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ABSTRACT

Epithelial to mesenchymal transition (EMT) plays a critical role in tumor progression and
metastasis, including in gliomas. To examine and interpret data on major genes involved in
EMT and associate their changes with low-grade (LGG) and/or high-grade (HGG) gliomas,
data from the cBioPortal—a publicly available database for tumor genomics and
transcriptomics, were collected for 13 genes: CDHI, CDH2, CTNNBI, LEF1, NOTCH],
SNAII, SNAI2, SOX2, TJP1/Z01, TWISTI, VIM, ZEB1, and ZEB2. The dataset included
mutations, copy number alterations (CNA), and changes in transcript levels reported for each
gene. The genes were additionally validated by gene expression on the GlioVis portal,
STRING protein network analysis, survival analysis, and experimentally with qRT-PCR.
Glioblastoma and diffuse glioma harbored changes in all 13 analyzed genes, while anaplastic
oligodendroglioma and anaplastic astrocytoma in 46.15%, oligodendroglioma in 23.08%, and
oligoastrocytoma in 15.38%. NOTCH1 and SOX2 were most affected by changes. The
NOTCH]1 gene was statistically more frequently changed compared to CDHI, CTNNBI, and
ZEBI (p <0.05). The virtual study showed that alterations in NOTCH1 and LEF'] were
associated with LGG, while alterations in CDHI, CTNNBI, TJP1, TWISTI, SOX2, VIM,
ZEBI, and ZEB?2 were associated with HGG. Differential expression analysis stratified for
IDH 1 mutations showed that /DH-mutant glioblastoma had significantly lower CDH?2,
LEF1 and SNAII expression, and higher ZEB. Gene expression in different glioblastoma
subtypes showed that the 7JP1/Z01 gene was associated with the classical subtype, while
ZEB?2 was associated with the proneural subtype. qRT-PCR confirmed GlioVis mRNA
expression data for NOTCHI, SOX2, CDHI, CTNNBI, TJP1/Z0-1, VIM, TWISTI, and
partially for SNAII (SNAIL), SNAI2, and CDH2. Our study shows consistent changes in genes
involved in EMT in gliomas of different grades. Additional research is needed to confirm the

knowledge brought by this study.
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INTRODUCTION

Epithelial-to-mesenchymal transition (EMT) is a molecular program by which a cell acquires
migratory abilities. Cells lose epithelial characteristics and tissue integrity, and develop a
mesenchymal phenotype [1, 2]. Besides its central role in embryonic development, EMT is
also important for wound healing, tissue fibrosis, and tumorigenesis. In tumorigenesis, EMT
is responsible for invasiveness and metastasis [3]. However, the binary phenotypes, epithelial
and mesenchymal, cannot fully explain the real EMT phenomenon in clinical settings. As
evidenced by several distinct molecular processes that are engaged, the concept of EMT can
be regarded as a "spectrum" [4, 5]. Recent research has shown that there is a hybrid (partial)
EMT state characterized with both mesenchymal and epithelial features and associated with
increased cellular plasticity, collective migration, stemness properties and more pronounced
metastatic potential [6, 7, 8]. To describe the involvement of epithelial and mesenchymal
markers, as well as the activation of various EMT transcription factors (EMT-TFs) we
focused on the following genes, all sharing important roles in the EMT: CDHI, CDH?2,
TJP1/Z0-1, CTNNBI, LEF1, NOTCHI, SNAIl, SNAI2, SOX2, TWISTI, VIM, ZEBI and
ZEB2. Major markers of the epithelial phenotype are E-cadherin, encoded by the CDHI gene,
and tight junction protein-1 encoded by 7JP1/Z0-1 gene (TIP1, Zonula occludens-1, ZO-1).
The marker of mesenchymal phenotype is primarily N-cadherin encoded by the CDH?2 gene
[9], followed by vimentin, encoded by VIM, beta-catenin (gene CTNNBI), Lymphoid
Enhancer Binding Factor 1 (LEFI) and NOTCH 1. Additional genes coding for EMT-related
transcription factors (EMT—TFs) were also included in the study, SOX2, TWISTI1, SNAII,
SNAI2, ZEBI and ZEB2. EMT also plays a role in glioma tumors.

Gliomas are one of the most common intracranial tumors with great aggressiveness and
invasiveness. An important reason for the high invasion of glioma cells is the acquisition of
mesenchymal properties with the ability to invade and migrate [1, 10]. Gliomas, primary
tumors of the central nervous system (CNS), arise from glial cells. Now all gliomas are
grouped into one category based on mitotic activity, diffuse growth pattern, and the
mutational status of the /DHI and IDH?2 genes, together with several other molecular
biomarker tests. According to the World Health Organization (WHO) [11-13] tumors are
divided into four grades. Tumors are graded within tumor types rather than across different
types [13]. The prognosis of diffuse glioma depends on several factors including tumor grade.
Grades that were recorded on cBioPotral and included in our analysis were: diffuse gliomas

(grade 2), oligodendrogliomas (grade 2), oligoastrocytomas (grade 2), anaplastic



oligodendroglioma (grade 3), anaplastic astrocytoma (grade 3), and glioblastoma (grade 4).
Gliomas can also be grouped into low grade gliomas (LGG includes grades 1 and 2) and
high-grade gliomas (HGG includes grades 3 and 4). LGGs are brain tumors that mostly affect
young adults. They grow more slowly and are associated with a more favorable prognosis

compared to high grade gliomas (HGG).

Data from several studies available in the cBioPortal public database were analyzed in silico.
Molecular markers of EMT were compared between the LGG and HGG groups. We
hypothesized that specific changes in genes encoding mesenchymal phenotype markers are
associated with higher glioma grades, while changes in epithelial marker genes with lower
ones. We collected data on mutations, amplifications and deletions, and analyzed the specific
type and frequency of changes for each selected gene. The observed changes reported in
cBioPortal were validated by additional database search and qRT-PCR. We also performed in
silico analysis of gene expression across different glioma grades, survival analysis as well as

protein network analysis.

MATERIALS AND METHODS

cBioPortal

The analysis of selected genes in gliomas of different pathohistological types and grades was
performed using data in The cBioPortal for Cancer Genomics database [14, 15]. The analyses

included stored data on mutations, copy number alteration (CNA), and the expression of

mRNA.

Analyzed studies

Eight studies from the cBioPortal database were included, which contained 3497 samples,
obtained from 3143 patients. Collective studies had queried genes altered in 379 (12%) of
queried patients and 395 (11%) of queried samples. Selected studies were: Diffuse Glioma
(GLASS Consortium, Nature 2019) [16]- whole genome or whole exome sequencing analysis
of 444 adult patients; Glioma (MSK, Clin Cancer Res 2019) [17]- targeted sequencing on
MSK-IMPACT and FMI Panels of 1004 samples; Low-Grade Gliomas (UCSF, Science
2014) [18]- whole exome sequencing of 61 samples; Merged Cohort of LGG and GBM
(TCGA, Cell 2016) [19]- whole exome sequencing of 1.122 LGG and GBM tumor/normal
pairs; Brain Tumor patient-derived xenografts (PDXs) (Mayo Clinic, Clin Cancer Res 2020)
[20] - whole exome sequencing on a total of 106 samples; Glioblastoma (CPTAC, Cell 2021)

[21] - proteogenomic and metabolomic characterization of human glioblastoma and whole



genome or whole exome sequencing of 99 samples generated by CPTAC; Glioblastoma
(Columbia, Nat Med. 2019) [22]- whole-exome sequencing of 42 glioblastomas samples with
matched normals and Glioblastoma Multiforme (TCGA, Firehose Legacy) 619 samples —
source data from GDAC Firehose previously known as TCGA Provisional [14, 15]. Data on
mutations, changes in the number of copies (CNA - copy number alteration) and transcript
levels (mRNA) of each gene were downloaded and examined as a classic study. All
cBioPortal data have the same clinical criteria and equally processed and normalized data,
which enables comparative analysis of samples between different studies. After creating a
virtual study, graphical representations of gene analysis were made in Excel 2016
(Microsoft). Our virtual study, done in March 2025, has downloadable data available at [23].
The current version of the human genome that cBioPortal uses as a reference is
hg19/GRCh37. Portal RNA and DNA data were obtained from tumor samples and adjacent
normal tissue using an adaptation of the DNA/RNA AllPrep kit (QIAGEN). Pathologists
systematically reviewed the specimens to confirm the histopathological diagnosis applying
the criteria of the latest edition of the WHO classification for each tumor type. Copy number
data were generated on Affymetrix SNP 6.0 arrays using standard protocols from the Broad
Institute Genome Analysis Platform. CNAs are continuous gene copy number values
obtained as the difference between the copy number of the tumor gene and the reference.
Normalized continuous CNA values were processed using the copy-number analysis
algorithm Genomic Identification of Significant Targets in Cancer (GISTIC 2.0) indicating
the copy-number level per gene. Continuous values -2 were listed as deep deletions that
indicates a deep loss, a homozygous deletion. Values -1 or shallow deletion indicates a
shallow loss, a heterozygous deletion. Samples whose continuous CNA value was 0 were
declared as diploid samples with no gene copy number changes. Value 1 or gain indicates a
low-level gain (a few additional copies, often broad), while amplifications are characterized

with value 2 indicating high-level amplification (more copies, often focal).

The cBioPortal ensures comparability across datasets. Data from the PanCancer Atlas is
divided by tumor type, but these studies have uniform clinical elements, consistent processing
and normalization of mutations, copy number, mRNA data and are ideally processed for

comparative analyses.

All samples were statistically processed according to the following variables:
pathohistological diagnosis, frequency, and type of changes (mutation, CNA), malignancy

grade. Statistical analysis was performed using IBM SPSS Statistics 23.0 software (SPSS,
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Chicago, IL, USA) with a significance of p < 0.05. Gene alterations were analyzed in specific
tumor types using the Fisher's exact test. Correction for multiple comparisons was adjusted

with Benjamini—-Hochberg False Discovery Rate (FDR) method.

Gene expression in different glioma grades

Gene expression analysis across different glioma grades (WHO grade 2, 3, and 4) was
performed using the GlioVis online tool, including the TCGA GBMLGG dataset
(https://gliovis.bioinfo.cnio.es/). To assess expression differences among different glioma
types as well as glioblastoma subtypes, a one-way Analysis of Variance (ANOVA) was
performed independently for each gene. A Tukey’s Honest Significant Difference (HSD) test
was used to perform post hoc comparisons between groups [24]. To quantify the strength of
subtype effects, n? (eta squared) effect sizes were calculated from the ANOV A models. To
correct for multiple testing across all genes, ANOVA p-values were adjusted using the
Benjamini—-Hochberg False Discovery Rate (FDR) method. Additionally, FDR correction

was applied across all pairwise comparisons from the Tukey HSD tests.

Gene expression in glioblastoma
The Glioblastoma Multiforme study (TCGA, Firehose Legacy) was used for mRNA

expression analysis, which included data available for 619 samples.

For mRNA expression level data, next-generation RNASeq V2 RSEM (RNA-seq by
Experimentation Maximization) sequencing was downloaded. [25]. RNASeqV2 from TCGA
is processed and normalized using software RSEM. Specifically, the RNASeq V2 data in
cBioPortal corresponds to the rsem.genes.normalized results file from TCGA. A more
detailed explanation of RSEM output can be found at https://www.biostars.org/p/106127/.
cBioPortal then calculates z-scores. The expression data assigned from Illumina were batch-
corrected to correct platform variations between the GAII and HiSeq Illumina sequencers.
Additional corrections were made for various sequencing centers [26]. More precisely, the
RNASeq V2 data in cBioPortal matches the rsem.genes.normalized results file from TCGA.
cBioPortal mRNA expression data are calculated as relative expression of a specific gene in a
tumor sample to the gene’s expression distribution in a reference (all samples that are diploid

for the gene in question) population of samples [15].

During the data normalization process, expression data (RPPA) for protein were batch

effects-corrected and median-centered in both directions. Within cBioPortal, the protein data



were additionally processed and normalized with the calculation of the z-scores and

converted on the log scale.

Differential analyses stratified according to IDH1 status and glioma subtypes
Differential expression analysis was performed on TCGA GBMLGG dataset (obtained from
Gliovis [24]), stratified for Grade 2, Grade 3, GBM (glioblastoma) IDHI wt (wild type) and
GBM [DHI mut (mutated).

Subtypes analysis was also on GlioVis TCGA GBMLGG dataset, filtered for GBM IDHI wt
only. Both analyses were performed using R (4.4.0) and RStudio (2023.06.0). Statistical

significance was determined by One-way anova statistical test.

Validation by qRT-PCR

Glioma samples graded from 2 to 4 were collected from the University Hospital Center
“Zagreb”, University Hospital Center ,,Sestre Milosrdnice®, Zagreb and University Medical
Centre Ljubljana. Certified neuropathologists set the accurate diagnosis in concordance with
the most recent WHO classification [12]. The patients included in the study had no family
history of brain tumors and did not undergo any cancer treatment, prior to surgery, which
could affect the results of qQRT-PCR analyses. Altogether there were 18 samples grade 2
(LGG) of which 17 were IDH mutant and one was wild type (mean age = 40.22). HGG
gliomas consisted of 5 samples grade 3 of which 4 were /DH mutant and one was wild type.
Sixteen samples were grade 4 (glioblastoma, GBM) of which two were IDH mutant and 12
were wild type (two samples were not determined for /DH). Mean age of HGG patients was
55.7 years. Furthermore, 12 non-tumor reference brain tissues were collected as qRT-PCR

controls.

Quantitative real-time polymerase chain reaction (QRT-PCR) was performed to validate the
candidate genes. Experimental validation by qRT-PCR was performed on normal brain
tissues, LGG and HGG tissue samples. The GeneJET RNA Purification kit (Thermo Fisher
Scientific #K0702) was used to extract total RNA from brain tissue samples from both
healthy and tumorous subjects, while some of the RNA was already isolated as described in
[27]. The High-Capacity cDNA Reverse Transcription Kit with RNase Inhibitor (Applied
Biosystems #4388950) was used to reverse-transcribe equal amounts of RNA after it had
been treated with DNase I (Sigma-Aldrich #EN0521). Each sample was subjected to qRT-
PCR analysis using a constant quantity of cDNA using the gRT-PCR SYBR Green PCR
(Applied Biosystems, #4309155) or TagMan fast Advanced Mastermix (Thermofisher,



#4444557) based qRT-PCR. Supplementary Table S1 lists the primer sequences that were
employed. The relative quantification approach (AACt) was utilized to determine the target
gene expression for group comparisons normalized per beta-actin as an endogenous control.
To determine the target gene expression for group comparisons, a 7900 HT Real-Time PCR
System (Applied Biosystems) or QuantStudio 7 Pro (ThermoFisher) was utilized for real-

time fluorescence detection.

qRT-PCR validation of SOX2 and NOTCH1

For SOX2 and NOTCH |1 validation, RNA had been previously extracted as described in
earlier studies [27]. For each sample, 500 ng of total RNA was treated with DNase I (Roche)
at 30 °C for 15 minutes, followed by enzyme inactivation at 75 °C for 10 minutes. cDNA was
synthesized using the High-Capacity cDNA Reverse Transcription Kit (Thermo Fisher
Scientific), with the addition of RNase inhibitor (1 puL per reaction; Cat. No. N8080119,
Thermo Fisher). The reverse transcription protocol was carried out under the following
conditions: 10 minutes at 25 °C, 120 minutes at 37 °C, and 5 minutes at 85 °C. qRT-PCR was
performed using TagMan assays in a 5 pL reaction volume, containing 0.25 pL of the TagMan
gene expression assay, 2.5 pL of TagMan Gene Expression Master Mix, 2 puL of nuclease-free
water, and 0.25 pL of diluted cDNA. Thermal cycling was carried out under the following
conditions: 95 °C for 20 seconds for initial denaturation, followed by 45 cycles of 95 °C for

1 second and 60 °C for 20 seconds, with a final hold at 4 °C. All reactions were run in
technical triplicates. The probes used in the study were following: GAPDH Hs99999905 ml,
HPRT1Hs02800695 m1, SOX2 Hs04234836 s1, NOTCHI1 Hs01062014 ml (all from
ThermoFisher). Data was analyzed according to MIQE guidelines [28].qRT-PCR data is
shown as X + SEM. Data was analyzed as described before [29]. First, data was checked for
normality using Shapiro-Wilk test. As data did not follow normal distribution, non-
parametric Kruskal-Wallis test with Dunn's multiple comparisons test was applied. A
significance threshold was set at 0.05. GraphPad Prism version 9 was used to process and

display all of the data graphically (GraphPad Software Inc.).

Survival analyses

We performed age adjusted survival analysis for samples that were /DH 1 wild type (wt) and
those that carried /[DH mutations. Survival analysis was conducted on the
TCGA_GBMLGG dataset obtained from GlioVis [24], separately for GBM IDH wild-type
and GBM IDHI mutant samples. Patients were stratified into high and low expression groups

for each gene based on median expression. Kaplan—Meier curves were generated and
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compared using the log-rank test. Multivariate Cox proportional hazards models were used to
estimate hazard ratios (HRs) and 95% confidence intervals (Cls), adjusting for age. All
analyses were performed in R (v4.4.0) using RStudio (2023.06.0) with the survival and

survminer packages.

Protein network analysis

Protein network analysis was performed by the STRING online tool [30]. The following
genes were included into the analysis: CDHI, CDH2, TJP1/Z0-1, CTNNBI, LEF],
NOTCHI, SNAII, SNAI2, SOX2, TWISTI, VIM, ZEBI, ZEB2. The interaction score was set
to 0.9 (highest confidence) [31].

Ethical statement

The Ethics Committees of the School of Medicine, University of Zagreb (Case number: 380-
59-10106-20-111/126; Class: 641-01/20-02/01), University Hospital Center Zagreb (Case
number: 02/21 AG; Class: 8.1-20/108-2), and University Hospital Center ,,Sestre
Milosrdnice* (Case number: 251-29-11-20-01-9; Class: 003-06/20-03/015)have approved the
research. The use of human tissue samples was approved by the National Medical Ethics
Committee of the Republic of Slovenia (Approval Numbers: 92/06/12, 89/04/13, and
95/09/15). Reference samples were collected during autopsies in accordance with the legal
regulations of the Republic of Slovenia. All samples used in this study are anonymized. The
study adhered to the principles outlined in the Declaration of Helsinki with patients consent

to participate.

Data retrieved from the publicly available cBioPortal database do not require ethical
approval. All patients whose samples were used in this analysis signed an informed consent.
Since the data are not identifiable secondary data analysis does not require additional ethical
approval since it was already obtained at original analyses [16-22]. The secondary data
analysis was performed in compliance with the World Medical Association Declaration of
Helsinki on Ethical Principles for Medical Research Involving Human Subjects. The data is

properly anonymized making it impossible to identify individuals.

Pathway enrichment analysis
To explore how these genes interact within EMT pathways, enrichment analysis was
performed to indicate pathways where the selected EMT genes are involved. The genes were

analyzed with NDEx online tool (https://cytoscape.org/).



RESULTS

The overview of genetic changes distributed to glioma type

Our first analysis summarized all genetic changes reported for gliomas. Table 1 provides an
overview of a pooled analysis that eight studies found in 13 genes involved in EMT in low-
and high-grade gliomas (LGG and HGG). Mutations prevailed over amplifications and deep
deletions, while a small number of gliomas harbored multiple changes. Anaplastic
oligodendrogliomas (grade 3) contained the highest percentage of mutations, 29.03% (18/62
cases), and oligodendrogliomas followed with 16.79%. Anaplastic astrocytomas harbored
7.58%, oligoastrocytomas 6.25%, while mutations in glioblastoma were present in 5.91%
(98/1659 cases) and diffuse glioma in 4.91%. Although the percent of amplifications for
oligoastrocytomas was high 6.25% (1/16 cases), this frequency should be taken with caution
since only 16 samples were available. However, when other grade 2 glioma subtype is
observed, diffuse gliomas at 4.91% (65/1324 cases), it was shown that amplifications were
associated with grade 2 gliomas. Deep deletions were found in 0.54% of glioblastomas and in
0.98% of diffuse gliomas. Multiple changes were reported in 0.23% of diffuse gliomas, and

0.12% of glioblastoma cases.

Changes in the CDH1 and CDH?2 genes

Mutations were a predominant type of change for CDH1 gene, and only one case of
glioblastoma (0.06%) harbored deep deletion. CDH1 was most often mutated in
oligodendrogliomas, 2.19% (3/137 cases), and glioblastomas followed with 1.69% (28 cases).
As the grade of glioma decreased, so did the number of cases in which CDHI was mutated,
thus anaplastic oligodendroglioma harbored 1.16% and anaplastic astrocytoma 1.01%. The
lowest number of mutations were present in diffuse gliomas (grade 2) with only 0.38%
(5/1324 cases) (Figure 1). Seven mutations were characterized as drivers and oncogenic.
The results of the CDH?2 gene analysis were somewhat reciprocal to those obtained for the
CDH]1 gene (Figure 1). For instance, CDH1 mutations predominated in oligodendroglioma
and glioblastoma, while CDH2 mutations were not reported for oligodendroglioma.
Mutations were present in only 0.24% and 0.17% of glioblastoma and diffuse glioma,
respectively. CDH?2 was mutated most frequently (4.08%) in anaplastic astrocytoma (grade
3). Mutations were of unknown significance and none was characterized as oncogenic.
Contrary to CDH1, where no amplifications were found, amplifications of CDH2 were

present in a small percentage of diffuse gliomas and glioblastoma, 0.25% and 0.24%,
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respectively. Deep deletions of the CDH?2 were also recorded in these two types, in diffuse
glioma in 0.17%, and glioblastoma in 0.12% (Figure 1).

TJP1/Z0-1 gene changes

The gene for the tight junction adapter protein, 7.JP1/Z0-1, was mutated, amplified, and
deeply deleted. Again, mutations were the most common change. Thirty different mutations
were all of the unknown significance. They were most pronounced in anaplastic
oligodendroglioma (grade 3) with 6.25%. Altogether the 7JP1/Z0O-1 gene was mutated in
1.43% (16 cases), amplified in 1 case (0.09%), and deeply deleted in 0.27% (3 cases) of
glioblastomas (Figure 1). Diffuse gliomas harbored 0.71% of mutations, 0.09% of
amplifications and 0.27% of deep deletions (Figure 1).

CTNNBI gene changes

Predominant alterations of CTNNBI were mutations. Of 26 mutations reported one was an
oncogenic driver, and the rest were of unknown significance. They were found in 1.61% of
anaplastic oligodendroglioma, 1.01% of anaplastic astrocytoma, 0.90% of glioblastoma and
0.44% of diffuse glioma. The results obtained for the CTNNBI gene show that the changes
were most frequently confined to grade 3 gliomas (Figure 1). Deep deletions were reported
for glioblastoma and diffuse glioma, 0.12% and 0.35%, respectively. Only one diffuse glioma
(grade 2) (0.09%) harbored amplification of CTNNBI (Figure 1).

LEFI gene changes

The changes in the LEF'] gene were confined to diffuse glioma and glioblastoma. Both
mutations and amplifications were more frequent in diffuse glioma compared to
glioblastoma. Mutations of unknown significance were present in 0.27% of diffuse glioma
versus 0.18% in glioblastoma. Amplifications in diffuse glioma (grade 2) amounted to 0.27%,
compared to 0.09% found in glioblastoma. There was also one diffuse glioma (0.09%) with

deep deletion of this gene (Figure 1).

VIM gene changes

Changes in the VIM gene (vimentin), including mutations, amplifications and deep deletions,
were differently distributed in patients with glioblastoma compared to diffuse gliomas. In
glioblastoma the gene was mutated in 0.45% (5/1120 cases), amplified in 0.09% (1 case), and
deleted in one case (0.09%). On the other hand, in diffuse gliomas (grade 2) it was amplified
(0.53%; 6/1131 cases) more often than mutated (0.09%). The mutations were of unknown

significance (Figure 1).
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NOTCHI1 gene changes

NOTCH]I gene showed a high percent of changes across all types of gliomas. The obtained
results indicated that the prevalent type of changes were mutations, while amplifications and
deep deletions were extremely rare. There were 193 mutations of which 72 were
characterized as oncogenic drivers. The largest number of mutations was registered in
anaplastic oligodendroglioma (grade 3) in 27.42% (17 cases), followed by mutations in
oligodendroglioma (14.60%), oligoastrocytoma (6.25%), anaplastic astrocytoma (5.05%),
and diffuse gliomas (3.1%). Glioblastomas harbored mutations in 3.13% (52/1659 cases),
while amplifications were present in 0.42% (7/1659 cases). Diffuse gliomas also harbored

amplifications in 0.76% and deep deletions in 0.15% (Figure 1).

SNAII and SNAI2 genes changes

Interesting results were obtained for the SNAI/ gene that was changed only in diffuse glioma
and glioblastoma. Namely, unlike previous genes where mutations prevailed, here
amplifications were the most common changes. They were more frequent in glioblastoma
compared to diffuse gliomas. SNAI/I gene amplification in glioblastomas occurs in 0.24% (2
cases), and in diffuse gliomas in 0.18% (2 cases) Mutations in diffuse glioma were recorded
in only 0.09% and were not characterized as oncogenic (Figure 1). The next gene included in
the analysis is the transcriptional repressor SNAI2. Similar to LEF 1 and SNAII, changes in
this gene have been reported only in glioblastoma and diffuse gliomas. However, unlike
SNAII, where amplifications predominated, here mutations were most common. The gene
was more often mutated in glioblastoma compared to diffuse gliomas, in 0.27% (3/1120
cases) versus 0.18% (2/1131 cases). Only 0.09% of diffuse gliomas showed amplification. In
contrast to SNAI1, is the presence of deep deletions of SNAI2 in both glioblastoma (0.09%)
and diffuse glioma (0.09%) (Figure 1).

TWISTI gene changes

TWISTI changes were more frequent in glioblastoma compared to diffuse glioma.
Amplifications prevailed over mutations. In diffuse gliomas (grade 2), the gene was amplified
in 0.42% and mutated in 0.08%. In glioblastoma, the gene was amplified in 0.63% and
mutated in 0.36% of samples (Figure 1.)

S0X2 gene changes
The results of the analysis of the SOX2 gene were similar to the SNAII gene, with respect that

both genes were most frequently amplified. The highest number of amplifications was found
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in 6.25% of oligoastrocytomas (grade 2) and 4.04% (8 cases) of anaplastic astrocytomas
(grade 3). Anaplastic oligodendroglioma harbored amplifications in 3.23% and
oligodendroglioma in 2.92%, while in glioblastoma they were present in 2.9% of cases and
diffuse glioma in 2.42%. SOX2 mutations were present in 1.52% of anaplastic astrocytoma,
0.54% of glioblastoma, and 0.076% of diffuse glioma. One case (0.06%) of glioblastoma
showed multiple SOX2 gene changes (Figure 1). Missense mutations of unknown

significance predominated.

ZEBI and ZEB? gene changes

The highest percent of ZEB1 mutations (6.25%) was associated with anaplastic
oligodendrogliomas (grade 3). Anaplastic astrocytoma (grade 3) followed with 2.56% and
glioblastoma with 0.89%, while diffuse gliomas had 0.18%. All of the mutations are of
unknown significance. In addition to mutations, glioblastomas and diffuse gliomas also
harbored amplifications (0.18% and 0.53%). Deep deletion of the ZEBI gene was present in
one diffuse glioma (0.09%) (Figure 1).

The last gene included in the analysis was ZEB2. Unlike ZEB1, where glioblastoma ranked
third in terms of the frequency of gene changes, here it ranked first. Mutations prevailed in
glioblastomas in 0.89%, while amplifications were present in 0.18%, and deep deletions in
0.09%. Changes of ZEB?2 in diffuse gliomas (grade 2) were less frequent. The gene was

mutated in 0.44%, amplified in one case (0.09%), and deeply deleted also in one case (Figure
1).

Collective results of genetic changes distributed to LGG and HGG

To illustrate all the changes associated with each gene and divide them into low- and high-
grade glioma groups, we made a summary in Figure 2. From the figure, it is evident that in
both groups of gliomas, the NOTCHI and SOX2 genes were most affected by changes.
CDHI, CTNNBI, TJP1/Z0-1, ZEB1, and ZEB2 mutations were more common in high-grade
gliomas. Only glioblastoma and diffuse glioma had changes in all 13 analyzed genes.
Anaplastic oligodendroglioma and anaplastic astrocytoma harbored changes in 6/13
(46.15%), oligodendroglioma in 3/13 (23.08%), and oligoastrocytoma in 2/13 (15.38 %) of
the analyzed genes. In less than half (6/13 or 46%) of the analyzed genes, changes were
distributed only in glioblastoma and diffuse glioma. In 7 analyzed genes: CDHI, CDH?2,
CTNNBI, NOTCHI, SOX2, TJP1/Z0-1 and ZEB1, changes were present in several

pathohistological diagnoses ranging from 3 to all 6. Genes in which changes were present in
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all 6 pathohistological diagnoses were NOTCHI and SOX2. Changes of the CDH1 gene were
present in 5/6 glioma types, of CTNNBI and ZEBI genes, in 4/6 pathohistological types, and
of CDH?2 and TJP1/Z0-1, in 3/6 glioma types. Regarding the genes whose changes were
associated with any of these 6 pathohistological types, NOTCHI and SOX2 changes were
present in all glioma types. Furthermore, the frequency of changes in those genes where
changes were present was statistically significantly higher in the NOTCH1 gene than in the
CDH1 gene in anaplastic oligodendroglioma (Benjamini-Hochberg Adjusted P value,
significant using an FDR of 0.05 (P<0.05), oligodendroglioma (P<0.05),

glioblastoma (P<0.05), anaplastic astrocytoma (P<0.05) and diffuse glioma (P<0.05). The
same trend was present when the frequency of changes in the NOTCH was compared with
that of the CTNNBI gene - the frequency of changes in the NOTCH1 was significantly higher
in anaplastic oligodendroglioma (P<0.05), glioblastoma (P<0.05), anaplastic

astrocytoma (P<0.05) and diffuse glioma (P<0.05). A comparison of the frequency of
changes in the NOTCH1 gene and the ZEBI gene shows that the frequency of changes in the
NOTCH]1 gene was significantly higher in glioblastoma (P<0.05) and diffuse glioma
(P<0.05). However, in anaplastic oligodendroglioma and anaplastic astrocytoma, the

frequency of changes in these two genes was similar.

Gene expression in different glioma grades

In the next part, we analyzed the gene expression in silico (results obtained from GlioVis,
TCGA_GBMLGG dataset included). From the results, we can observe that CDH2, CTNNBI,
VIM, LEF1, TWIST1, SNAII, and SNAI2 are overexpressed in glioblastoma (grade 4) versus
gliomas grade 3 and 2. NOTCHI, SOX2, TJP1/Z01, ZEBI and ZEB2 have higher expression

in lower-grade glioma versus glioblastoma (Figure 3)

Gene expression in glioblastoma

mRNA expression analysis on samples from The Glioblastoma Multiforme study (TCGA,
Firehose Legacy) was obtained by next-generation sequencing from RNASeq V2 RSEM,
downloaded from cBioPortal and shown in Figure 4.

A higher level of mRNA expression was noted for the majority of queried genes: TWIST]I,
CTNNBI, SNAII, NOTCHI, ZEB2, SNAI2, CDHI, CDH2, and LEFI, while gene TJP1/Z0-1
showed a reduced level of mRNA transcript. For the SOX2, similar number of samples had
elevated mRNA levels as well as decreased. The Figure 4. also shows high/low protein

expression for several genes.
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We also investigated post-transcriptional events, by analyzing methylation patterns. We
inspected cBioPortal and found that mRNA expression levels were associated to levels of
methylation for genes CDHI (Spearman: -0.27; P=0.0209), NOTCH1 (Spearman: -0.22;
P=0.0619), TJP1/Z0O-1 (Spearman: -0.27; P=0.0174), SNAII (Pearson:-0.30; P=0.0174),
SNAI2 (Pearson: 0.28; P=0.0251), VIM (Spearman: 0.25; P=0.0496).

Differential analysis stratified according to IDH1 status

The results of differential expression analysis performed on TCGA GBMLGG in grade 2,
grade 3 and grade 4 (GBM) stratified according to /DHI wt and /DHI mutations, indicated
similar results that were obtained without this stratification (Figure 5). However, when we
divided samples, for IDH1 wt/mut it was demonstrated that genes CDH2, LEF'1, SNAII and
ZEBI showed significant expression differences between IDHI wt and /DH mutant
glioblastoma. CDH2, LEF'I and SNAII had lower expression in /DHI mutant samples, while
ZEBI had significantly higher expression levels in samples harboring /DHI mutations
(Figure 5).

Glioblastoma subtypes analysis
The results of differential expression in different glioblastoma subtypes, classical,
mesenchymal, proneural and neural, clearly showed that 7JP1/ZO-1 gene was associated

with classical subtype, while ZEB2 with proneural subtype (Figure 6).

qRT-PCR validation

We performed qRT-PCR for all selected genes in HGG, LGG, and normal brain tissues.
Except for LEF1, NOTCHI and SOX2, there was no statistical significance observed in the
upregulation or downregulation of the candidate genes. However, the expression levels
differed. The levels of CDHI, LEF1, and TJP1/Z0-1, were lower in both LGG and HGG in
comparison to normal controls. CTNNBI1, TWIST1, VIM, ZEB1, and ZEB?2 had higher levels
in HGG than LGG, while SOX2, NOTCH1, SNAII, SNAI2 and CDH?2, had higher levels in
LGG than HGG (Figure 7A,B). When comparing our qRT-PCR results to both databases, we
have observed that expressions were compatible for the majority of genes (Table 2). CTNNBI
rose in higher grades which was compatible with data from GlioVis. Both NOTCHI and
SOX2 expression fell in higher grades which was compatible with GlioVis, and cBioPortal.
T1JP1/Z0-1 was low in both groups, lower than controls and this was in accordance with both
cBioPortal and GlioVis and biologically logical. VIM and TWIST1 qRT-PCR levels were
concordant with both GlioVis and cBioPortal. qRT-PCR data were partially compatible for
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SNAII, SNAI2, and CDH? for showing higher levels in LGG, but discordant with GlioVis for
lower levels in HGG. However, both ZEBI and ZEB2 were rising in higher grades showing
higher levels of expression than controls which was different from GlioVis. However, ZEB?2
was compatible with glioblastoma high expression reported in cBioPortal. LEF1 was also not
compatible to databases. QRT-PCR showed CDH1 levels lower than controls, which is
biologically logical. CDH1 did not show difference between LGG and HGG which was

compatible with GlioVis (Table S2 shows representative raw Ct values).

Survival analyses

In the last part, we aimed to analyze the relationship between gene expression and
glioblastoma patient survival. From the results we can observe, that no gene except TWIST1
is related to survival, while the higher expression of TWIST1 is related to shorter overall
survival (p=0.018). Age adjusted survival analysis showed that in /DH1 wt glioblastomas no
gene was associated with worse or better survival with p lower than 0.05. TWIST] had p
value of 0.079. while CTNNB1 p=0.063. (Figure 8A). For glioblastomas that were IDH [
mutated again no gene was associated with worse or better survival. TWIST! again almost
reached value of p=0.074. (Figure 8B) (Table 3). The limitation of the survival analyses is
that they were not supplemented with outcome modifiers such as treatment variables that may
co-vary with gene expression. However, MGMT methylation status was provided in the raw
data and we have performed survival analysis of glioblastoma IDHI wt adjusted for MGMT

methylation status. No gene was associated with worse or better survival.

Protein network analysis

A network of NOTCH1 and SOX2 was constructed using the STRING tool showing
confidence in the connection. No other interactors were included in the network. The highest
confidence (0.9) was applied. From the Figure 9, it is obvious that there is a strong inter-

connection between different EMT genes.

Enriched pathways

Enrichment analysis indicated pathways where the selected EMT genes are interconnected.
The pathways include: WP4239 (Epithelial to mesenchymal transition in colorectal cancer),
WP5097 (CCL18 signaling that led to EMT or migration and invasion) and WP5469

(Hallmark of cancer: metastasis and epithelial-to-mesenchymal transition) (Figure S1).
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DISCUSSION

Transcriptional program switching between epithelial and mesenchymal phenotypes is
induced by multiple factors and signaling pathways [32, 33]. A present investigation of genes
involved in EMT showed that the frequency and type of their changes were different across
human glioma types. The investigation in silico included 3143 patients with glial tumors of
various malignancy grades from cBioPortal, a public database for interactive exploration of
multidimensional datasets in cancer genomics. cBioPortal provides high-quality access to
molecular profiles and clinical parameters collected from large-scale cancer genomics
projects and experimental studies. This database enables large-scale data processing,
statistical analysis, and a graphical overview of changes observed in human tumors from the

gene to the protein level.

The first among queried genes was the primary marker of the epithelial phenotype, E-
cadherin, encoded by the CDH1 gene. This transmembrane glycoprotein is localized in
adherens junctions [34]. Reduced expression of E-cadherin is considered one of the main
molecular events responsible for EMT [35]. In tumors, it has been assigned the role of a
tumor suppressor, whose loss is particularly involved in the mechanisms of invasiveness [36,
37]. Schwechheimer et al. [38] reported on the lack of E-cadherin expression in both,
astrocytomas, glioblastomas, and oligodendrogliomas, which is in accordance to the reports
on frequent promoter hypermethylation of this gene. The results of our study showed frequent
mutations of CDH1 associated with higher malignancy grades out of which seven were
characterized as oncogenic, suggesting the rise of invasive potential in more malignant
tumors. Another investigated marker of epithelial phenotype was 7JP1/Z0-1 (TJP1, Zonula
occludens-1, ZO-1), also known as tight junction protein-1. It encodes a 220 kDa cell
membrane protein which acts as a tight junction adapter between the membrane and the actin
cytoskeleton [39]. Mutations were also the most common change for 7JP1/Z0-1. Higher
grades also harbored more mutations as compared to lower ones. The expression levels of
CDH1 were a bit lower in higher grades while the 7JP1/Z0O-1 transcript was significantly
lower in higher grades according to GlioVis. qRT-PCR showed that CDH1 and TJP1/Z0-1
levels were lower than controls indicating reduced epithelial phenotype of higher-grade
glioma. One of the most important markers of mesenchymal phenotype is N-cadherin
encoded by the CDH?2 gene [9]. The protein plays a major role in the formation of nervous
tissues, but in tumors, N-cadherin enhances the ability of cells to migrate and invade

surrounding tissues [40, 41]. We have shown that the CDH2 was most often mutated in
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anaplastic astrocytoma (grade 3, 4.08%), while amplifications were present in a smaller
percentage of diffuse gliomas and glioblastoma in which deep deletions were also recorded.
Chen et al. [42] showed that N-cadherin may serve as a prognostic indicator for overall
survival in patients with glioma. By studying The Cancer Genome Atlas (TCGA), Chinese
Glioma Genome Atlas (CGGA), and Rembrandt databases, CDH?2 expression was identified
as significantly higher in grade 4 than in grades 2 (P<0.001) or 3 (P<0.001) [43]. Our
investigation showed that mRNA expression levels were significantly different between
grades 2 and 4, 3 and 4, and 2 and 3, according to GlioVis, TCGA GBMLGG. The rise in
expression was significantly associated with higher grades, which corroborates the above-
mentioned studies. New research shows that there is an abundant expression of the precursor

of N-cadherin - proN-cadherin in the cell membrane of most examined gliomas [43].

NOTCHI and SOX2 were genes mostly affected by changes in both LGG and HGG. It has
been recognized that both SOX2 and NOTCHI1 are molecules essential for invasiveness and
metastasis. NOTCH1 is one of the four genes encoding a member of the NOTCH family of
signaling receptors [44, 45]. NOTCHI1 is upregulated in malignant tumors, has a central
function in progression, and has been shown to promote EMT through Notch ligands named
Jagged [46-48]. A highly active Notch signal is observed in glioma stem cells (GSCs) [49,
50]. Furthermore, the low overall survival has been attributed to NOTCH]1 overexpression.
Although studies have shown that NOTCHI1 helps to induce EMT in both healthy and
neoplastic cells, its role as a marker of the mesenchymal phenotype is still controversial,
especially in gliomas, where NOTCH1 has not yet been elucidated from the aspect of its role
in EMT.

The transcription factor SOX2 (SRY-Box Transcription Factor 2) is associated with the late
stages of EMT. Its intronless gene encodes a member of the high-mobility groupbox (HMG-
box, SOX) family of transcription factors associated with SRY (Sex Determining Region-Y)
[51, 52]. The SOX2 gene product is required for the maintenance of stem cells in the CNS.
Guetta-Terrier et al. [53] showed that SOX2 was up-regulated to reduce the methylation level
of the NOTCH 1 promoter and enhance its expression in GSCs [33]. The expression levels of
NOTCHI1 in glioblastoma were positively correlated with SOX2, and VIM [33] in their
study.

Present investigation indicates that the prevalent type of changes for NOTCHI were

mutations, while amplifications and deep deletions were rare. There were 193 mutations of
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which 72 were characterized as oncogenic drivers. SOX2, on the other hand, was
predominantly amplified. Survival analyses showed no correlation between NOTCHI and
SOX2 expression and survival of glioblastoma patients. However, the data from GlioVis,
TCGA_GBMLGG showed that there was a significant difference in mRNA expression levels
for both NOTCH1 and SOX2, where grade 4 had significantly lower expression levels as
compared to grades 2 and 3. Experimental validation with qRT-PCR showed that both
NOTCHI and SOX2 expression levels were falling in higher grades, which confirmed in
silico results from GlioVis and cBioPortal. A significant decrease in the expression of
NOTCH1 and SOX2 between control tissue and LGG and HGG was established.

In their work, Song et al. [54] showed that CDH1/B-catenin and Notch-1/Akt signaling
pathways are targeted in glioma. Several components of the Notch pathway including
NOTCHI are highly expressed at the invasive edges of tumors, and the same can be said for
the EMT marker vimentin. Notch also regulates the transcription of ZEB, Snail, and Slug,
which repress E-cadherin and induce vimentin expression. Here, we showed that the
NOTCHI1 gene was highly mutated in both LGG and HGG gliomas, which may indicate that

such alterations happen early and are constant throughout the stages of glioma progression.

Defective activation of the Wnt signaling pathway has been detected in various cancers,
including glioma [55], and nuclear accumulation of B-catenin is positively correlated with
metastasis and recurrence resulting in poor clinical outcomes [56] characterizing f-catenin as
a marker of the mesenchymal phenotype. The protein is part of the complex that makes up
adherent junctions, where it anchors the actin cytoskeleton [57]. In addition, beta-catenin is
also the main signaling molecule of the Wnt pathway. Prior studies report on higher -catenin
and C-myc activity in relapsed glioma than in the primary tumor [58]. Our results on the
CTNNBI gene (B-catenin) showed that mutations were specifically frequent in anaplastic
gliomas. Also, the total mutational burden was higher in HGG. When querying its mRNA
expression levels, they were significantly higher in grade 4 tumors compared to grades 2 and
3 which indicates that its excessive expression has oncogenic properties. qRT-PCR showed
that CTNNBI rose in higher grades which was compatible with data from GlioVis. Beta-
catenin's partner in transcription regulation of the Wnt signaling is LEF1 (Lymphoid
Enhancer Binding Factor 1). This transcription factor contains a high mobility group (HMG)
DNA-binding domain, and is generally excessively expressed in malignant tumors. LEF1
promotes mesenchymal cell properties in EMT [59, 60] and was significantly associated with

the overall survival of glioma patients. Reports indicate that the reduced expression of LEF1
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inhibited cell migration, invasion, and EMT in glioblastoma cells [61]. In our study, the
changes in the LEF] gene were confined to diffuse glioma and glioblastoma. Its mRNA
expression levels were significantly higher in grades 3 and 4 as compared to grade 2, which

was not backed up with our qRT-PCR results.

A type-3 intermediate filament protein, vimentin, encoded by VIM, is another well-known
mesenchymal marker responsible for cytoskeletal interactions. It functions as an organizer of
several other key proteins involved in cell attachment, migration and signaling [62]. Glioma
types sustained different changes, —in glioblastoma the gene was mutated and in diffuse
gliomas, it was predominantly amplified. Higher levels of mRNA expression were noted, and
significant differences in the expression levels were recorded between grades 2 and 3, 2 and
4, and 3 and 4, where higher mRNA levels were associated with higher grades according to
GlioVis, which was corroborated with qRT-PCR. Generally, the activation of EMT-TFs
leads to the decreased expression of epithelial markers and increased expression of
mesenchymal markers. They all bind to the E-box, the cis-regulatory element of the CDH
gene, and thus act as repressors of E-cadherin expression [63, 64]. Our study showed that
genes for transcription factors from the protein families SNAIL, ZEB, and TWIST were
mostly altered by mutations and amplifications in HGG. It is known that transcriptional
repressor TWIST1, through binding to E-cadherin's promoter or by inducing SNAII,
promotes chromosomal instability, angiogenesis, invasion, metastasis, and resistance to
chemotherapy [65, 66]. SNAII (SNAIL) and SNAI2 (SLUG) are zinc-finger transcription
factors that maintain mesenchymal and an undifferentiated phenotype by controlling invasive
characteristics [57, 59, 67, 68]. ZEB1 and ZEB2 are two closely related EMT transcriptional
regulators of the Zinc Finger E-box Binding Homeobox family. The role of both ZEBs is to
promote EMT, tumor progression, and metastasis through E-cadherin downregulation. It has
also been documented that their overexpression has been found in several cancers and that
they are responsible for therapy resistance [69-71]. It is known that ZEB1/2 are highly
regulated in the early stage of hybrid EMT and their high level is maintained in mesenchymal
cell populations [69]. ZEB2 has previously been confirmed to be associated with the
malignant phenotype of glioma [72] and expression level of ZEB1 was significantly
increased in glioma tissues compared to normal brain tissues being positively correlated with
WHO glioma classification [73]. In this investigation, we have shown that ZEBI and ZEB2
mutations were more common in high-grade gliomas and that qRT-PCR results showed

higher transcript levels in HGG as compared to LGG and normal brain. However, GlioVis
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reported on significant downregulation of both transcripts in grade 4 tumors as compared to
3, which was contrary toour qRT-PCR results. Furthermore, we have shown that TWISTI was
altered predominately by amplifications in glioblastoma and diffuse glioma. Additionally, its
transcript was significantly higher in higher glioma grades, which was confirmed by qRT-
PCR validation. TWIST1 was related to shorter overall survival (p=0.018), and for age
adjusted survival in /DHI wt and mutant glioblastomas TWIST1 was again indicated as

almost significant (p = 0.079).

It was recently reported that the transcriptional repressors of the snail family, SNAI1 and
SNAI2 play a role in the acquisition and increase of invasiveness in malignant gliomas [67,
68]. It has been shown that SNAI1 induces EMT, through the expression of EMT markers.
SNAI2 expression was increased in glioblastomas compared to healthy brain tissue [74, 75].
SNAII and SNAI2 transcript levels rose in higher grades according to GlioVis. SNAI1
protein levels were also high in glioblastoma according to cBioPortal. qRT-PCR data were
partially compatible with GlioVis for SNA/I, and SNAI2, for showing higher levels in LGG

when compared to controls, but discordant for lower levels in HGG.

Potential explanations for evidenced discrepancies could be explained by post-transcriptional
regulation, tumor heterogeneity, or technical limitations in sample processing. We also
investigated post-transcriptional regulation, by analyzing methylation patterns to provide
additional insights into the underlying disease mechanisms and patterns. mRNA expression
levels were associated to levels of methylation for genes CDHI, NOTCHI, TJP1/Z0-1,
SNAII, SNAI2, and VIM.

Differential expression analysis stratified for /DHI mutations showed that /DH mutant
samples had significantly lower CDH2, LEF1 and SNAII expression, while ZEB1
significantly higher. Gene expression in different glioblastoma subtypes showed that

TJP1/Z0O-1 gene was associated with classical subtype, while ZEB2 with proneural one.

Our study showed that all genes representative of EMT are mutated or changed in certain
ways in gliomas and that some show a marked involvement and are associated with a higher
grade of glioma. Statistical analysis showed differences when looking at the overall changes
in the pathohistological glioma types. Thus, astrocytomas harbored more changes in selected
genes, i.e. all genes were affected. Furthermore, the accumulation of changes from diffuse
gliomas to glioblastoma is visible in all examined genes, where changes in the NOTCH1 and

SOX2 genes were most pronounced. Our findings could be connected to the concept of hybrid
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EMT, a state in which tumor cells have both mesenchymal and epithelial features, which
makes them especially flexible in adapting to the new tumor microenvironment [4, 5, 8].
Observed gene expression patterns (e.g., co-occurrence of epithelial and mesenchymal
markers) support partial EMT in gliomas. Several recent studies give evidence on EMT
plasticity of glioma cells. A paper reports on cancer stemness-associated genes in gliomas

determined by their relative mRNA expression [76].

We have to mention another possible mechanism contributing to EMT plasticity, for instance
RNA interference [77]. A study by [78] Qu et al. indicated that Hsa-miR-196a-5p

overexpression was associated with clinical malignant biological behavior of glioma.

Immune cell infiltration is also vital for glioma microenvironment [79,80]. Important
research was conducted on the proinflammatory-related molecules as promising immune
biomarkers significantly associated with clinical indicators of malignant progression in
glioma patients. Tumor-infiltrating immune cells are strongly associated with tumorigenesis
and progression, for instance transcription factor CASZ1 [81, 82] was significantly
upregulated in gliomas and was related to EMT-signaling. At present, there are many studies
on the latest prognostic biomarkers and targets of glioma. [76 - 83]. The plasticity of hybrid
EMT allows cancer cells to adapt to environmental stress during malignant progression. Our
validation by qRT-PCR demonstrated that the levels of CDHI, LEF1, and TJP1/Z0-1, were
lower in both LGG and HGG in comparison to normal controls. CTNNBI1, TWISTI, VIM,
ZEBI, and ZEB?2 had higher levels in HGG than LGG, while SOX2, NOTCH1, SNAII, SNAI2
and CDH2, had higher levels in LGG than HGG.

It is also important to highlight that the enrichment analysis indicated pathways where the
genes we investigated are interconnected. The pathways that emerged as significantly
enriched were two epithelial to mesenchymal transition pathways and CCL18 signaling that

led to several EMT pathways or migration and invasiveness.

Although our current study is primarily bioinformatics-based, experimental validation would
certainly advance the causality of this research direction. In order to functionally validate key
drivers, NOTCHI and SOX2, prospective future studies based on strategies of knock-down
experiments, invasion and migration assays need to be additionally conducted to confirm the
causal role of these genes in EMT phenotypes. For that purpose glioblastoma cell lines (e.g.,
U87, LN229) should be used for knockdown experiments targeting NOTCH1 and SOX2 via
siRNA transfection. Cells will be transfected with siNOTCHI1 and siSOX2, alongside a non-
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targeting siRNA control, using Lipofectamine or equivalent transfection reagents following
the manufacturer’s protocol. Following knockdown, EMT-associated phenotypes needs to be
assesed, including proliferation, migration, and invasion. Migration and invasion will be
evaluated using Transwell chamber assays, while proliferation will be assessed using MTT or
BrdU incorporation assays. Additional research involving functional experiments is needed to
establish causality between gene alterations and EMT phenotypes and confirm the knowledge

that this work has brought.

CONCLUSION

This comprehensive study shows that genes associated with mesenchymal transition CDH1,
CTNNBI1, TJP1, TWISTI, SOX2, ZEBI, and ZEB?2 have higher frequencies of alterations in
HGG versus LGG, indicating a shift toward more invasive phenotype. Of those genes,
CTNNBI1, TWISTI, VIM, ZEB1, and ZEB?2 had higher expression levels in HGG than LGG,
while SOX2, NOTCH1, SNAII, SNAI2 and CDH?2, had higher levels in LGG. In comparison
to controls, low levels of transcripts of markers of epithelial phenotype CDHI and TJPI were
recorded. Overall, NOTCHI and SOX2, key regulators of EMT, are most frequently altered
both in HGG and LGG, indicating their universal role across different glioma tumors. These
results provide valuable insights into the molecular differences between low- and high-grade
gliomas, emphasizing the potential relevance of EMT-related genes in glioma biology and

patient prognosis.
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TABLES AND FIGURES WITH LEGENDS

Table 1. Summary results of the analysis of all genes

Glioma type
Anaplastic Anaplastic Diffuse
Oligodendro Oligodendro- Astrocytoma Glioblastoma | Oligoastrocyto- glioma

glioma (grade 3) | glioma (grade 2) (grade 3) (grade 4) ma (grade 2) (grade 2)
Change
Mutations 29.03% 16.79% 7.58% 5.91% 6.25% 4.91%
Amplifications 1.61% 2.92% 4.04% 4.00% 6.25% 4.91%
Deep deletions 0.54% 0.98%
Multiple alterations 0.12% 0.23%
Total 19.71% 11.62% 10.5% 12.5% 11,03%
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Table 2. Concordance and discordance of expression data.

CDH1 CDH2 TJPl/ CTNNBI1 LEFI VIM NOTCHI1 SNAII SNAI2 TWISTI So0x2 ZEBI ZEB2
Z0-1

cBioPortal and dis con | con con con | con uc con con con uc uc dis
GlioVis
GlioVis and con | con/ | con con dis | con con con/ | con/ con con dis dis
qRT-PCR dis dis | dis
cBioPortal and dis dis con con dis | con con dis dis con con uc con
qRT-PCR

con = concordance, dis = discordance, uc = unconclusive
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Table 3. Results for survival, glioblastoma (GBM) subtype and expression (in silico and

gRT-PCR) are presented for each gene. With stronger color are noted the strongest results,

with weaker color results that are showing the trends. CLAS= classical subtype; PN=

proneural subtype.

Gene Survival (IDH1wt)

Survival
(IDH1 mut)

Subtype

Expression in GBM
IDH1 wt compared to
Grade 2 and Grade 3
(in silico)

Expression in GBM
IDH1 wt compared
to control (qPCR)

CDH1 -

CDH2 -

TJP1/Z0-1 | -

CTNNB1

(+; p=0.063)

LEF1 -

NOTCH1 =

SNAI1 -

SNAI2 -

SOX2 =

TWIST1 (+; p=0.079)

(+; p=0.074)

VIM -

ZEB1 -

ZEB2 -

el el 2 le]- |
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CDH1 CDH2
2,50% 5,00%
2,00% 4,00%
1,50% 3,00%
1,00% 2,00%
0,00% 0,00%
oDG GBM AODG AA DG AA GBM DG
EMutations M Deep deletions B Mutations @ Amplifications M Deep deletions
CTNNB1 TIP1
2,00% 8,00%
1,50% 6,00%
1,00% 4,00%
- . -:—.: -
0,00% 0,00%
AODG AA GBM DG AODG GBM DG
EMutations @Amplifications M Deep deletions BMutations @ Amplifications M Deep deletions
NOTCH1 SNAI1
30,00% 0,30%
|
20,00% 0,20%
10,00% 0,10%
oo l == =
0,00%
., AODG 0oDG OA AA GBM DG GBM DG
BMutations @ Amplifications M Deep deletions | EMutations B Amplifications
8,00% sox2 SNAI2
0,40%
6,00% 0,30%
4,00% 0,20%
0,00% 0,00% — -
oA AA AODG 0DG GBM DG GBM DG
EMutations @ Amplifications  EMultiple changes WMutations  WAmplifications  @Deep deletions
ZEB1 ZEB2
8,00% 1,50%
6,00%
1,00%
4,00%
0,00% 0,00%
AODG AA GBM DG GBM 0G
B Mutations @ Amplifications M Deep deletions EMutations @ Amplifications M Deep deletions
TWIST1 LEF1 viM
1,50% 0,80% 0,80%
0,60% 0,60%
1,00%
0,40% 0,40%
0,50
0,00% 0,00% 0,00%
GBM DG DG GBM GBM DG
@ Mutations @ Amplifications @ Mutations EAmplifications M Deep deletions @ Mutations B Amplifications M Deep deletions
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Figure 1. Results of gene analyses; CDHI; CDH2; TJP1/Z0-1; CTNNBI,; LEF1; VIM;
NOTCHI; SNAIL; SNAI2; TWIST1; SOX2; ZEBI; ZEB2. DG diffuse glioma; ODG
oligodendroglioma; OA oligoastrocytoma; AODG anaplastic oligodendroglioma; AA
anaplastic astrocytoma; GBM glioblastoma. Y-axis denotes the frequency of observed

changes and X-axis glioma type.
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Figure 2. The overall presentation of changes in LGG (A) and HGG (B). Y-axis denotes the
frequency of observed changes and X-axis genes. Type of changes is color coded in the

legend.
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Figure 3. Gene expression in glioma obtained from GlioVis, TCGA GBMLGG dataset.
Glioma grades 4, 3, and 2 were included in the study. Results are presented as mean +/- SD. *
p<0.05, ** p<0.01, *** p<0.001, *** p<0.0001 (one-way ANOVA with Tukey’s post hoc
test).
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Figure 4. mRNA and protein expression levels. Samples from The Glioblastoma Multiforme
study (TCGA, Firehose Legacy) obtained by next-generation sequencing from RNASeq V2
RSEM, downloaded from cBioPortal.
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Figure 5. Differential expression stratified according to /DH 1 status. Results are presented as
mean +/- SD. * p<0.05, ** p<0.01, *** p<0.001, *** p<0.0001 (one-way ANOVA with
Tukey’s post hoc test). 2, 3, IDH1wt (4), IDH1 mut (4) represent glioma grades.
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Figure 6. Differential expression in grade 2, grade 3 and grade 4 (glioblastoma) stratified

according to glioblastoma subtypes, classical, mesenchymal, proneural and neural. Results
are presented as mean +/- SD. * p<0.05, ** p<0.01, *** p<0.001, *** p<0.0001 (one-way
ANOVA with Tukey’s post hoc test).
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Figure 7.A. qRT-PCR of analyzed genes. B. qRT-PCR of NOTCHI and SOX2 genes was
validated on additional experiments. Results are presented as mean +/- SD. * p<0.05, **

p<0.01, *** p<0.001, *** p<0.0001.

48



CDH1 CDH2 CTNNB1
- 1oo-
% v oms-
2 A
2
g - om- o
2
. o
E p=06 . pe0Ss .
a
oo I 1 T .- om-
= b k£ B » H B o & L3 8 e D o
- Number at risk
® 0 i/ ) i i o8 13 1 ° o e 16 4
8 °
& £ . 2 ' - 68 L] 4 1 o e s 1
B E @ @ ; ) 2
8 B} @ o é o

Time

SOox2
0. ors- arse
ot o o
038. 0. o
p=065 p=019 p=071
oo 000~

Survival probability
¥

: B 3 @ & & ) » &
Number at risk
©
E o8 9 2 1 o 68 10 1 1 L) 3 9 2
& . | 12 3 (] o - 68 n 4 o o - L) 12 3
3 > - '+ r'y 8 B é o B 3
Time
TIP1/Z01 LEF1 TWIST1
>
=
E om- arse ars-
o
E . { {
o - 080 080
E i ]
2 ol
E p0s 7 pmoas 7 p=oom
a
- 1 ] 1 X s 000« 000~
¢ ® - L ® : S & & ) 8 ® ) ‘
© Number at risk
E L . 2 s o i o 1 2 1 ° H 6 15
& 5 1% 3 5 ) ] " 3 ) ° aer- €8 [
o . b - o » » - @ © 6 »
Time
SNAI2 ZEB1
£
©
2
o 030+ 0s0-
=
a
E p=079 p=047
« .
Number at risk
% 68 9 3 1 o L] 10 2 o o L " 2
ﬁ - 68 12 2 o o B " 3 1 o L4 1 3
6 » E @ o H E i @ B » e

Strata ff oo ff=higl

;E L 13 4 1 o
=
=1 v 8 8 1 o o
v J, X

E B @ -

49



Survival probability

Strata

z
=
3
2
s
g
2
a

Survival probability Strata

Strata

Survival prebability

Strata

50



Figure 8. Age adjusted survival analysis of glioblastoma patients related to EMT-associated
genes. Kaplan—Meier curves of overall survival (OS) of genes involved in EMT in TCGA-
GBMLGGcohort data. A. Glioblastoma /IDHI WT age adjusted survival. B. Glioblastoma
IDHI1 MUT age adjusted survival.

51



Figure 9. Protein network of EMT-related genes (STRING tool).
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SUPPLEMENTAL DATA

Table S1. primer sequences used for gqRT-PCR.

Gene

Forward primer

Reverse primer

ACTB
CDH1

CTNNB1
LEF1
NOTCH1
SNAIL
SLUG
S0x2
TIP1/Z0-1
TWIST1
VIM
ZEB1
ZEB2

GAAGAGCTACGAGCTGCCTGA
GCCTCCTGAAAAGAGAGTGGAAG
CCTCCAGAGTTTACTGCCATGAC
CACAAGCAGAGTGCTGAAGGTG
CTACCCATCCTCACTGTCAGTC
GGTGAACTGCTCTGAGGAGATC
TGCCCTCAAGATGCACATCCGA
ATCTGCGGCAAGGCGTTTTCCA
GCTACAGCATGATGCAGGACCA
GTCCAGAATCTCGGAAAAGTGCC
GCCAGGTACATCGACTTCCTCT
AGGCAAAGCAGGAGTCCACTGA
GGCATACACCTACTCAACTACGG
AATGCACAGAGTGTGGCAAGGC

Table S2. Crude qRT-PCR data.

Supplementary data are available at the following link:

CCACGTCACACTTCATGATGG
TGGCAGTGTCTCTCCAAATCCG
GTAGGATCTCCGCCACTGATTC
GATTCCTGAGAGTCCAAAGACAG
GGATGTTCCTGTTTGACCTGAGG
GGATTGCAGTCGTCCACGTTGA
GGGACAGGAGAAGGGCTTCTC
GAGCCCTCAGATTTGACCTGTC
TCTGCGAGCTGGTCATGGAGTT
CTTTCAGCGCACCATACCAACC
TCCATCCTCCAGACCGAGAAGG
ATCTGGCGTTCCAGGGACTCAT
TGGGCGGTGTAGAATCAGAGTC
CTGCTGATGTGCGAACTGTAGG

https://www.bjbms.org/ojs/index.php/bjbms/article/view/12598/3958
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Figure S1. Pathway enrichment. Pathway WP4239 (Epithelial to mesenchymal transition in
colorectal cancer) is presented.
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