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HESAPLAMALI YONTEMLER KULLANILARAK BEYIN NEOPLAZMASINDA
PROGNOZ VE TESHIS ISARETLERININ BELIRLENMESI

Melih OZBEK, Izmir Uluslaras1 Biyotp ve Genom Merkezi, Dokuz Eyliil Universitesi Saglik
Kampiisti, Balgova 35340 — izmir / TURKIYE

OZET

Diisiik smifli gliomalar (LGG) sinir sistemi 1. Smuf timorlerdir ve ilerledikge en olimcul beyin
timorlerinden biri oluyorlar. Bu giin zamaninda ve dogru teshis ve prognoza ihtiya¢ vardir. Bu
caligmanin amaci diisiik stmifli gliomalarla iligkili teshisine ve prognozuna yonelik biyoigaretlerinin
bir¢ok farkli hesaplamali yontemler kullanilarak bulunmasidir. Bu amag i¢in {i¢ farkli metot kullanarak
LGG ve karsilik denk gelen normal beyin dokusu arasinda diferansiyel ifadeleme analizi gergeklestirildi.
Toplamda LGG ve saglikli normal beyin dokusu arasinda dért bin dort yiiz doksan alt1 diferansiyel ifade
edilen gen tespit edildi. Daha sonra ortak diferansiyel ifade edilen genler, agirlikli olarak birlikte ifade
edilen genlerin ag analizinde (WGCNA\), birlikte ifade edilen gen kiimelerini bulmak i¢in kullanildi. Bu
sayede klinik fenotiplerle iligkili iki dikkate deger modiil bulundu. Bu modiillerde bulunan DEGler ise
birlikte ifade edilen gen ve protein etkilesim ag analizlerinin insasinda kullanildi. Bu analizler
dogrultusunda toplam on sekiz hub gen tespit edildi: CD74, CD86, CDC25A, CYBB, HLA-DMA, ITGB2,
KIF11, KIFC1, LAPTM5, LMNB1, MKI67, NCKAPLL, NUSAP1, SLC7A7, TBXAS1, TOP2A, TYROBP,
ve WDFY4. Tlm tespit edilen hub genler LGG timdriinde yukar1 regille edilmis olarak bulundu ve LGG
hastlarinda da olumsuz prognoz fenotiplerle iliskili bulunmustur. Bu sonuglar klinik bir platformda LGG

timorinin teshisi ve hastalarm prognozu zerine uygulanabilir.

Anahtar kelimeler: diisiikk sinifli gliomalar, diferansiyel gen ifadeleme analizi, agirlikli gen

ifade agi analizi, transkriptomik analiz, tesshis, prognoz, biyoinformatik, system biyolojisi



COMPUTATIONAL APPROACHES TO THE IDENTIFICATION OF
DIAGNOSTICS AND PROGNOSTICS IN BRAIN NEOPLASMS

Melih OZBEK, Izmir International Biomedicine and Genome Center, Dokuz Eyliil University
Health Campus, Balgova 35340 — Izmir / TURKEY

ABSTRACT

Low-grade gliomas (LGG) are central nervous system Grade | tumors, and as they progress
become one of the deadliest brain tumors. Today, there is still great need for timely and accurate
diagnosis and prognosis. The aim of this study, was to identify diagnostic and prognostic
biomarkers associated with LGG, by employing using diverse computational approaches. For
this purpose, differential gene expression analysis between LGG tissue and corresponding
normal tissue was performed by using three methodologies. A total of four thousand four
hundred and ninety six common differentially expressed genes (DEGSs) between LGG and
healthy brain tissue were detected. Next, those DEGs were used to conduct Weighted Gene Co-
Expression Network Analysis (WGCNA) in order to identify clusters of co-expressed genes. In
this way, two modules significantly correlated with clinical traits were detected. The DEGs
comprising the modules were further used to construct gene co-expression and protein-protein
interaction networks. Based on this analysis, we derived a consensus of eighteen hub genes,
namely, CD74, CD86, CDC25A, CYBB, HLA-DMA, ITGB2, KIF11, KIFC1, LAPTM5, LMNB1,
MKI67, NCKAP1L, NUSAP1, SLC7A7, TBXAS1, TOP2A, TYROBP, and WDFY4. All detected
hub genes were up-regulated in LGG, and were also associated with unfavorable prognosis in
LGG patients. These findings could be applicable in the clinical setting for diagnosing and

monitoring LGG.

Keywords: low-grade gliomas, transcriptome analysis, differential gene expression analysis,
weighted gene co-expression network analysis, diagnosis, prognosis, bioinformatics, systems

biology
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L INTRODUCTION AND AIM

1.1. Statement and Importance of the Problem

Gliomas are cancers originating from glial cells which serve as supportive cells to the
central nervous system. According to World Health Organization (WHO) general classification
of gliomas, they range from Grade | to 1V (the malignant form). Due to the complex etiology
of the disease, nowadays, despite the availability of modern imaging technologies, a proper
diagnosis and prognosis is lacking. In this study, by taking advantage of the vast amount of
gene expression data stored in publicly available repositories, such as TCGA, GTEx and GEO,
we aimed to detect potential biomarkers that could be useful for the diagnosis and also prognosis
of low-grade gliomas. To do this, various computational approaches were employed,including
differential gene expression analysis, weighted gene co-expression network analysis, and
network-based methods. In this way, we detected eighteen candidate biomarkers for low- grade

gliomas.

1.2. Aim of the Study
The aim of the present study was to perform differential gene expression analysis between
low-grade gliomas (LGG) and corresponding normal brain tissue derived from TCGA and

GTEX respectively, towards the identification of potential LGG biomarkers.
1.3. Hypothesis of the Study

It is hypothesized that biomarkers identified in this study could be used in the clinical

setting for LGG diagnosis and prognosis.

11



2. GENERAL INFORMATION

2.1. What are Gliomas?

Cancer is a disease originating from genomic alterations that include somatic mutations
and germline variants. Numerous studies on cancer tissues allowed the identification of such
alterations and mutations, including, for example, the tumor suppressor genes TP53, RB1 and
APC [1]. Tumors located in the central nervous system (CNS) are defined based on their cells
of origin and histopathological characteristics. Gliomas are neuroepithelial and highly
heterogeneous tumors originating from neuroglial progenitor cells [2, 3]. Out of all primary
brain tumors, gliomas represent 27% and account for 80% of the malignant primary brain
tumors [3].

The classification of gliomas has changed throughout time, and the World Health
Organization (WHO) redefined gliomas in 2016 [3]. Traditionally there are four classes of
gliomas: low(er)-grade gliomas (LGGS) are classified as WHO Grade | and Il tumors; high(er)-
grade gliomas (HGGs) are classified as WHO Grade 11l and IV tumors. Contrary to previous
classifications, WHO added molecular and genetic parameters that improved diagnostics and
prognostics of this type of cancers. Major changes occurred in the subcategorization of gliomas
because genetic mutations and prognostic factors may vary highly [4, 5]. Basically, after the
discovery of mutations in the genes isocitrate dehydrogenase gene (IDH) 1 and IDH2, and
1p19q deletion, when combined with their impact on short/long patient survival emerged the
need of reclassification and hence new questions about optimal treatments and therapies [6].
Currently, aside from the traditional system, classification is also done based on the type of
glioma cells such as astrocytoma, oligodendroglioma integrated with status of mutations in
genes such as IDH1/2, ATRX, TP53 and 1p/19q deletion [7].

2.1.2. Low-grade versus High-grade Gliomas

Although the presence of low-grade gliomas is not common in patients older than 60
years old, they generally occur in people between the ages of 20 and 40 years old. While the
most common symptoms among patients is the presence of seizures, patients may have
headaches too. Tumor location greatly affects the symptoms and also severity. Seizures are
thought to be due to the invasion of cancer tissue into the cortex region of the brain [8]. While

LGG constitutes 20% of all primary brain tumors, the survival time period of LGG patients
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ranges between 4.7 and 9.8 years. Therefore, LGG patients are expected to survive longer
compared to HGG patients [9]. The most malignant form of gliomas is called glioblastoma
(GBM) and is recognized to be one of the deadliest brain tumor affecting adults. GBMs are
classified as WHO Grade Il and IV tumors. Those GBMs that transform and progress from
LGGs are called secondary GBMs, while those GBMs that are formed de novo are called
primary GBMs [10, 11]. Differences between primary and secondary GBMs arise from various
genetic alterations and some clinical traits. Hence, these differences may determine the
treatment options [11].

2.1.3. Treatment Options

There are different options of treatment for patients with LGG. Some LGG patients are
not even aware of this condition. Therefore, timely and accurate diagnosis is critically important
before tumor progression to a higher grade. Compared to the short survival rate of patients with
HGGs or GBMs, patients with LGGs show higher rates of survival, which creates controversies
regarding the administration of treatment in terms of dosage, side-effects and even applicability
of them [12]. The conventional treatment options are surgical resection, radiotherapy and

chemotherapy [13].

The aim of surgery is to achieve the maximum possible resection. Firstly, depending on
the location of LGGs, resection has to be performed in a way so as to preserve the functionality
of that region of the brain, for instance language functions, and is called function-based surgery.
Since LGGs can be infiltrative to extend out of the foreknown borders, resection requires prior

examination of imaging, which is called image-based surgery [13].

Radiotherapy or chemotherapy or combinatorial therapy are also controversial depending
on the risk status of the patients. It is recommended for high risk patients to receive such
treatment after surgical operations and can be followed with observational time. For low-risk
patients, if they underwent a complete resection of tumor, observational time is required and
sometimes radiotherapy is applied. The same holds for chemotherapy also. Radio/chemo-
therapy is preferred as postoperative treatment for patients with the possibility of high
recurrence of the tumor. Dosages and intensity of the treatment can vary among patients.
Therefore, accurate diagnosis and prognosis is very important, since wrong treatment choice

can result to decrease in the quality of life [14, 15].
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2.1.4. Towards more Accurate Diagnosis and Prognosis

Generally, gliomas have poor prognosis. Despite recent advances in diagnosis and
prognosis, the survival of patients with GBM ranges between 10 to 15 months. Gliomas have
different subtypes, with many and complex molecular profiles due to various etiologic
pathways which create a heterogeneity within the disease. While environmental factors were
not found to contribute to gliomas, the genetic background constitutes a major contributing
factor though [16]. Progression of LGGs to HGGs occurs with less therapeutic response and
consequently poorer understanding of the disease. Therefore, better diagnosis and prognosis is
an urgent need [17].

Although taking into account the molecular alterations for the classification of gliomas
by WHO allowed the improvement of diagnosis and treatments, some controversies persist.
Gliomas tend to have indeterminate cytological characteristics, and thus it is difficult, even for
experienced clinicians to make definite conclusions. Sometimes histological features of diffuse
midline gliomas, which are observed generally in young patients, resemble GBMs or low grade-

diffuse astrocytomas in patients of older ages [18].

Recent findings support that molecular alterations such as 1p/199, MGMT, and TERT are
very useful for identifying tumor purity and cancer cells among tissues. Furthermore, these
markers allowed defining the tumor microenvironment and hence a better prognosis and
treatment [19]. For instance, mutations in IDH1/2 cause distinct cancer types such as LGG and
chondrosarcoma. Such alterations cause excessive production of an oncometabolite, D-2HG,
and contributes to oncogenesis by various ways such as interfering with the cell metabolism or

through epigenetic regulation [20].

Another study by Zang et al. (2021) points out the importance of the microenvironment
of LGGs during immunotherapy. Gliomas can release inhibitory cytokines in a way to suppress
and change their microenvironment and hence develop resistance to immune cells. Moreover,
this can trigger immune cells to change into a pro-tumor phenotype [21]. Therefore, the
identification of appropriate biomarkers and the development of rational therapeutic strategies

are very important.
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2.2. High-throughput RNA-Sequencing
2.2.1. Next Generation Sequencing

During a time span of 25 years, from 1977 to 2004, Sanger sequencing introduced a new
era in the perspective of understanding DNA. Although it was effective and useful, it was also
expensive. After the advent of next-generation sequencing (NGS) in 2005, billions of DNA
templates can now be sequenced with higher efficiency and lower cost, which launched new
applications of data analysis. As NGS offers major advantages, there are also disadvantages
depending on the technology or technique used, such as the length of the DNA fragments

(reads) to be sequenced or repetitive sequences [22].

Although currently not in use, Pyrosequencing platform by 454 Life Sciences applied the
method sequencing by synthesis (SBS). lon torrent sequencing platform also uses SBS with
better accuracy than pyrosequencing. Sequencing by Illumina, on the other hand, offers fast,
low in cost and also accurate service. Other sequencing platforms, such as Pacific Biosciences,
Helicos fluorescent sequencing and nanopore sequencing by Oxford Nanopore Technologies,

involve single-molecule sequencing [23].

2.2.2. RNA-Sequencing

According to the Central Dogma of biology, DNA molecules are transcribed into RNAs
and then RNAs are translated into proteins. RNAs are the intermediate molecules between DNA
and proteins. Thus, transcription ofa collection of genes into RNAs could define a cell’s identity
and metabolism-related activities. As there are protein-coding RNAs, there are also non-coding
RNAs which constitute a diverse group of RNAs with multiple regulatory functions.
Transcriptome represents the information derived from RNAs. NGS technologies enabled the
revolutionization of transcriptomics. By sequencing RNA molecules through their
complementary DNA (cDNA), RNA-Sequencing (RNA-Seq) emerged, thereby bettering our

understanding of the transcriptome such as gene expression and alternative splicing [24].

Basically, the first step in RNA-Seq analysis is the isolation of RNA molecules from
samples. The overall quality of the isolated RNA molecules also affects downstream analysis,
as well as the RNA molecule of interest. In the case of MRNA sequencing, the rRNA should be
depleted, since rRNAs make up of at least 80% of total RNAs and therefore reduce the overall

coverage. The next step is the construction of a DNA library from RNA samples, where the
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extracted RNAs are reverse-transcribed into cDNA. These cDNA fragments are then amplified
and sequencing adaptors are attached to the ends of these fragments. The final step is the actual
sequencing of those fragments by using a variety of available platforms and methods; platform
selection also can affect largely the downstream analysis [25].

2.3. Transcriptomic Analysis

Transcriptomic analysis involves two main processes, discovery and quantification. As
there are no optimal pipelines to be applicable for every type of study, there are many different
approaches which scientists can adopt. To carry out successfully an RNA-Seq study, a good
experimental design includes the subjects of choosing optimal experiments, library type and
number of replicates is very important [26].

After obtaining the RNA-Seq data, the next step is the analysis of these data. Depending
on the research question, a variety of methods and tools can be applied for the downstream
analysis. After getting the raw RNA-Seq reads from the sequencer, the quality of the data is
checked. This step is called quality control and includes assessment of sequence quality,
adaptor sequence presence, GC content or duplicated sequences; such noises could be due to
contamination or PCR artifacts. In overall, quality check steps can be integrated into each step
of an RNA-seq analysis and the output of each step can be quality-checked from different

perspectives [26].

The next step in RNA-Seq analysis is read alignment, where the quality-checked reads
are aligned/mapped to a reference genome or transcriptome. Accurate read alignment is very
important and is indicated by the percentage of mapped reads, which can be quantified.
Basically, raw counts are aggregated and quantified by applying different algorithms for
gene/transcript-level quantification. Therefore, different outputs can be generated and stored in
file formats such as gene transfer format (GTF) as raw read counts such as reads/fragments per

kilobase of exon model per million mapped reads (R/[FPKM) [26].

2.4. Differential Gene Expression Analysis
Downstream analysis after quantification varies depending on the research question. For
instance, a user can perform differential gene expression analysis (DGEA), alternative splicing

analysis or more. DGEA is carried out to discover quantitative differences between groups of
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samples. For DGEA, different statistical methods have been developed that depend on different

mathematical algorithms such as Poisson, negative binomial or Bayesian [27].

In this study, three different R packages were used for DGEA, namely, edgeR, DESeq?2
and limma. DESeq2 and edgeR use negative binomial model for the estimation of the data and
differentially expressed genes (DEGSs). On the other hand, limma uses an Empirical Bayesian
model. They are different methods that can be applied for RNA-Seq data analysis, and the
testing strategy varies for each method. For instance, the testing strategy of edgeR includes the
Exact test and the Likelihood-Ratio test. The Wald test and Likelihood-Ratio test are the testing
strategies of the DESeq2 package. The testing strategy of limma on the other hand is to evaluate
the posterior probability for interference [27].

2.5. Kaplan-Meier Survival Analysis

In this study Kaplan-Meier survival analysis was also performed by taking into
consideration the detected hub genes. This is a method widely used to measure the mortality
rate of subjects, for example groups of alive patients for a period of time after receiving
treatment [28].
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3. MATERIALS AND METHODOLOGY

3.1. Type of the Study
The entire study was performed by employing computational methods and resources.

3.2. Time and Place of the Study
This study was conducted in Izmir Biomedicine and Genome Institute from March 2021
to June 2022.

3.3. Materials and Methods of the Study
In this study, raw RNA-Seq data from TCGA, GTEx and GEO were used.

3.4. Variables of the Study
The variables of the study are the samples used for the analysis, that is, two tumor sample
groups obtained from the TCGA and GEO databases, and one set of corresponding normal brain

tissue data obtained from GTEX.

3.5. Tools for Data Collection
The R programming software platform (http://www.r-project.org/) (version 4.1.1) and
Linux (GNU P. Free Software Foundation. Bash (version 3.2. 48) [Unix shell program], 2007)

platform were used to conduct all analyses.

18


http://www.r-project.org/

3.6. Study Plan and Calendar

4 )

March 2021

Cancer and Healthy Tissue Gene Expression
Data Collection

N J

October 2021
Differential Gene Expression Analysis

December - April 2022

Weighted Gene Co-expression Network
Analysis

May - June 2022
Thesis Writing
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3.7. Data Evaluation
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Figure 1. Overall pipeline of the procedure followed in this study.

3.7.1. Data Acquisition and Pre-processing

3.7.1.1. Acquisition of Low-Grade Glioma Data from TCGA

On the R programming environment (https://www.R-project.org/), TCGA
(https://www.cancer.gov/tcga) derived LGG data were downloaded by using the
‘TCGADiolinks’ package [29].

Target query was created by using the project, data.category, data.type and
workflow.type attributes via the GDCquery function. Using information within the target query,

harmonized RNA-Seq data was downloaded with the GDCprepare function.

A total of 529 samples were downloaded and processed via the GDC portal

(https://portal.gdc.cancer.gov/) from the TCGA database.

Then the downloaded data were preprocessed by using the cor.cut attribute setting as

0.6 of the TCGAanalyze_Preprocessing function of the “TCGAbiolinks’ package, which was
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carried out to detect low correlated samples, termed outliers, which resulted with a count data
matrix to be used in further steps.

3.7.1.2. Acquisition of Brain Transcriptomic Data from GTEX

On the R environment, corresponding normal brain data from the Recount2 project [30]
of the GTEx (31, https://gtexportal.org) database were downloaded by using the
TCGAquery_recount?2 function of the ‘TCGAbiolinks’ package. The downloaded file was a
Ranged Summarized Experiment (RSE) object. By using the scale_counts function of the
‘recount’ package, count data were scaled. A total of 120 samples were downloaded and scaled

from the Recount2 platform of the GTEX.

3.7.1.3. Acquisition and Generation of LGG data from GEO

The public repository of NCBI GEO DataSets [32] was thoroughly searched for LGG
gene expression data. In this way, the eligible dataset Series GSE184941 was retrieved, which
contains MRNA profiles of human low- and high-grade glioma samples. A total of 79 LGG out
of 180 samples in the GSE184941 were analyzed in this study.

For this analysis, the GTEx RNA-Seq pipeline was followed. FASTQ files were
downloaded by using the ‘SRA Tool Kit” v.2.11.1 [33] with the following attributes:

--skip-technical --clip
--readids —split-3
--dumpbase

For the read alignment in the FASTQ files, firstly index files of GENCODE Human
Reference Genome Release 39 [34] were generated by ‘STAR’ v.2.6 [35].

To generate ‘STAR’ v.2.6 index files, primary GENCODE Release 39 was provided as
the reference genome by using the genomeFastaFiles attribute. Main annotation file was given
with GTF file extension by using --sjdbGTFfile. Another attribute of STAR v.2.6 was also used,
sjdbOverhang ‘number’; the number was 151 and was calculated by the (Average Read Length

sequenced)-1.

For the alignment of the raw RNA-Seq reads, the aligner ‘STAR’ v.2.6 tool was used

with the following attributes:
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--runMode alignReads to align FASTQ files to reference genome
--readFilesCommand zcat because FASTQ files were compressed

--readFilesIn to tell the path of paired-end FASTQ files

--genomeDir to give path of index files

--outFileNamePrefix to name output files

--outSAMtype BAM SortedByCoordinate is used to generate sorted and aligned BAM

files
--quantMode TranscriptomeSAM is needed for further steps of the analysis.

‘STAR’ v.2.6 provides alignment results of each sample with many informative sections
about the started/finished time, input read length, and mapped reads. Information aboutuniquely
mapped reads is given in number and percentages. This also indicates the quality of each sample
mapped to the reference genome. Therefore, we excluded the samples of which the uniquely
mapped percentage is lower than 70%. Out of the 79 GEO-derived LGG samples,we retained

34 samples for subsequent analysis.

For gene expression levels estimation (i.e., quantification), index files created by
‘RSEM” v.1.3.3 [36] were used.

To generate ‘RSEM’ v.1.3.3 [36] index files, the primary GENCODE Release 39 was

given as the reference genome.

The rsem-prepare-reference function of the ‘RSEM’ v.1.3.3 tool was used to generate
index files. The main annotation file was provided with the GTF file extension by using the gtf

attribute.

In the quantification step by ‘RSEM’ tool, the following attributes of rsem-calculate-

expression were used:

--alignments and --paired-end to specify that RNA-Seq files are aligned and paired-end
--bam to tell the tool that files are bam formatted

--no-bam-output to specify path of output files generated from STAR as input here
-tag to generate same-named files.

The next step was to collect all count data and combine them into a matrix file with

corresponding sample ID and gene ID. To this end, the rsem-generate-data-matrix function of
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‘RSEM” was used without providing any extra options or attributes. In this way, the count data
matrix of 34 LGG samples derived from GEO database were obtained.

3.7.1.4. Merging TCGA-GTEx and GEO-GTEXx data

After preprocessing TCGA-derived LGG count data and obtaining the count data of
GTEX, these data were merged based on the matching gene IDs. Merged TCGA-GTEX count
data were further normalized. By using the function TCGAanalyze_ Normalization of
‘TCGABiolinks’ by using the EDASeq protocol [37], merged TCGA-GTEX data count data
were normalized for gcContent. Then quantile filtering was done with 25% cutoff. These steps

were also done to further enrich our merged TCGA-GTEX count data.

Upon acquiring GEO-derived LGG data from ‘RSEM’, count data of GEO-LGG and
count data derived from GTEx were merged based on matching gene IDs. Then, batchcorrection
was performed by ‘ComBat-seq’ [38], an adjustment tool that uses negative binomialregression
to detect batch effects. It accepts count data as an input and checks the data by comparing an
expected distribution of the data (https://github.com/zhangyuging/ComBat-seq).Results from
‘ComBat-seq’ showed that the merged GEO-GTEX count data required no batch correction.

3.7.2 Principle Component Analysis of Transcriptome Profiles

The data that are used in this study are high-dimensional. There are hundreds of columns
with sample IDs and tens of thousands of rows with gene IDs. Principal Component Analysis
(PCA) is applied for dimensionality reduction and allows to detect variances among different
groups. PCA is a widely used method, applied also to RNA-Seq data analysis, since these are
considered ‘big data’ and normally require great computational power to detect variances [39].
In our study, PCA was employed to examine for clustering of the input transcriptomic data and

for the presence of any outliers.

Before performing PCA, firstly raw read counts of both merged TCGA-GTEx and GEO-
GTEx data were normalized by converting them to FPKM values by using the count2fpkm
function of ‘RNAAgeCalc’ [40].

Before performing PCA, a prefiltering process was applied on the merged FPKM
TCGA-GTEx and GEO-GTEX data. The FPKM data were filtered so the expression value of
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the genes was greater than ‘1’ in at least half of the samples in each group (TCGA-GTEx and
GEO-GTEX). Next the merged and filtered FPKM TCGA-GTEX, as well as merged FPKM
GEO-GTEXx data were log2 transformed in the normalization step.

Then a base R function, prcomp, was used to generate PCA objects of the
filtered/merged log2 transformed FPKM TCGA-GTEx and the filtered/merged log2
transformed FPKM GEO-GTEX, respectively.

To visualize the PCA plots, the fviz_pca_ind function of the ‘factoextra’ package
(https://ICRAN.R-project.org/package=factoextra) was used.

3.8. Differential Expression Analysis
After prefiltering step, outlier and clustering check by PCA, for DGEA only raw count
data was provided as input to the tools. Count data with sample ids after PCA and genes after

prefiltering were used in DGEA tools.

For DGES, three software tools were used, namely, ‘edgeR’ v3.34.1 [41], ‘limma’
v3.48.3 [42] and ‘DESeq2’ v1.32.0 [43]. Output differentially expressed genes (DEGS) were
selected based on an absolute log2 fold-change (|log2FC|) > 2; the threshold for the False
Discovery Rate (FDR)-adjusted p-value was set less than 0.05.

To visualize the results of DEGs, heatmap plots of DEGs generated by each of the three
methods were created by wusing the ‘pheatmap’ package v1.0.12 (https://cran.r-
project.org/package=pheatmap). DEGs were filtered from the filtered/merged FPKM TCGA-
GTEXx and the filtered/merged FPKM GEO-GTEX, and these data were used to generate the
heatmap plot.

3.8.1. edgeR
The method in ‘edgeR’ uses a negative binomial distribution to analyze DEGs and

accepts raw read count data as input. Herein, filtered and merged raw count data were used.

Firstly, by providing the count data as input to DGEL.st, we created a DGELIist object
for edgeR. Then the calcNormFactors function was used to normalize library sizes. Next, a

model matrix was created since there were two groups (cancer vs normal). Then dispersion
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estimation was made by using the estimateDisp function. DGEA then was performed by
applying the likelihood ratio tests (LRT) by using the gimFit and gImLRT functions of ‘edgeR’.

The ‘edgeR’ method resulted to a total of 17337 DEGs between TCGA and GTEXx. After
exclusion of the non-significant DEGs, 804 up-regulated and 3972 down-regulated genes
remained. There were 19769 genes detected between GEO-GTEXx and after exclusion there were

4117 up-regulated and 4382 down-regulated genes.

3.8.2. limma

Another package used for DGEA in this study was ‘limma’, which is widely used for
analyzing gene expression data such as RNA-Seq data. It takes advantage of linear models to
perform DEA.

For DGEA by ‘limma’, raw read count data were provided as input as in the case of
‘edgeR’. Firstly, a DGEIist object was created of count data. Then the calcNormFactors
function of edgeR was used. Then, the voom function of limma was used, which is based on an
approach called precision weights. Next, the Imfit function was applied with designed/model

matrix, followed by the eBayes function.

A total of 17341 DEGs between TCGA and GTEx were detected by ‘limma’. After
exclusion of the non-significant ones, there were 709 up-regulated and 4475 down-regulated
genes. On the other hand, between GEO and GTEX, we had a total of 19568 DEGs. After

exclusion there were 4861 up-regulated and 4090 down-regulated genes.

3.8.3. DESeq2
The third package, ‘DESeq2’, uses a negative binomial liner model to perform DGEA.

It also accepts only normalized count data as input for the analysis.

Firstly, the DESegDataSetFromMatrix function was used with the model/design matrix.

Then DESeq function was used and later DEGs were extracted.

DESeq?2 detected a total of 17171 DEGs between TCGA and GTEX. After exclusion of
the not significant DEGs, there were 580 up-regulated and 4332 down-regulated DEGs. On the
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other hand, 19812 DEGs were detected between GEO and GTEXx. After filtration, there were
4203 up-regulated and 4350 down-regulated DEGs.

The next step of this study was to perform Weighted Gene Co-Expression Network
Analysis [44]. For this analysis, only the common DEGs detected by ‘edgeR’, ‘limma’ and
‘DESeq2’ and the samples derived from TCGA and GEO were used.

3.9. Weighted Correlation Network Analysis

Weighted Correlation Network Analysis (WCNA) is commonly used for gene
expression correlation network analysis. For instance, it is used to identify highly correlated
gene expression patterns, modules or hub genes among genes or clusters. Furthermore, the
detected correlated genes are usually considered of biological significance and can be used to
identify candidate biomarkers or therapeutic targets.

3.9.1. Weighted Gene Co-Expression Network Analysis (WGCNA)
In this study, the ‘WGCNA’ R package v1.70-2 [44] and its guide/workflow was used

to find highly correlated genes, clusters, modules and modules-LGG clinical trait relationships.

3.9.1.1 WGCNA Data Input
For “WGCNA’, the FPKM matrix data of the detected DEGs from TCGA and GEO

were used.

To normalize the FPKM data, the FPKM data matrices of TCGA and GEO were
log2(data+1) transformed. To convert the Ensembl IDs into the official genes symbols, the
getBM function in the ‘biomaRt’ package and the ‘org.HS.eg.db’ package for genome
annotation for human were used. Those Ensembl IDs that had no corresponding gene symbol

were discarded.

Then, the normalized FPKM data with gene symbols were checked with the function
goodSamplesGenes of the “WGCNA”’ package for possible outliers. No outliers were detected
for both TCGA and GEO samples.
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3.9.1.2. Clinical Trait Data Acquisiton

Clinical data of samples derived from TCGA were acquired using the GDCprepare
function of ‘TCGABiolinks’. The clinical traits of interest from TCGA were Primary
Diagnosis, Age at Diagnosis, Vital Status, Sample Type, Site of Resection Biopsy, Prior
Treatment, Gender, Race, and Tissue Organ Origin.

Clinical data of samples derived from GEO were downloaded by using the website of
GEO database (https://www.ncbi.nlm.nih.gov/geo/). Selected clinical traits for GEO derived
samples were Age, Progressed Tumor Pathology, IDH Mutant Status, Vital Status, Gender,
Initial Tumor Pathology, and Patient Initial Grade.

3.9.2. Network Construction and Module Detection
3.9.2.1. Analysis of Network Topology and Soft-Thresholding Power

To construct a weighted co-expression network and calculate adjacency, a soft
thresholding power is needed. It is actually a mathematical value to power the correlation of
genes to the chosen threshold. To do this, as suggested in the guide/workflow, the
pickSoftThreshold function of “WGCNA’ was used by providing FPKM data with DEGs to the
function. This function conducts network topology analysis and enable the selection of the
correct soft-thresholding power. This function returns a Scale Independence plot and a Mean
Connectivity plot. The soft-thresholding power of TCGA and GEO was six and four,

respectively.

After determining the correct soft-thresholding power, the next step was the calculation
of adjacencies by using that power. For this purpose, the adjacency function of the “WGCNA”’

package was used by also providing the soft-thresholding power to the function.

3.9.2.2. Topological Overlap Matrix (TOM)

To eliminate any noise, the adjacency matrix was transformed to Topological Overlap
Matrix (TOM) and then dissimilarity was calculated by using the “WGCNA’ functions,
‘TOMsimilarity(adjacency)’ and dissTOM = 1 — TOM. In this way, only highly correlated

genes are grouped together.

Next, by using hierarchical clustering, trees of genes (i.e., dendograms) were plotted.
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3.9.2.3. Module Identification

The next step was the detection of modules in the dendrograms. For this purpose, the
cutreeDynamic function of “WGCNA’ was used. Since highly correlated genes were detected
in the previous step, those genes were then assigned into color-coded modules.

3.9.2.4. Merging Modules

After the identification of highly correlated genes within modules, with their assigned
colors, modules with similar expression profiles were detected. Since highly co-expressed
genes display similar module profiles, they were merged, as suggested by the workflow of
‘WGCNA’.

To this end, the module eigenenes of modules were calculated to estimate co-expression
similarity and then were clustered again. For this purpose, the functions ‘moduleEigengenes’,
‘cor’, again ‘hclust’ and ‘mergeCloseModules’ of the “WGCNA’ package were used. The plot
of these modules was generated by using the plotDendroAndColors function of “WGCNA’.

3.9.2.5. Association of Modules with LGG Clinical Traits

The relationship between the gene modules and LGG clinical traits were investigated.
By using eigengene information of each module, external traits were correlated and the most
significant associations were found. To this end, traits without numbers were converted to their
mathematical abbreviations by using the cor and corPvalueStudent functions. Heatmaps of this
analysis were generated by using the labeledHeatmap function, which include the Spearman
correlation coefficient of the modules with clinical traits and the corresponding p-value. Those
modules significantly correlated with clinical traits based on a correlation coefficient above 0.3
and p-value less than 0.05 were selected. The genes within these selected modules were used

for gene co-expression and protein-protein interaction network analysis.

3.9.2.6. Visualization of Gene Networks
To visualize the weighted gene co-expression networks, heatmap plots were generated

based on these networks. By each row and column corresponding to a gene and sample,
respectively, heatmaps of the gene networks were generated by using the TOMplot function of
‘WGCNA’.
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3.9.3. Protein-Protein Interaction Network and Detection of Hub Genes
Two types of networks were generated for this study, gene co-expression and protein-
protein interaction networks. Cytoscape v3.9.1 [45] platform, an open source program, was

used for network analysis and visualization.

To this end, the adjacency matrix (co-expression data matrix) of genes of the selected
modules were filtered by setting the gene co-expression value of 0.5 as threshold, so as to
increase the robustness of the study.

Protein-Protein Interaction (PPI) network analysis was performed by providing as input
the genes of the co-expression data matrix to the database Search Tool for the Retrieval of
Interacting Genes (STRING) v1.7.0 [46]. The interactions of the corresponding gene products

were investigated and a protein-protein interaction network was generated.

The gene-gene and protein-protein association data were uploaded to the Cytoscape and
the Cytohubba [47] plugin of Cytoscape which allows network investigation by twelve different
ranking algorithms: Degree method (Deg), Maximum Neighborhood Component (MNC),
Density of Maximum Neighborhood Component (DMNC), Maximum Clique Centrality
(MCC), Closeness (Clo), EcCentricity (EC), Radiality (Rad), BottleNeck (BN), Stress (Str),
Betweenness (BC), Edge Percolated Component (EPC). In this way, the most highly
connected/correlated genes/proteins in the gene co-expression and PPI networks were selected

by using the node-degree filter.

3.10. Overall Survival Analysis
The prognostic value of the detected ‘hub’ genes was explored (see 3.9.3). To assess

whether the expression levels of these genes are associated with the overall survival (i.e., a
person is either alive or dead) of LGG patients, the web-based tool GEPIA (Gene Expression
Profiling Interactive Analysis) [48, 49] version 2 (http://gepia2.cancer-pku.cn/) was applied.
GEPIAZ2 retrieves and analyzes survival data from the integrated TCGA pan-cancer clinical
data resource [50]. The LGG patient cohorts were divided into ‘high-risk’ and ‘low-risk’, by

setting the cutoff values for high and low gene expression at 50%.
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3.11. Limitations of the Study
There were hundreds of samples and tens of thousands of genes. Therefore, powerful

computational processes and hence powerful hardware were required.

3.12. Ethics Committee Approval

Izmir Biomedicine and Genome Center Noninvasive Researches Ethics Committee
Approval with the protocol number “2021-038” was granted for this thesis on the 21st
November 2021.
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4. RESULTS

4.1. Transcriptomics Profies
In the PCA plots in Figure 2, there are two distinct clusters which represent

transcriptomic data of the LGG samples derived from TCGA database and normal brain data
derived from GTEXx database. In the generated plot, the principle components PC1 and PC2

represent the 36.4% and 8.4% of the entire data, respectively.

Groups

* GTEX-Brain
* TCGA-LGG

PC2 (8.4%)

PC1 (36.4%)

Figure 2. Principal Component Analysis of TCGA-GTEX gene expression data. The x-axis
represents PC1 and the y-axis represents PC2. Red dots indicate the TCGA samples and blue

dots indicate the GTEx samples.

In the PCA plot in Figure 3, there are two discernible clusters which correspond to gene
expression data of the LGG samples derived from the GEO database and normal brain tissue
samples derived from the GTEx database. In the plot, PC1 and PC2 represent the 45.6% and
14.8% of the whole data, respectively.

31



,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Groups

GEO-LGG
4  GTEx-Brain

PC2 (14.8%)

PC1 (45.6%)

Figure 3. Principal Component Analysis of GEO-GTEx transcriptomic data. The x-axis
represents PC1 and the y-axis represents PC2. Red dots indicate the GEO samples and blue dots
indicate the GTEx samples.

4.2. Differential Gene Expression Analysis
Analysis of differential gene expression between TCGA-GTEx and GEO-GTEXx was

performed by applying three different methods implemented in the software tools ‘edgeR’,
‘DESeq2’ and ‘limma’. The volcano plots and heatmaps of DEGs were generated. Thestatistical

results and generated plots are described below.

4.2.1. DGEA between TCGA and GTEx
4.2.1.1. edgeR

DGEA by ‘edgeR’ between TCGA and GTEx samples resulted to a total of 17337 genes.
When logFC and FDR were taken into consideration, 804 up-regulated and 3972 down-

regulated genes were detected.

32



10 Groups

| ) | |
’ l GTEx-Brain
N TCGA-LGG

Figure 4. Heatmap of DEGs detected by edgeR between TCGA-LGG and GTEXx-Brainsamples.
Each row represents a DEG. Up-regulated and down-regulated genes are indicated byred and
blue color, respectively. A tree depicting the clustering of the genes is shown on the left. GTEXx-
Brain and TCGA-LGG samples are shown in red and blue color, respectively.
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Figure 5. Volcano Plot of DEGs detected by edgeR between TCGA-LGG and GTEXx-Brain
samples. The x-axis represents log2(Fold Change) and the y-axis represents —log10(adjusted p-
value). A dotted line parallel to the x-axis indicates the number 1.301 or —log10(0.05). A dotted
line parallel to the y-axis indicates +2 and -2 fold-change thresholds. Up-regulated and down-
regulated genes are denoted by red and blue points, respectively; the not significantly DEGs are
denoted by gray points.
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4.2.1.2. DESeq2
DGEA by ‘DESeq2’ between TCGA and GTEx samples resulted to a total of 17171
genes. When logFC and FDR were considered, 580 up-regulated and 4332 down-regulated

genes detected.

10 Groups
GTEx-Brain

TCGA-LGG

Figure 6. Heatmap of DEGs detected by DESeq2 between TCGA-LGG and GTEXx-Brain
samples. Each row represents a DEG. Up-regulated and down-regulated genes are indicated by
red and blue color, respectively. A tree depicting the clustering of the genes is shown on the
left. GTEx-Brain and TCGA-LGG samples are shown in red and blue color, respectively.
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Figure 7. Volcano Plot of DEGs detected by DESeg2 between TCGA-LGG and GTEXx-Brain
samples. The x-axis represents log2(Fold Change) and the y-axis represents —log10(adjusted p-
value). A dotted line parallel to the x-axis indicates the number 1.301 or —log10(0.05). A dotted
line parallel to y-axis indicates +2 and -2 fold-change thresholds. Up-regulated and down-

regulated genes are denoted by red and blue points, respectively; the not significantly DEGs are
denoted by gray points.

4.2.1.3. limma

DGEA by ‘limma’ between TCGA and GTEx samples resulted with a total of 17341

genes. When logFC and FDR were taken into consideration, 709 up-regulated and 4475 down-
regulated genes detected.
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Figure 8. Heatmap of DEGs detected by limma between TCGA-LGG and GTEx-Brain
samples. Each row represents a DEG. Up-regulated and down-regulated genes are indicated by
red and blue color, respectively. A tree depicting the clustering of the genes is shown on the
left. GTEx-Brain and TCGA-LGG samples are shown in red and blue color, respectively.
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Figure 9. Volcano Plot of DEGs detected by limma between TCGA-LGG and GTEXx-Brain
samples. The x-axis represents log2(Fold Change) and the y-axis represents —log10(adjusted p-
value). A dotted line parallel to the x-axis indicates the number 1.301 or —log10(0.05). A dotted
line parallel to the y-axis indicates +2 and -2 fold-change thresholds. Up-regulated and down-
regulated genes are denoted by red and blue points, respectively; the not significantly DEGs are
denoted by gray points.
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4.2.2. DEA between GEO and GTEx
4.2.2.1. edgeR

DEA by edgeR between GEO and GTEx samples resulted to a total of 19789 genes.
When logFC and FDR were considered, 4117 up-regulated and 4382 down-regulated genes

were detected.

GEO-LGG
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l GTEx-Brain

I-s

Figure 10. Heatmap of DEGs detected by edgeR between GEO-LGG and GTEXx-Brain samples.
Each row represents a DEG. Up-regulated and down-regulated genes are indicated by red and
blue color, respectively. A tree depicting the clustering of the genes is shown on the left. GTEXx-
Brain and TCGA-LGG samples are shown in red and blue color, respectively.
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Figure 11. Volcano Plot of DEGs detected by edgeR between GEO-LGG and GTEXx-Brain
samples. The x-axis represents log2(Fold Change) and the y-axis represents —log10(adjusted p-
value). A dotted line parallel to the x-axis indicates the number 1.301 or —log10(0.05). A dotted
line parallel to the y-axis indicates +2 and -2 fold-change thresholds. Up-regulated and down-
regulated genes are denoted by red and blue points, respectively; the not significantly DEGs are
denoted by gray points.

4.2.2.2. DESeq2
DGEA by DESeq?2 between GEO and GTEx samples resulted to a total of 19812 genes.
When logFC and FDR were taken into account, there were 4203 up-regulated and 4350 down-

regulated genes.
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Figure 12. Heatmap of DEGs detected by DESeg2 between GEO-LGG and GTEx-Brain
samples. Each row represents a DEG. Up-regulated and down-regulated genes are indicated by
red and blue color, respectively. A tree depicting the clustering of the genes is shown on the
left. GTEx-Brain and TCGA-LGG samples are shown in red and blue color, respectively.
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Figure 13. Volcano Plot of DEGs detected by DESeq2 between GEO-LGG and GTEXx-Brain
samples. The x-axis represents log2(Fold Change) and the y-axis represents —log10(adjusted p-
value). A dotted line parallel to the x-axis indicates the number 1.301 or —log10(0.05). A dotted
line parallel to the y-axis indicates +2 and -2 fold-change thresholds. Up-regulated and down-
regulated genes are denoted by red and blue points, respectively; the not significantly DEGs are
denoted by gray points.
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4.2.2.3. limma
DGEA by ‘limma’ between GEO and GTEx samples resulted to a total of 19568 genes.
When logFC and FDR were taken into consideration, 4862 up-regulated and 4090 down-

regulated genes detected.
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Figure 14. Heatmap of DEGs detected by limma between GEO-LGG and GTEXx-Brain samples.
Each row represents a DEG. Up-regulated and down-regulated genes are indicated by red and
blue color, respectively. A tree depicting the clustering of the genes is shown on the left. GTEXx-
Brain and TCGA-LGG samples are shown in red and blue color, respectively.
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Figure 15. Volcano Plot of DEGs detected by limma between GEO-LGG and GTEx-Brain
samples. The x-axis represents log2(Fold Change) and the y-axis represents —log10(adjusted p-
value). A dotted line parallel to the x-axis indicates the number 1.301 or —log10(0.05). A dotted
line parallel to the y-axis indicates +2 and -2 fold-change thresholds. Up-regulated and down-
regulated genes are denoted by red and blue points, respectively; the not significantly DEGs are
denoted by gray points.

4.2.3. Common DEGs betwenn TCGA and GTEx
DGEA between TCGA and GTEX by ‘edgeR’, ‘DESeq2’ and ‘limma’ resulted to a total
of common 4496 genes, where 531 of these genes were up-regulated and 3965 of these genes

were down-regulated.

DSEA between GEO and GTEx by ‘edgeR’, ‘DESeq2’ and ‘limma’ resulted to a total
of common 8049 genes, where 4000 of these genes were up-regulated and 4049 of these genes

were down-regulated.

Of particular note, the common DEGs between TCGA and GTEX represent 60% of the
TCGA DEGs.
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DESeq2

Figure 16. Venn diagram of the number of DEGs between TCGA and GTEX detected by edgeR,
DESeg2 and limma. Common, shared and unique DEGs are indicated; edgeR, DESeqg2and
limma are represented by red, green and blue color, respectively.

DESeq2

Figure 17. Venn diagram of the number of DEGs between GEO and GTEx detected by edgeR,
DESeq2 and limma. Common, shared and unique DEGs are indicated; edgeR, DESeqg2 and
limma are represented by red, green and blue color, respectively.
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Figure 18. Bar plot of the number of common DEGs detected by edgeR, DESeq2 and limma
between TCGA and GTEx samples. There are 531 up-regulated and 3965 down-regulated
genes. Up-regulated genes are represented by red color and down-regulated genes are
represented by blue color.
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Figure 19. Bar plot of the number of common DEGs detected by edgeR, DESeq2 and limma
between GEO and GTEx samples. There are 4000 up-regulated and 4049 down-regulated
genes. Up-regulated genes are represented by red color and down-regulated genes are
represented by blue color.

43



4.3. WGCNA
4.3.1. Selection of Soft-Thresholding Power

The scale independence and mean connectivity plots and values were generated by the
given TCGA and GEO sample data. Power values were determined by the number below the
set 0.8 limit, as shown in the Scale Independence plots (Figure 20 and 22). The power for TCGA
was selected as 6 and for GEO as 4 by WGCNA.
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Figure 20. Scale Independence plot of TCGA. Based on TCGA-derived common DEGs, the
power value was determined as 6.
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Figure 21. Mean Connectivity plot of TCGA. Various soft-thresholding powers were tested for
mean connectivity.
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Figure 22. Scale Independence plot of GEO. Based on GEO-derived common DEGs, the power
value was determined as 4.
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Figure 23. Mean Connectivity plot of GEO. Various soft-thresholding powers were tested for
mean connectivity.
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4.3.2. ldentification of Modules

Genes were clustered and modules were detected. A color was assigned to each module.

Genes with higher similarities or co-expressed genes have a higher probability to be represented

by the same module. Gray module contains the unassigned genes.

For TCGA data, WGCNA detected seven modules. For GEO data, WGCNA detected

21 modules.
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Figure 24. Gene Dendogram and Module Colors of TCGA DEGs. The upper part represents
the gene dendogram tree that was generated with dissimilarity based on topological overlap.
The lower part depicts the modules and assigned module colors. There are overall seven

modules.

46



Gene dendogram and module colors

Wik Y I 1 - I ‘I e
ik ‘ i Gl | W W' ' \ =
g § H ] ‘ |
I | L )
i h L] |
o ' i i\
o H e ‘ “.
£ ‘ 18
o '
*

o |]:I:I]IHIII I.:I:I:-I:

Figure 25. Gene Dendogram and Module Colors of GEO DEGs. The upper part represents the
gene dendogram tree that was generated with dissimilarity based on topological overlap. The
lower part depicts the modules and assigned module colors. There are overall 21 modules.
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4.3.3. Module Eigengene Identification and Clustering
A dendogram tree of modules was generated. Any modules out of the tree height threshold,
were merged with the upper modules within the tree. The dissimilarity threshold was 0.25.
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Figure 26. Dendogram tree of TCGA module eigengenes. Modules are shown in branches and
the red line indicates the dissimilarity threshold which is 0.25.
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Figure 27. Dendogram tree of GEO module eigengenes. Modules are shown in branches and
the red line indicates the dissimilarity threshold which is 0.25.

As mentioned previously, based on the dissimilarity threshold, modules were merged.
Merged module plots including the old and merged modules with assigned colors are shown in

Figure 28 and 29.
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Figure 28. Gene Dendogram and old and new Module Colors of TCGA DEGs. The upper part
represents the gene dendogram tree that was generated with dissimilarity based on topological
overlap. The lower part indicates the old and new modules and their assigned module colors.
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Figure 29. Gene Dendogram and old and new Module Colors of GEO DEGs. The upper part
represents the gene dendogram tree that was generated with dissimilarity based on topological
overlap. Lower part represents the old and new modules and their assigned module colors.

4.3.4. Relationship between Modules and Traits

In this step of the study, modules highly associated with clinical traits were selected.
The relationship between modules and clinical traits were examined by the corresponding
correlation coefficient greater than 0.3 and p-value < 0.05. Then following clinical traits were

selected.
For TCGA, nine clinical traits were used:
e Primary Diagnosis: Date of diagnosis based on the number of days.
e Age at Diagnosis: Age the patient was diagnosed based on the number of years.
e Vital Status: Current vital status of the patient (alive or dead).
e Sample Type: Type of material obtained from regions of the brain.

e Site of Resection Biopsy: Part of the brain that the resection was performed.
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e Prior Treatment: Information about early treatments after diagnosis.
e Gender: Sex of the patient (male or female).
e Race: Race of the patients.

e Tissue Organ Origin: Origin of the organ tissue where tumor originated.

Module-trait relationships
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Figure 30. Heatmap of the relationship between modules and clinical traits of TCGA. Rows
represent modules and columns represent clinical traits. Blue indicates a negative correlation
and red indicates a positive correlation. Numbers in indices are the correlation coefficient values

and corresponding p-values.

For GEO, seven clinical traits were considered:

e Age: Age of patients.

e Progressed Tumor Pathology: Current stage of tumor pathology.

e IDH Mutant Status: If patients carry a mutation in the IDH gene.
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e Vital Status: If patients are dead or alive.

e Gender: Sex of patients.

e Initial Tumor Pathology: Initial state of the tumor pathology.

e Patient Initial Grade: Glioma grade that the patient was diagnosed.
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Figure 31. Heatmap of the relationship between modules and clinical traits of GEO. The
modules are represented by rows modules and the clinical traits by columns. Blue indicates a
negative correlation and red indicates a positive correlation. Numbers in indices are the
correlation coefficient values and corresponding p-values.
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For TCGA, two out of seven modules were selected. Blue module contains two
hundred and twenty five (225) genes; yellow module contained one hundred and forty two
(142) genes. For GEO, seven out of twenty modules were selected. Salmon module contained
one hundred and three (103); blue module contained one thousand six hundred and twenty
one (1621); green module contained three hundred and thirty nine (339); cyan module
contained eighty one (81); pink module contained one hundred sixty four (164); lightgreen
module contained fifty one (51); red module contained two hundred and seventy two (272).
The commonly detected DEGs related with clinical traits were found to represent 17% of
TCGA DEGs.

4.3.5. Gene Network Visualization

TOM plots with dendogram tree and also modules of TCGA and GEO gene co-

expression networks were generated.
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Network heatmap plot, all genes

TININT

Figure 32. TOM with gene network heatmap of TCGA. Outer layer is the dendogram tree of
each gene. Middle layer corresponds to the merged modules and their assigned colors. Inner
layer is the heatmap. Lighter color indicates higher topological overlaps and darker color
indicates lower topological overlaps.
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Network heatmap plot, all genes
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Figure 33. TOM with gene network heatmap of GEO. Outer layer is the dendogram tree of
each gene. Middle layer is the merged modules and their assigned colors. Inner layer
corresponds to the heatmap. Lighter color indicates higher topological overlaps and darker color
indicates lower topological overlaps.

4.4. Co-Expression and PPI Network Analysis and Identification of Hub Genes
4.4.1. Gene Co-Expression Network Analysis

Hub gene identification was carried out by using node degree filtration and 12
algorithms for network topology analysis using the Cyohubba plugin of the Cytoscape software.
The gene co-expression network had 76 nodes/genes and 522 edges/interactions. There was a

total of 48 genes with a degree > 10. Analysis by Cytohubba resulted to a total of 35 hub genes.
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Figure 34. Co-expression network of genes from selected modules of TCGA. The hub genes
are highlighted. The node color correspond to the blue and yellow modules. Lines indicate the
edges or interactions between nodes/genes. Modules are grouped into two clusters.

4.4.2. Protein-Protein Interaction Network
The STRING protein search option of Cytoscape resulted to a total of identified 73
proteins/nodes and 558 interactions/edges. Network analysis resulted to 38 proteins with node

degree > 10. PPI network analysis by Cytohubba also resulted to 38 proteins.
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Figure 35. Protein-Protein Network Analysis. Bigger nodes indicate hub genes. The proteins
are clustered into two distinct groups. The gene product TBXASL connects the two clusters.
Each node represents a protein. Lines indicate the interactions among gene products.

4.4.3. Determination of Hub Genes

By combining the results from the gene co-expression network analysis and Cytohubba,
we detected a total of 18 hub genes: CD74, CD86, CDC25A, CYBB, HLA-DMA, ITGB2, KIF11,
KIFC1, LAPTM5, LMNB1, MKI67, NCKAP1L, NUSAP1, SLC7A7, TBXAS1, TOP2A,
TYROBP, and WDFY4. All detected hub genes were found to be up-regulated in LGG.

4.5. Prognostic Potential of LGG Hub Genes
The elevated expression of the CD74, CD86, CDC25A, HLA-DRA, ITGB2, KIF11,

KIFC1, LAPTM5, LMNB1, MKI167, NCKAP1L, NUSAPL, SLC7A7, TBXAS1, TOP2A, TYROBP
and WDFY4 hub genes was found to be singificantly associated with unfavorable overall
survival in LGG patients, as indicated by hazard ratio (HR) values above 1 and p-values < 0.05
(Figure 36). For CYBB, a HR value of 1.3 was not statistically significant (p = 0.14). Therefore,
LGG patients with enhanced expression of these pivotal genes have an increased mortality risk,
and may die at a higher rate per unit time as compared to patients with decreased expression of

the corresponding genes.
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Figure 36. Kaplan—Meier curves depicting the prognostic significance of seventeen signature genes (A) CD74, (B) CD86, (C) CDC25A, (D)
HLA-DRA, (E) ITGB2, (F) KIF11, (G) KIFC1, (H) LAPTM5, (I) LMNB1, (J) MKI67, (K) NCKAPLL, (L) NUSAP1, (M) SLC7A7, (N) TBXAS1,
(O) TOP2A, (P) TYROBP and (Q) WDFY4 for overall survival in LGG patients. The HR “HR (high)” and the corresponding p-values “p(HR)”
are indicated. The 95% confidence intervals (Cl) are denoted by dotted lines. The number of high-risk and low-risk LGG patient groups are
represented by “n(high)” and “n(low),” respectively.
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5. DISCUSSION

Gliomas are tumors that originate from glial cells which support the central nervous
system. Based on the general classification of gliomas, there are four major grades of gliomas
ranging from low-grade to high-grade or glioblastoma, the malignant form. Due to cancer
heterogeneity, diagnosis is difficult, even for experienced medical doctors. Sometimes even
scanned images of brain can be confusing because some types of gliomas resemble each other.
Therefore, glioma treatment options become highly debatable. In the case of wrong diagnosis,
treatments may result to decreased life standards due to after-treatment effects or even reduced
life span. In this study, it was aimed to detect potential diagnostic and prognostic biomarkers
between TCGA-derived and GTEXx-derived gene expression data.

Due to the advancement of high-throughput technologies, researchers can access NGS
generated data easily. In this study, LGG gene expression (RNA-Seq) data were acquired from
TCGA, which is a collective database of sequenced genomes from samples across many cancer
types. The corresponding control data were obtained from the corresponding normal brain tissue
from GTEX. Differential gene expression analysis was performed between these two RNA-Seq
datasets, followed by weighted gene co-expression network analysis. The detected DEGs
between TCGA and GTEx samples were used to identify hub genes based on twelve different

algorithms for network topology.

As a cross-platform validation option, LGG RNA-Seq data were extracted from the
GEO database and transcriptomic profiling was performed by following the same procedure as
in the case of TCGA data. DGEA between GEO-LGG and GTEx normal brain samples was
performed, followed by WGCNA.

Collectively, 4496 genes were detected between TCGA and GTEx samples, of which
531 were up-regulated and 3965 were down-regulated. On the other hand, there were detected
8049 genes between GEO and GTEx samples, of which 4000 of were up-regulated and 4049
were down-regulated. In addition, there was a rather significant 60% overlap between the
TCGA-GTEx and GEO-GTEx DEGs with respect to TCGA DEGs.

WGCNA of those TCGA-derived and GEO-derived LGG DEGs associated with

clinicopathological traits, resulted in two significant modules comprised of 363 genes and seven
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modules consisting of 2617 genes, respectively. There was also a 17% overlap between the
clinically related DEGs of TCGA and GEO with respect to TCGA DEGs.

By using the genes within selected modules correlated with clinical traits for network
topology analysis, a total of eighteen ‘hub’ genes were identified: CD74, CD86, CDC25A,
CYBB, HLA-DMA, ITGB2, KIF11, KIFC1, LAPTM5, LMNB1, MKI67, NCKAP1L, NUSAP1,
SLC7A7, TBXASL, TOP2A, TYROBP, and WDFY4.

CD74 codes for a protein that regulates antigen presentation to immune cells. In general,
CD74 was demonstrated to play a role in the development of many types of cancers. In a study
by Xu et al. (2021) revealed that CD74 expression was higher in glioma cells compared to
normal brain cells. Moreover, the expression of CD74 was higher in HGG compared to LGG.
It was suggested that CD74 is a biomarker of LGG for poor prognosis and also could be a
therapeutic target for glioma [51]. In another study, expression of CD74 was shown tocontribute
to resistance to treatments (themozolomide) in GBM [52]. In our study, CD74 was found to be
up-regulated in TCGA-LGG samples.

CD86 is another protein-coding gene and expressed by antigen presenting cells. A recent
study by Ahmed et al. (2022) explored tumor microenvironment. Their study suggests that
CD86 may actually be a potential biomarker for prognosis of GBM and found that mRNA
expression of CD86 was high in GBM patients [53]. Also, Qiu and coworkers (2021) found that

CD86 overexpression is an unfavorable marker for LGG prognosis, as in our study [54].

CYBB gene encodes the beta chain of Cytochrome b. This protein has a crucial function
in ion channels and beta chain. In a study where screening for biomarkers of LGG was
performed, CYBB was shown to be one of the key DEGs [55].

Although HLA-DMA was previously associated with breast cancer, it is also known to
have a role in cancer progression and resistance to drugs. Yin et al. (2022) found HLA-DMA to
have prognostic value in GBM [56]. We also found HLA-DMA to be up-regulated in our TCGA-

LGG samples and represent a potential prognostic marker of LGG.

ITGB2 codes for the beta chain of an integrin which forms integrin heterodimers.
Integrins are basically involved in cell-surface related functions such as cell adhesion or
signaling. A recent study by Xu and coworkers (2022) examined ITGB2 gene in terms of

prognosis in glioma patients. They found that the glioma grade increases relatively to the
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expression level of ITGB2, and they suggest that ITGB2 could be a novel predictor for glioma
[57]. Another study that aimed to detect hub genes by using data derived from TCGA and
CGGA in LGG found ITGB2 to be a key gene. Including ITGB2, several key genes of this study

are also similar to the one identified in our study [58].

KIF11, shown to be up-regulated in LGG, encodes a motor protein which plays a role
in the spindle dynamics of cells. A study about the inhibitory effects of KIF11 on mice found
that KIF11 is up-regulated in GBM, specifically in proliferating and migrating cells [59]. One
important reason that KIF11 represents a good target is that its mostly explored inhibitors are
not neurotoxic [60]. Another study found that KIF11 was up-regulated in gliomas and also was
negatively associated with the survival of patients, based on TCGA-derived data. Moreover, it
is suggested that KIF11 is necessary for the stemness of glioma cells and thereby cell

proliferation [61].

KIFC1, a kinesin motor thought to have a role in the clustering of the centrosomes of
cancer cells, is involved in several types of cancers. Wu and coworkers (2021) found that there
is elevated expression of KIFC1 in GBM and its inhibition suppressed proliferation and
resistance to temozolomide [62]. Another study showed that KIFCL1 is up-regulated in Grade
I11 gliomas [63], like in our study.

LAPTM5 encodes protein E3 which is a transmembrane receptor. There are
controversial results regarding the role of LAPTM5 in gliomas. A study found LAPTMD5 to be a
biomarker of poor prognosis in GBMs [64]. On the other hand, another study found LAPTM5
to be a tumor suppressor and its inhibition actually promoted invasiveness of GBMs based on
in vitro and in vivo experiments [65]. Nevertheless, in this study we found LAPTM5 to be up-
regulated in LGG and also to be a poor prognostic marker for the overall survival of LGG

patients.

The product of LMNBL1 is one of the three component proteins of nuclear lamina. In a
recent study based on microarray data, it was shown that LMNB1 expression was higher in
gliomas, and was also related with poor survival rates. Moreover, inhibition of LMNB1
suppressed glioma proliferation [66]. Another study showed that LMNBL1 is up-regulated in
glioma cells. They have also shown that overexpression of lamin genes causes abnormalities in

human astrocytes which are actually glial cells that support the central nervous system [67].
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NCKAP1L, found to be up-regulated in our study, was also found to be a hub gene in
LGG in another study, using TCGA and CGGA data. In the same study, the genes LAMCI,
CD74, HLA-DMA, ITGB2, TYROBP, LAPTM5, and CYBB [68], which were also identified in

our study, were shown to constitute hub genes.

SLC7AT belongs to the family of solute carrier 7 genes, which have a role in nutrition
intake since they are transporters. In a study, where the genes of this family were examined in
LGG by using TCGA-derived data, it was shown that SLCA7A was significantly up-regulated
in patients with LGG and was also a poor prognostic marker [69], similarly to the findings of
our study. In another study, they examined a Chinese population of 736 glioma patients and
793 normal subjects and found that polymorphisms in SLC7A7 actually contribute to the
heterogeneity of gliomas [70].

TBXASL1 codes for a member of the cytochrome P450 superfamily. These proteins have
arole in drug metabolism and also the synthesis of fat molecules. A study found high expression
of TBXAS1 in diffuse LGG patients, which was also associated with poor overall survival [71],

like in our study.

The product of TOP2A is a DNA topoisomerase with a critical role in transcription. A
novel variant of TOP2A was identified in GBM patients, which was associated with altered
transcriptional regulation and decreased survival [72]. Another study also supports the
relationship of TOP2A upregulation of with poor prognosis in gliomas, and also suggests that
MKI67, another hub gene found to be upregulated in our study, is correlated with TOP2A
overexpression [73]. TYROBP encodes a transmembrane signaling protein. In a study by Lu
and colleagues (2021), where glioma datasets derived from Oncomine, GEPIA2 and CGGA
were examined, it was found that TYROBP was one of the hub genes, upregulated in LGG.
Their results revealed also that TYROBP was implicated in pivotal signaling pathways such as
JAK-STAT, suggesting that TYROBP could actually contribute largely to LGG, through its

involvement in signaling networks [74].

Symptoms of brain tumors, with headache being the most common one, are generally
considered to be non-significant or possibly benign tumors, thereby leading to poor diagnosis
and prognosis. The hub genes detected in this study could represent a rapid way to possibly test
their significance in brain neoplasms through blood tests. In a study by Butler and colleagues
(2019) tested a methodology, called ATR-FTIR, on blood tests, and successfully differentiated
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brain cancer and normal cells with a 93.2% sensitivity and 92.8% specificity. Another study by
Podnar and colleagues (2019) used machine learning on blood tests of patients with brain
tumors in order to investigate any differences with 96% sensitivity and 74% specificity [75,
76]. In a similar manner, the eighteen signature genes identified in this study could be tested for

their diagnostic potential for patients with gliomas.
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6. CONCLUSION AND FUTURE ASPECT

In this study differential gene expression analysis, weighted gene co-expression network
analysis and network-based analyses were performed in order to detect signature genes of
particular importance in LGG. We detected eighteen hub genes, all up-regulated in LGG, and
also significantly associated with unfavorable prognosis in LGG patients. Their significance in
LGG was also examined on the basis of their relationship with LGG clinical traits. Therefore,
these genes could be taken into consideration in the clinical setting as candidate diagnostic or
prognostic biomarkers, for the accurate, timely and cost-effective diagnosis of LGG and for
monitoring LGG patients’ progression. The findings of this study could lay the foundation for
further in vivo and in vitro experimental studies towards the elucidation of the underlying

mechanisms of low-grade glioma genesis.
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