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ABSTRACT

AIM: To compare central nervous system (CNS) tumors, such as paraganglioma, low-grade glioma (LGG), and glioblastoma (GBM),
in terms of driver genes and gene expression, and to investigate the roles of common driver genes and genes with altered expression
in cellular proliferation mechanisms and their interactions.

MATERIAL and METHODS: Mutation datasets for pheochromocytoma/paraganglioma, LGG, and GBM from The Cancer Genome
Atlas (TCGA) database were used for driver gene prediction. Six datasets from the Gene Expression Omnibus (GEO) database were
used for differential gene expression analysis. A hybrid approach combining clustering and computational biology methods was
applied to identify driver genes. Gene expression analyses were repeated for two gene expression datasets for each tumor type,
and the intersection of the results was taken. Protein interaction analyses, overall survival analyses, and carcinogenesis-related
functional analyses were performed on the common driver genes and the genes with the most significant changes in expression.

RESULTS: ATRX, NF1, MUC16, and TTN were identified as driver gene candidates for all three tumor types. FSTL5, GABRG2,
VSNL1, and LPL were found to be the genes with the most altered expression across all tumor types. Our findings suggest that,
while CNS tumors with similar symptoms share molecular features, they can be more accurately differentiated through detailed
investigation of the expression and mutation burden of the identified genes. This may also help accelerate the treatment planning
process.

CONCLUSION: This study confirms that paraganglioma, LGG, and GBM may share common mutational and expressional gene
patterns. The identified genes may serve as potential therapeutic targets in the treatment of glial and neuroendocrine tumors.
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H INTRODUCTION among the most complex types of cancer. They encompass

a wide variety of tumor types that, while anatomically similar,
entral nervous syst.em (CNS) .tumor.s are ma;sgs that differ in morphology, etiology, origin, molecular biology,
affect nerve and glial cells, with a high morbidity rate,

. and clinical progression (6). There are more than 120 types
although more than half are benign. CNS tumors,

. . N of CNS tumors, and malignant ones are a leading cause of
which make up approximately 1.6% of all human tumors, are je4th in both adults and children (2). The 5-year survival rate
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for malignant CNS tumors across all ages is around 36%, but
survival expectations vary depending on tumor characteristics
(12).

Recent statistics indicate an increase in the incidence of CNS
tumors. Understanding their epidemiology is crucial for early
diagnosis, treatment, and the development of new therapeutic
methods (8).

The literature reveals that studies in this field generally focus
on the classification of CNS tumors and brain tumors, a
subset of CNS tumors (3,5,11). Clinical single case reports are
also available (1,13,15).

This study compares driver genes and gene expressions be-
tween paraganglioma, low-grade glioma (LGG), and glioblas-
toma (GBM), all types of CNS tumors. The roles of common
driver genes and genes with altered expression in the cellular
proliferation mechanism, as well as their interactions, were
also investigated.

The World Health Organization (WHO) grades CNS tumors on
a scale from 1 to 4. Grade 1 tumors grow slowly and tend
not to spread, while Grade 4 tumors are the most aggressive.
Paragangliomas are classified as Grade 1, 2, or 3, low-grade
gliomas as Grade 1 or 2, and glioblastomas as Grade 4 tumors
(7).

Non-epithelial neuroendocrine neoplasms, known as paragan-
gliomas, predominantly produce catecholamines and secrete
them into the bloodstream like hormones. These tumors have
a high genetic predisposition and can be either sympathetic
or parasympathetic. The term pheochromocytoma refers spe-
cifically to intraadrenal paragangliomas, which represent the
classic sympathetic form (7). Gliomas are tumors that develop
in the glial cells supporting the CNS, constituting 30% of all
CNS tumors. Approximately 55% of glioma cases present as
glioblastoma, an aggressive tumor (6).

Cancer is a multifactorial and complex disease. Genetic alter-
ations play a key role in carcinogenesis, making comprehen-
sive bioinformatics analyses essential for understanding fac-
tors in disease progression. The publicly available The Cancer

Genome Atlas (TCGA) and Gene Expression Omnibus (GEO)
databases provide access to functional genomic datasets of
various types of human cancer (4,14), facilitating a range of
analyses.

In the current study, data from both databases enabled a
detailed examination of the relationship between gene mu-
tations, expression changes, and various CNS malignancies.
First, a domain-specific clustering method was developed
for each of the tumors mentioned, allowing for driver gene
predictions. Differential gene expression analyses were then
performed. The intersections of predicted driver genes and
significantly altered genes were identified, and their interac-
tions were investigated. Additionally, function analyses related
to carcinogenesis and expression-dependent survival studies
were conducted for the relevant tumor types.

B MATERIAL and METHODS
Prediction of Driver Genes

The general process for predicting cancer driver genes is
outlined in Figure 1, with a detailed flow diagram provided in
Figure 2. The analyses were coded in RStudio using version
4.3.0 of the R programming language and in Jupyter Notebook
using version 3.10.9 of Python. These analyses were performed
using somatic mutation datasets for pheochromocytoma/
paraganglioma (PCPG), LGG, and GBM, all of which were
downloaded from the TCGA database.

The impact value of each mutation was scaled from 1 to 5,
with low-impact mutations assigned a value of 1 and high-
impact mutations a value of 5. Mutations with medium impact
were given values in the range of 2 to 4. This scaling was
based on the SIFT and PolyPhen variables from the mutation
dataset, with missing values for these variables filled using the
mean value of 0.5.

Weighted mutation scores were calculated using the entropy
criterion weighting method. The number of frameshift muta-
tions, which may result in loss or gain of function, and the
number of mutations altering start/stop codons were also in-

Obtain mutation data

Downloading cancer somatic mutation data from
TCGA database and getting statistical graphics

Clustering
@ rsnrsEmasssnrss s s E s E s E s a R RN EEERS N EEEEERSEREEERERSER R ERAREE
Assignment of genes to two clusters: 'Driver' / 'Non-

Driver' (1/0)

Determination of gene lengths

Finding gene base length values

Attribute weighting

Determining the effect of each attribute on the
decision of which cluster the gene will be in by using
the entropy method

Figure 1: General process steps of driver gene prediction.

464 | Turk Neurosurg 35(3):463-473, 2025



Acar S. et al: Genes in Central Nervous System Tumors

Step 1: Gen Lengths
Finding and recording
the base lengths of
all genes

NV

=

tep 5: Gene Based Weighted
Mutation Values
Calculating the weighted mutation
DD values of genes by summing the
weighted scores of mutations
occurring in each gene.

Step 9: Detection of Genes That
Differ Significantly from Others
Detection of genes that exhibit
upward anomalies in terms of
weighted mutation score and
frequency and number of mutations
using the Interquartile Range method

Step 2: Data Preprocessing
Obtaining TCGA
mutation data and

data preprocessing

R
~

Step 6: Gene Based Weighted
Mutation Frequencies
Finding weighted mutation
frequencies by dividing the
weighted mutation values of
genes by the gene base lengths

Step 10: Assignment of Genes to
Clusters (1: Driver, 0: Non-Driver)
Genes that show anomalies according

to the criteria specified in step 9 are

included in the Driver Gene cluster,
and the others are included in the
Non-Driver Gene cluster.

Step 3: Criterion Weighting
Calculation of the impact coefficients
of selected features (SIFT, PolyPhen,

Impact) on mutation formation
using the Entropy method

Step 7: Number of Frame Shifts and
Mutations Changing the Start/Stop
Line Contained by Genes
Determining the number of
significant mutations
each gene has

Step 4: Weighted Mutation Scores
Calculating the weighted value

of each mutation using
the feature weights
found in step 3

1

)
=
%2

Step 8: Elimination of Genes with
Below-Average Mutational Burden
Elimination of genes with
weighted mutation scores
below the average weighted

mutation value

Figure 2: Detailed flow diagram of driver gene prediction method.

cluded in the analysis. After scoring all genes based on their
mutations, genes with a total weighted mutation score below
the average were first eliminated to narrow down the gene set
potentially associated with the tumor. The Interquartile Range
(IQR) method, commonly used to identify outliers in data min-
ing, was then applied for further elimination. In descriptive sta-
tistics, the IQR measures the spread of data by covering the
middle 50% of a sorted dataset, calculated as the difference
between the third quartile (Q3) and the first quartile (Q1) (i.e.,
Q3-Q1).

Differentially Expressed Genes Analysis

For the expression analysis, datasets coded GSE50442 and
GSE67066 for PCPG, GSE21354 and GSE26576 for low-

grade glioma, and GSE13276 and GSE50161 for glioblastoma
were downloaded from the GEO database. Data on pheochro-

mocytoma and high-grade gliomas (other than glioblastoma)
were excluded from the analysis. Coding was performed in
RStudio using version 4.3.0 of the R programming language
and the “limma” method. In each dataset, the top 100 genes
with the most significant decrease in expression and the top
100 genes with the most significant increase in expression,
compared to normal tissues, were identified. The intersection
of these results across datasets was then analyzed. A flow
diagram of the study process is shown in Figure 3.

Survival and Carcinogenesis-Related Function Analysis

Overall survival analysis for PCPG, LGG, and GBM tumors
was conducted in RStudio using version 4.3.0 of the R
programming language. Survival analyses were performed
for the PCPG, LGG, and GBM cancer cohorts in relation
to the expression of common driver genes and genes with
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significantly altered expression identified through the driver
gene prediction and differential expression analyses. At this
stage, the GEPIA2 tool was utilized (10).

In addition to overall survival analysis, the carcinogenesis-re-
lated gain-of-function of the relevant genes was investigat-
ed. Using the CancerSEA database and web application (16),
functional correlations between genes with the most signifi-
cantly altered expression and carcinogenesis in PCPG, LGG,
and GBM tumors were analyzed using datasets GSE84465
and GSE102130.

Protein—-Protein Interaction Analysis

Interactions between genes associated with carcinogenesis,
identified through driver gene prediction and expression
analyses, were obtained using the widely known web-based
STRING software (9). STRING constructs protein interaction
networks based on both physical and functional associations
of proteins, derived from known relationships and predictions.

B RESULTS

Common Candidate Driver Genes for PCPG, LGG, and
GBM

The PCPG dataset in the TCGA database contains 1,946
somatic mutation records, while the LGG and GBM datasets
contain 32,780 and 55,177 records, respectively. After running
the algorithm, 14 candidate driver genes were identified for
PCPG, 26 for LGG, and 55 for GBM. The genes with the
highest weighted mutation values are shown in Table I.

Four common driver genes were identified across all three
tumors: ATRX, NF1, TTN, and MUC16. Ten common driver
genes were found between LGG and GBM, including TP53,
PTEN, EGFR, PIK3CA, PIK3R1, and SYNE1. Graphs showing
the expression levels of these ten genes in tumor and normal
tissues within TCGA cancer cohorts were generated using
the GEPIA2 web application and are presented in Figures
4, 5, and 6. Analysis of these graphs shows that, except for
MUC16, these genes are associated with poor prognosis in
many cancer types, not just PCPG, LGG, and GBM.

Quality Control

Preprocessing
(Normalization,
Background Correction)

°Calculntion of Expressions

Tk
il

Labeling of Samples
(Tumor/Normal)

K,

Establishing
the Limma Model

o Calculation of Expression

Level Differences
Between Groups

°Finding the Top 100 Genes
with the Most Increased
Expression Compared to the
Expression Level in Normal

/1 Samples

Finding the Top 100 Genes
with the Most Decreased
Expression Compared to the
Expression Level in Normal

e

o Repeating the Same Steps
with Another Dataset
Belonging to the Same
Tumor Type

Samples

o Taking the Intersection of

the Genes Whose Expression
Increased and Decreased the

Most As a Result of Two Analyzes

Figure 3: Flow diagram of the DEG analysis study.
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Table I: Candidate 30 driver genes identified by our algorithm in PCPG, LGG and GBM

PCPG LGG GBM
Gene TWMS NFSLM Gene TWMS NFSLM Gene TWMS NFSLM
NF1 25.87 16 TP53 433.19 61 TP53 250.86 61
HRAS 12.4 0 ATRX 321.96 173 PTEN 238.37 173
EPAS1 10.74 0 IDH1 286.91 0 TTN 206.12 0
ATRX 10.09 6 CIC 197.56 66 EGFR 182.43 66
RET 7.22 0 TTN 103.77 12 NF1 101.44 12
SCRIB 6.45 1 FUBP1 72.34 45 MUC16 100.81 45
MUC16 6.13 1 NF1 62.96 36 LRP2 72.39 36
CSDE1 5.83 4 NOTCH1 60.25 11 ATRX 72.14 11
TGDS 4.03 0 PIK3CA 47.51 1 RYR2 70.86 1
TTN 3.73 1 EGFR 42.07 1 RB1 64.44 1
TWMS: Total weighted mutation score, NFSLM: Number of Frameshift and start/stop lost mutations.
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Figure 4: Expression levels of A) ATRX, B) EGFR, C) NF1 and D) PIK3CA genes in tumor and normal tissues.

Differentially Expressed Genes Analysis

The Limma method was employed to identify the top 200
genes (comprising the top 100 positively and the top 100
negatively expressed genes) whose expression changed the
most in tissue samples from patients with PCPG, LGG, and
GBM. Two separate expression datasets for each cancer
cohort were analyzed, and the intersection of the results was

determined. Common genes across PCPG, LGG, and GBM
were identified, along with the intersections between PCPG-
LGG, PCPG-GBM, and LGG-GBM, which were also analyzed.
As a result, one gene with the highest increased expression
(LPL) and three genes with the highest decreased expression
(FSTL5, GABRG2, and VSNL1) were found to be common
across all three tumor types (see Tables Il and Ill). Graphs
illustrating the expression levels of these genes in tumor and
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Figure 5: Expression levels of A) PIK3R1, B) PTEN and C) SYNE1 genes in tumor and normal tissues.
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Figure 6: Expression levels of A) TP53 and B) TTN genes in tumor and normal tissues.

Table Il: Common Genes with the Most Decreased Expression for
PCPG, LGG and GBM

Gene logFC_PCPG IlogFC_LGG logFC_GBM
FSTL5 -4.44 -3.66 -4.3
GABRG2 -2.13 -4.05 -5.49
VSNL1 -1.6 -4.2 -2.55

Table Ill: Common Genes with the Most Increased Expression for
PCPG, LGG and GBM

Gene
LPL

logFC_PCPG
1.85

logfFC_LGG
3.9

logFC_GBM
2.45
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normal tissues from TCGA cancer cohorts were generated
using the GEPIA2 web application and are presented in
Figure 7. Analysis of these graphs indicates that LGG and
GBM are the tumor types with the most significant expression
change rates between different groups. The binary cluster
intersections revealed a greater number of genes, with the
highest intersection rate observed between LGG and GBM. In
this cluster, 60 genes exhibited the most significant decrease
in expression, while 12 genes showed the most significant
increase. Overall, it has been observed that gene expressions
tend to change more significantly in the direction of decrease.

Overall Survival Analysis for PCPG, LGG, and GBM Tumors

Upon examining the overall survival analysis curves for all
three tumor types, it was found that PCPG had the highest
overall survival rate, while GBM exhibited the lowest. Survival
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Figure 7: Expression levels of A) LPL, B) FSTL5, C) GABRG2 and D) VSNL1 genes in tumor and normal tissues.

analyses were conducted to evaluate the prognostic roles of
the common genes identified in our driver gene prediction
and expression analysis study within the relevant cancer
cohorts. The results indicated that genes with significantly
decreased expression (FSTL5, GABRG2, and VSNL1) and
low expression of the candidate driver genes ATRX, NF1,
and TTN are associated with lower survival rates. Conversely,
high expression of the LPL gene, which showed significant
increases across all three tumor types, was also associated
with lower survival rates (Figure 8). Additionally, low expression
of PTEN and SYNE1, common driver gene candidates for
LGG and GBM, correlated with lower survival rates. High
expression levels of TP53, EGFR, PIK3CA, and PIK3R1 were
likewise associated with reduced survival rates (Figure 9).

Single-Cell Function Analysis for Common Genes with the
Most Changed Expression Rate

Using CancerSEA, a database that shows different functional
states of cancer cells at the single-cell level, we conducted
functional analyses of the common genes (LPL, FSTL5,
GABRG2, and VSNL1) that exhibited the most significant
changes in expression in PCPG, LGG, and GBM tumors. The
analysis revealed that these genes positively correlate with
epithelial-mesenchymal transition (EMT), invasion, cell cycle,
and metastasis functions in LGG (Figure 10A). In GBM, these
correlations were even stronger, with the genes also positively
linked to inflammation, angiogenesis, hypoxia, and apoptosis
functions (Figure 10B).

Protein Interactions Between Candidate Driver Genes

Protein interactions among common candidate driver genes
identified for PCPG, LGG, and GBM tumors, as well as those

for LGG and GBM, were obtained using STRING software
(Figure 11). Developed by a consortium of several academic
institutions, the STRING database encompasses both phys-
ical and functional relationships of protein interactions, with
data weighted and integrated using a confidence score for all
interactions.

Examination of the interaction network reveals a high
correlation between the genes involved, indicating strong
interactions among them.

B DISCUSSION

Malignant nervous system tumors are prevalent worldwide
and present significant treatment challenges (7). This study
utilized comprehensive bioinformatics analyses to identify
common mutational and expression changes in paragangli-
oma, low-grade glioma, and glioblastoma, which are types of
CNS tumors. Driver genes were predicted using a molecular
clustering algorithm applied to somatic mutation data, while
differential expression analyses were conducted using gene
expression data. The intersections of the results from these
analyses for each tumor type were examined. Our findings in-
dicate that the driver genes ATRX, NF1, and TTN, which exhibit
significant mutations, along with the genes LPL, FSTL5, GA-
BRG2, and VSNL1, which show the most pronounced chang-
es in expression, contribute to carcinogenesis by promoting
cell proliferation across all three tumor types. Additionally, we
observed that the common candidate driver genes identified
for PCPG, LGG, and GBM, as well as those found specifically
for LGG and GBM, demonstrate intense physical and func-
tional interactions with one another. A noteworthy outcome
of this study is that the expressions of common genes, which
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significantly change, vary almost exclusively in nervous sys-
tem tumors; conversely, the expression of common candidate
driver genes has undergone substantial changes across many

tumor types.

Another important finding is the positive correlation between
the common genes with the most significant changes in
expression and carcinogenic processes, such as epithelial-
mesenchymal transition, metastasis, and invasion, particularly
evident in the single-cell function analyses for LGG and
GBM. Although these genes do not exhibit a significant

Strata = admindisease_code=gbm - admin.disease_code=Igg =+ admin.disease_code=pcy

Overall Survival

Overall Survival

1.00 ‘C—) T — Low LPL Group S 1 — Low FSTL5 Group
— High LPL Group —— High FSTL5 Group
Logrank p=0.0014 Logrank p=0
o | n(high)=429 o | n(high)=429
e n(low)=429 e n(low)=428
075 a E
2 2
S <o | S o |
2 D 5 ° 5 °
H 7} »
H c <
2050 O < O <
g O S 7 O S 7
£ @ o)
7] o o
N N
025 e °
=t t
p <0.0001
S <
o o
T T T T T T T T T T T T
000 0 50 100 150 200 250 300 0 50 100 150 200 250 300
@ 0 2500 '?3:(; 7500 10000 Months @ Months
Overall Survival Overall Survival Overall Survival
2 4 —— Low GABRG2 Group 2 4 —— Low VSNL1 Group 2 —— Low ATRX Group
—— High GABRG2 Group —— High VSNL1 Group —— High ATRX Group
Logrank p=1.8e-15 Logrank p=0.11 Logrank p=0.8
o | n(high)=429 o | n(high)=429 o | n(high)=215
s n(low)=429 s n(low)=429 S n(low)=215
> <« > <« > <
5 ° 5 ° 5 °
(%] (2] "
= = =
Q < | @Q < | Q < |
g =] g =) g o
o o o
o | o o
(=} o (=]
< | < | o |
o o o
T T T T T T T T T T T T T T T
0 50 100 150 200 250 300 0 50 100 150 200 250 300 0 50 100 150
@ Months @ Months ® Months
Overall Survival Overall Survival
3 N — Low NF1 Group 3 1 —— Low TTN Group
—— High NF1 Group —— High TTN Group
Logrank p=0.061 Logrank p=4.7e-06
o | n(high)=215 o | n(high)=213
° n(low)=215 ° n(low)=168
© ©
2 2
> 9 > 9
5 ° 5 °
7} 7}
P P
c c
Q < | Q <+ |
© o © o
[0} o}
o o
S 'UII_L—H e
o o
< | < |
o o
T T T T T T
0 50 100 150 0 50 100 150
@ Months @ Months
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genes in PCPG, LGG and GBM obtained with Kaplan-Meier method.
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Figure 9: Overall survival curve of A) PTEN, B) SYNE1, C) TP53, D) EGFR, E) PIK3CA and F) PIK3R1 gene in LGG and GBM obtained
with Kaplan-Meier method.
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PIK3R1

Figure 11: Protein interactions between common candidate
driver genes (pink, blue edges: known interactions; green, red,
purple edges: predicted interactions).

mutation burden according to the somatic mutation data we
analyzed, their expression changes appear to be influenced
by epigenetic mechanisms.

H CONCLUSION

Our findings confirmed the hypothesis that there may be some
common molecular changes in the development of PCPG,
LGG, and GBM tumors with different grades and identified
which genes may have prognostic value in carcinogenesis
for these three tumors. It is hoped that the mutational and
expression patterns revealed by this study will provide
valuable information in the diagnosis and treatment of CNS
tumors.
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