GBM. 

 

Cell Marker Discovery and Visualization  

 Based on the output of DESeq2, 100 most significant genes in cSVZ verse eSVZ 

were selected as input genes to the g:Profiler and the most significant pathways were 

highlighted (figure 12 see the “Bulk RNA-seq Pathway Enrichment and Visualization ” 

section in methods). One pathway identified was the glutamate receptor signaling 
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pathway. It has been shown that glioma is strongly connected to glutamate signaling 

regulation. The glioma cells produce the AMPA glutamate receptor (Iwamoto et al., 

2010). The glioma interaction relies on the synapse electrochemical communication 

(Venkatesh et al., 2019). Protein binding was another pathway identified by g:Profiler. 

RNA-binding protein PCPB2 regulates FHL3 and promotes glioma growth (Han et al., 

2013). This suggests that these pathways have strong connection with the GBM.  

 To reveal the pathways enriched in early stage tumor tissue, gene set enrichment 

analysis (GSEA) was performed on the DESeq2 output of cSVZ versus eSVZ. GSEA 

result was input to enrichment map software for visualization (figure 13). I focused on 

the gene sets enriched in the tumor SVZ groups (figure 14). The top gene sets were 

related to GBM and neuronal system development, like 

VERHAAK_GLIOBLASTOMA_PRONEURAL and 

TCGA_GLIOBLASTOMA_COPY_NUMBER_DN. Here, I chose the gene set that had 

the highest enrichment score (ES) for further analysis (figure 15,16). 

VERHAAK_GLIOBLASTOMA_PRONEURAL, this gene set is one type of GBM 

subgroup, Proneural. This suggests that the eSVZ has Proneural features. NOL4 that had 

the lowest ES, therefore, was the most enriched gene in this gene set. NOL4 encodes the 

nucleolar protein 4 which is connected with RNA binding and is associated with 

methylation in cervical cancer (Wang et al., 2008). It might have a similar connection 

with GBM tumorigenesis, and therefore may be an early biomarker.  

 

 

 

 

 

http://www.gsea-msigdb.org/gsea/msigdb/cards/VERHAAK_GLIOBLASTOMA_PRONEURAL
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Discussion 

 

 Glioma was the majority brain tumor, which occupied 80% of malignant brain 

tumors (Goodenberger & Jenkins, 2012). The current treatment for glioma included 

surgery, radiation and chemotherapy, but the treatment didn't work well as people expect 

and poor prognosis were still a huge problem (Ma et al., 2015). It might be because the 

gliomas develop the drug resistant mechanisms. 

 This study provides the multiple possible aspects to solve the problem. It brings a 

few tumor suppressor genes for different state glioma, like Nf1 and.  Nf1 not only act as 

the tumor suppressor gene to regulate the skin wound repair, but also Nf1 is a significant 

regulator for fibroblast response (Atit, Crowe, Greenhalgh, Wenstrup, & Ratner, 1999). 

The Vim gene has higher gene expression in colon cancer, gastric cancer and esophageal 

adenocarcinoma, especially in the colon cancer, it can be a biomarker for colon cancer 

testing (Moinova et al., 2012). For glioma, Vim has higher gene expression level in GBM 

than other glioma states, and therefore can serve as a marker for distinguishing GBM and 

low-grade glioma (Jovčevska et al., 2017). Based on the result and published paper,  

these genes may act similar role in GBM. 

 The GBM subgroup, Proneural  gene set called 

VERHAAK_GLIOBLASTOMA_PRONEURAL, this gene set has the highest ES in SVZ 

phenotype, which showed the strong connection between GBM and SVZ. The Nol4 gene 

is associated with methylation, which has been suggested to be a marker for cervical 

cancer (Wang et al., 2008). In regards to glioma, the Nol4 is only expressed in glioma 

stem cell, and not in NSC (Stangeland et al., 2015). 

http://www.gsea-msigdb.org/gsea/msigdb/cards/VERHAAK_GLIOBLASTOMA_PRONEURAL
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 However, for some genes, like Nf1 and Nol4, no direct connection with glioma or 

GBM has been reported yet. Most of analyses at the bioinformatics lack experiment 

support. In the future, I am planning to validate these results, using technologies such as 

CRISPR (clustered regularly interspaced short palindromic repeats). 
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Methods 

 

Mouse Glioma and Control Single Cell RNA-seq dataset 

Previously published single cell RNA-seq expression data of Mouse gliomas and 

regular brain cells were obtained from “Single-Cell Transcriptomics Uncovers Glial 

Progenitor Diversity and Cell Fate Determinants during Development and 

Gliomagenesis” (Weng et al., 2019) in the EBI public resource 

(https://www.ebi.ac.uk/ena/data/view/SRR8239844), with the accession number 

GSM3517453 (gliomas). For gliomas cells, an animal model of dnp53-pdgfb retrovirus 

expressing dominant negative p53 (dn-p53) and PDGFB-induced malignant glioma was 

established and injected the tumor cells to mouse brain. After 35 days post-injection, the 

tumor tissues were obtained and separated to single cells for further analysis.  

 

Mouse GBM Bulk RNA-seq data  

The bulk RNA-seq data are from a collaboration with Dr. Yuan Zhu lab at 

Children’s National Medical Center (unpublished data). The genetically engineered 

mouse model of glioblastoma and control mice were used for this experiment. They 

carefully dissected tumor and SVZ cells from mouse brain and dissociated.  Sanger 

sequencing was performed to obtain the raw sequencing files.  

 

Separating the raw sequencing data 

scSplitter(https://github.com/zzhu33/scSplitter) is a python package which is 

designed for the output of 10x Genomics single-cell sequencing platform. This package 
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splits cells by their barcode sequence. It uses the STAR (Dobin et al., 2013) to align all 

read sequences with the reference genome and drops the reads which fail to align. It 

generates high-quality input for further analysis.  

Because the published data had over 10,000 cells in one fastq file, the pre-

requirement of lineage tracing is one cell & one file, then scSplitter was performed. The 

first step was index generation. the mouse reference genome mm10 was downloaded 

from USCS (https://hgdownload.soe.ucsc.edu/goldenPath/mm10/bigZips/) to generate the 

STAR index file. Then ran scSplitter, it generated more than 10,000 fastq files. The low-

quality fastq (>10% N base) files was removed and kept 6,000 fastq files. 

 

Variant Calling  

BWA is a software package that maps low-bifurcated sequences to a large 

reference genome. BWA has three algorithms: BWA-MEM, BWA-backtrack, and BWA-

SW. Compared with other algorithms, BWA-MEM is the latest one, and is considered to 

be the most efficient and accurate. (H. Li & Durbin, 2009) 

Genome Analysis Toolkit (GATK) is a set of software tools for processing of 

high-throughput sequencing data. In the beginning, GATK was designed to analyze the 

human genome and exons, mainly to search for SNPs and GATK has accumulated 

additional functions, including short variant calling, calculation copy number (CNV) and 

structure variation (SV). Meanwhile, GATK is widely used in data analysis of other 

species. (Poplin et al., 2017) 

BWA (version 0.7.17, https://github.com/lh3/bwa) was used to map all the 

scRNA-seq reads to the mouse reference genome (GRCm38_68.fa, ftp://ftp-
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mouse.sanger.ac.uk/REL-1303-SNPs_Indels-GRCm38/).  GATK (version 4.1.4.1, 

https://gatk.broadinstitute.org/hc/en-us/articles/360035894731-Somatic-short-variant-

discovery-SNVs-Indels-) was used to find all possible SNP and indel position in each 

cell. And then indel positions and rare SNP positions were removed. (found in less than 

20% cell).  

 

Single Cell Lineage Tracing 

Multiple Python packages were performed to do lineage tracing, included scipy, 

panda, and Matplotlib (Virtanen et al., 2020; McKinney, W., & others. 2010; Hunter, 

2007). All of the VCF files based on the position were merged, low-quality positions 

were filtered (DP <50) and kept 100 positions, which had the highest mutant frequency. 

The column names were position and row names were cell name. Files were input into 

python, the scipy.cluster.hierarchy package extracted lineage information and used  

seaborn to create a lineage tracing heatmap.  

 

Single Cell Clustering and Visualization  

Seurat(https://satijalab.org/seurat/) is an R package, which was designed for 

single-cell RNA-seq analysis (Butler, Hoffman, Smibert, Papalexi, & Satija, 2018). 

Seurat focused on identification and explanation of the heterogeneous sources from 

single cell RNA-seq data and clustering the types of single cells. Seurat has some basic 

parts, like quality control and pre-processing, dimension reduction and clustering.  In 

dimensional reduction, it have two main functions, Uniform Manifold Approximation 

and Projection (UMAP) and t-distributed stochastic neighbor embedding (t-SNE).  
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Seurat (default settings) was performed to analyze the single cell data (Macosko 

et al., 2015). The input file was from GEO website (GSE122871_barcodes.tsv.gz, 

GSE122871_matrix.mtx.gz, GSE122871_genes.tsv. 

https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE122871). Seurat was used to 

do multiple analyses, such as identification of highly variable genes, PCA, and t-SNE. 

 

Bulk RNA-Seq Quantification and differential expression  

Salmon (https://combine-lab.github.io/salmon) is a quantification tool for 

expression of transcripts using RNA-Seq data(Patro, Duggal, Love, Irizarry, & 

Kingsford, 2017). Salmon uses some new algorithms; it provides a fast and accurate way 

to quantify data and it just using a little memory. When researchers use Salmon to 

quantify data, they just need to input the raw data, like FASTA/FASTQ, which means the 

researchers don’t need to use multiple software to analyze raw data, it is more 

convenient. On the other hand, the researchers can use pre-computed alignments to 

quantify data. It has two phases in mapping-based mode of Salmon: indexing and 

quantification. In indexing step, researcher need use a reference transcriptome to create 

an index. In quantification phase, it will set of RNA-Seq read and run program. In this 

step, they can use validation mapping, which is a significant feature in the new version of 

Salmon.  

DESeq2   

(http://bioconductor.org/packages/devel/bioc/vignettes/DESeq2/inst/doc/DESeq2.html#m

a- plot) is a popular choice for analysis of differential expression from high-throughput 

sequencing data (Love, Huber, & Anders, 2014). DESeq2 is a method based on Negative 
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Binomial Generalize Linear Mode for different analyses of count data. The DESeq2 

package uses shrinkage estimation for dispersions and fold changes and provides various 

ways for differential expression analysis, data quality assessment by sample clustering 

and visualization (heatmap), PCA and count outliers.  

Salmon was performed to quantify the Bulk RNA-seq data. Mouse reference 

transcriptome was installed from ensembl(ftp://ftp.ensembl.org/pub/release-

99/fasta/mus_musculus/cdna/) and ran the index command to obtain the salmon index. 

Moreover, salmon was performed to quantify the bulk RNA-seq data. Next, DESeq2 was 

performed for differential expression analysis. More details are shown in salmon 

(https://combine-lab.github.io/salmon/getting_started/) and DESeq2 

(https://bioconductor.org/packages/release/bioc/vignettes/DESeq2/inst/doc/DESeq2.html

#quick-start) tutorials. 

 

Bulk RNA-seq Pathway Enrichment and Visualization  

g:Profiler (https://biit.cs.ut.ee/gprofiler/gost)is a web server, which can use high-

throughput genomic data to the characterize the outcomes and manipulate gene lists 

(Reimand, Kull, Peterson, Hansen, & Vilo, 2007). g:Profiler is a powerful website, 

people can use this website to visualize the over 400 species data, like human, mice, 

Arabidopsis, and Escherichia coli. In this website, it has 4 different tools, g:Convert, 

g:Orth, g:SNPense, g:GOSt. g:GOSt is the core tool in g:Profiler. In g:GOSt, people can 

input various identifier types, like gene ID, gene ensemble ID, and chromosomal region. 

The outputs of g:GOSt are a txt file and interactive Manhattan plot. The txt file includes 

the GO ID, description of pathway, p-value, false discovery rate (FDR) and phenotype. In 
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the interactive Manhattan plot, the enrichment analysis result is clearly represented. The 

dark nodes represent the significant pathway, the light nodes represent the unimportant 

pathway. In this section, it shows the term name, term id, adjusted p- value, adjusted p-

value of pathway in negative log10 condition and heatmap.  

Gene set enrichment analysis (GSEA) 

(http://software.broadinstitute.org/gsea/index.jsp) is a software or R package to identify 

the classes of genes or proteins which are overexpressed in a plentiful number of genes 

and it may have connection with disease phenotypes (Subramanian et al., 2005). This 

software uses the statistic way to identify the gene group, which is obviously enriched or 

depleted. In GSEA, it has three key elements. The first one is to calculate the enrichment 

score, which reflects the extent to which a set is over-represented on top or bottom of the 

entire ranking list. The second one is Estimation of enrichment score significance level. 

Through the empirical phenotype-based permutation test procedure, people estimate the 

significant level of enrichment score. The last one that the approach adjusts the estimated 

significance level to explain multiple hypothesis tests. GSEA has two different models 

for analysis, gene set enrichment analysis standard and prerank, it has different 

requirements about the input file.  

Enrichment map(https://cytoscape.org/download.html) is a plug-in in Cytoscape, 

which can visualize the functional enrichment.(Merico, Isserlin, Stueker, Emili, & Bader, 

2010) The result of enrichment map is a network. The network includes multiple nodes 

and edges. The nodes represent the pathway, the size of node represents how many genes 

are contained in this pathway, and the color of node indicates the enrichment score. The 

edge represents that two pathways have overlapping genes, and size of edge indicates 
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how many genes overlap in the two pathways. People can change the Q-value and obtain 

the figure you want.  

100 genes that have the lowest p-value were selected as the input file for 

g:Profiler. GSEA pre-rank were performed to do the pathway enrichment. The Cytoscape 

and loaded the enrichment map application.  Enrichment map was ran in default. The 

enrichment map showed the visualization of pathway or gene set. More details showed in 

the published paper Pathway enrichment analysis and visualization of omics data using 

g:Profiler, GSEA, Cytoscape and EnrichmentMap (Reimand et al., 2019)   

 

Supplement figure 1. Workflow of bulk RNA-seq 
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Figures and Table 

 

Figure 1. UMAP analysis of dpi35 cells.  
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Figure 2. UMAP analysis of stem cell biomarkers.  
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Figure 3. UMAP analysis of Pri-OPC marker genes.  
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Figure 4. Heatmap of dpi35 cells, the marker genes showed on the left.  

 

 



 29 

Figure 5. Heatmap of lineage tracing SNP for 6054 dpi35 cells. Cluster analysis result showed in 

the left side. The black mean it did not have mutation in this position.  
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Figure 6. Figure of combination of lineage tracing and UMAP. 
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Figure 7. PCA analysis of GBM, SVZ and control groups.  
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Figure 8. Sample distance analysis of GBM, SVZ and control groups.  
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Figure 9. Count figure of SVZ, GBM and control groups. 
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Figure 10. Heatmap of SVZ and control groups.  
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Figure 11. Heatmap of SVZ and GBM group, the marker genes are on the right.  
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Figure 12. g:Profiler visualization result. the different color means different database, the y axis 

means negative log 10 adjust p value, the bigger y is, the more important this path is. 
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Figure 13. Enrichment map. the size of node represents the number of genes in this node, node’s 

color represents the upregulate (red) and downregulate (blue).  
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Figure 14. The top 12 gene sets in SVZ phenotype.  
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Figure 15. The enrichment plot of VERHAAK_GLIOBLASTOMA_PRONEURAL gene set, the 

gene in lowest point has the lowest ES, which mean the most enrich gene in the 

VERHAAK_GLIOBLASTOMA_PRONEURAL gene set.  
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Figure 16. The gene list of lowest ES in VERHAAK_GLIOBLASTOMA_PRONEURAL gene 

set.  
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Sequencing_ID Sample_ID Mouse_ID Region 

Mouse2_1 Mouse 2-SVZL-P3 Mouse2 SVZ 

Mouse2_2 Mouse 2-SVZR-P2 Mouse2 SVZ 

Mouse2_3 Mouse 2-T1-P1 Mouse2 T 

Mouse2_4 Mouse 2-T2-P1 Mouse2 T 

S13 R172H SVZ L4P2 R172H SVZ 

S14 R172H SVZ L5P2 R172H SVZ 

S15 R172H SVZ L6P2 R172H SVZ 

S16 181004#1 SVZ P2 181004 SVZ 

S17 181004#2 SVZ P2 181004 SVZ 

S18 181004#3 SVZ P2 181004 SVZ 

S19 181004#4 SVZ P2 181004 SVZ 

S20 181004#5 SVZ P2 181004 SVZ 

 

Table 1. Bulk RNA-seq data information. It has 2 SVZ groups, 2 GBM groups and 8 control 

groups. 

 


