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Abstract: (1) Background: Glioblastoma (GBM) is one of the most aggressive brain tumors
with a poor prognosis. Therefore, new insights into GBM diagnosis and treatment are
required. In addition to differentially expressed mRNAs, miRNAs may have the potential
to be applied as diagnostic biomarkers. (2) Methods: In this study, profiling of human
miRNAs in combination with mRNAs was performed on total RNA isolated from tissue
samples of five control and five GBM patients, using a high-throughput RNA sequencing
(RNA-Seq) approach. (3) Results: A total of 35 miRNAs and 365 mRNAs were upregulated,
while 82 miRNAs and 1225 mRNAs showed significant downregulation between tissue
samples of GBM patients compared to the control samples using the iDEP tool to analyze
RNA-Seq data. To validate our results, the expression of five miRNAs (hsa-miR-196a-
5p, hsa-miR-21-3p, hsa-miR-10b-3p, hsa-miR-383-5p, and hsa-miR-490-3p) and fourteen
mRNAs (E2F2, HOXD13, VEGFA, CDC45, AURKB, HOXC10, MYBL2, FABP6, PRLHR,
NEUROD6, CBLN1, HRH3, HCN1, and RELN) was determined by RT-qPCR assay. The
miRNet tool was used to build miRNA–target interaction. Furthermore, a protein–protein
interaction (PPI) network was created from the miRNA targets by applying the Network-
Analyst 3.0 tool. Based on the PPI network, a functional enrichment analysis of the target
proteins was also carried out. (4) Conclusions: We identified an miRNA panel and several
deregulated mRNAs that could play an important role in tumor development and distin-
guish GBM patients from healthy controls with high sensitivity and specificity using total
RNA isolated from tissue samples.

Keywords: glioblastoma; miRNAs; brain tissue; next-generation sequencing; biomarker

1. Introduction
Glioblastoma (GBM; World Health Organization grade 4) is the most common and

aggressive primary brain cancer in adults and is considered to be the most prevalent form
of brain tumor leading to death [1]. This incurable malignant tumor has a median survival
time of about 15 months from diagnosis; the 5-year survival rate is only 10%. Typically, GBM
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appears in the sixth decade of life, and it is slightly predominant in males [2]. The current
standard of treatment (called “Stupp’s regimen”) includes surgical resection of the tumor
followed by radiotherapy combined with adjuvant temozolomide (TMZ) chemotherapy [3].
Additionally, personalized therapeutic agents against specific deregulated targets that could
be responsible for the induction of tumor growth have already been tested in several clinical
trials. However, almost all GBM patients undergo unavoidable tumor recurrence [4]. The
molecular mechanisms behind the development of GBM are still not completely understood
despite the recent achievements in GBM research. Therefore, it is crucially important to
identify other factors that could contribute to the onset and progression of GBM. According
to that goal, epigenetics and epigenetic modulators have come into focus that are involved
in the development of cancer [5].

The latest members of the epigenetic machinery are the noncoding RNAs (ncR-
NAs), which either have a limited ability to encode a protein or lack it. MicroRNAs
(miRNAs) are small 21–25 nucleotide-long ncRNAs that function as major players in the
post-transcriptional regulation of protein-coding genes via their sequence-specific binding
to the 3′ untranslated regions (UTR) of target mRNAs [6]. The results of different research
groups show that miRNAs as post-transcriptional regulators are involved in the regulation
of several important processes, such as cell differentiation, cell division, apoptosis, cell
metabolism, and patterning of the nervous system [7]. Different mechanisms like defects in
miRNA biogenesis, abnormalities in miRNA processing, and epigenetic alterations and
mutations in the miRNA recognition sites of target genes can lead to changes in miRNA
expression and, as a consequence, can initiate tumorigenesis [8,9]. In the case of various
cancers, many miRNAs show tumor-specific expression patterns and significant deregula-
tion. MiRNAs can function as either oncogenes (oncomiRs) or tumor suppressors; however,
because of the large number of target genes, the same miRNA may play opposing roles in
different tumor types [10]. Characterizing miRNA expression in GBM could be applied as
a potential diagnostic or prognostic tool; furthermore, miRNAs and their targets may be
helpful in selecting appropriate therapy [11]. Additionally, the simultaneous analysis of
mRNA expression can add more details to the analysis of regulatory networks of differently
expressed (DE) miRNAs in GBM.

The objective of this study was to profile miRNA expression in conjunction with mRNA
expression in identical tissue samples of GBM patients (GPs), who were diagnosed and
treated at the Department of Neurosurgery, Faculty of Medicine, University of Debrecen,
Hungary, to detect those miRNAs and mRNAs whose significant deregulation correlates
with tumorigenesis. Previously, it was shown that ethnicity seemed to be one of the
potential sources of heterogeneity between studies [12,13]; therefore, it is inevitable to
screen for significantly deregulated miRNAs that are specific for a patient cohort at a
certain geographic location to create a miRNA panel that could be applied for diagnosis
of GBM in that specific region. The limitation of the use of a single-miRNA biomarker is
that its significant deregulation could be associated with various types of cancers, so it is
sensible to apply a combination panel of miRNAs in cancer diagnosis [14]. In our work, we
applied a high-throughput next-generation RNA sequencing method and bioinformatics
analysis to determine the significantly deregulated miRNAs, together with mRNAs in
the same tissue samples of GPs. The identified miRNAs and their targets were used to
build interaction networks, which were subjected to Gene Ontology (GO) and pathway
enrichment analyses in order to identify the significant molecular pathways that could
be affected by the deregulated miRNA pattern. The identification of miRNAs whose
expression was significantly different and their respective targets in the tissue samples of
GPs could provide further insights and facilitate our understanding of the pathogenesis
of GBM.
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2. Results
2.1. Identification of Differently Expressed (DE) miRNAs in Tissue Samples of GBM Patients and
Control Group
2.1.1. Next-Generation Sequencing (NGS)

To analyze the alterations in miRNA expression patterns in tissue samples of GPs,
next-generation sequencing (NGS) technology was employed using an Illumina NextSeq
500 instrument (Illumina, San Diego, CA, USA). Small RNA-Seq sequencing libraries were
generated from total RNA prepared from the surgically removed tumor tissue of five GPs
and the peripheral tumor region of five lower-grade (grade 1–2) glioma patients, serving as
a control group.

2.1.2. Hierarchical Clustering with Heatmap and Principal Component (PCA) Analysis

To visualize the differences in the expression patterns of miRNAs between GPs and
controls, a hierarchical cluster analysis was performed on the NGS dataset of five replicates
for each of the two groups to identify miRNAs with similar expression patterns. MiRNAs
were ranked based on their standard deviation across all samples, and the top 200 genes
were used in hierarchical clustering. Expression profiles of the top 50 most variable miRNAs
in the samples of GPs and controls are depicted as a heatmap in Figure 1.
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Figure 1. Heatmap with hierarchical clustering dendrogram of miRNA expression in GBM and
control samples based on the variation in miRNA expression. The expression profiles of the
top 50 miRNAs are shown. Columns represent patient and control individuals (G—glioblastoma sam-
ple and C—control sample), and each row represents a single miRNA. The down- and upregulated
miRNAs are labeled green and red, respectively.
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Principal component analysis (PCA) was also performed to increase interpretability
and visualize the distribution of miRNA expression values. A PCA plot using the first and
second principal components is presented in Figure 2. GBM samples form a single cluster
based on their expression pattern and are clearly separated from the control samples by
the first principal component, which represents 42% of the variance. This data distribution
suggests that GBM biogenesis induces a drastic change in the expression of several miRNAs.
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Figure 2. PCA of miRNA expression based on their expression profile. A clear separation is visible
between the GBM samples and the control samples along the first principal component.

2.1.3. Differentially Expressed Genes (DEGs)

Using the DESeq2 algorithm of the iDEP.96 web tool and applying thresholds of
false discovery rate (FDR) < 0.05 and fold-change > 2, we identified 117 miRNAs whose
expression proved to be significantly different in GPs compared to the control samples.
Among the 117 differently expressed miRNAs, 35 showed upregulation (log2FC ≥ 1), and
82 showed downregulation (log2FC ≤ −1). The whole list of the 117 deregulated miRNAs
is presented in Table S1. The four most strongly upregulated miRNAs were hsa-miR-
10b-5p (log2FC = 6.9), hsa-miR-196a-5p (log2FC = 5.62), hsa-miR-10a-5p (log2FC = 5.48),
and hsa-miR-21-3p (log2FC = 4.39). Conversely, the four most downregulated miRNAs
were hsa-miR-383-5p (log2FC = −6.3), hsa-miR-129-5p (log2FC = −5.96), hsa-miR-129-2-3p
(log2FC = −5.89), and hsa-miR-219a-2-3p (log2FC = −5.8).

To assess the precise effect of GBM development on miRNA expression patterns com-
pared to control samples, k-means clustering was used to cluster miRNAs into groups
by their expression values (Figure 3a). The heatmap and volcano plot of the expres-
sion values (Figure 3b) show that GBM development results in a massive change in the
miRNA transcriptome.

2.1.4. miRNA Ranking by Network-Based Analysis

miRNAs can function either as oncogenes or tumor suppressors; however, identifying
their targets can facilitate the elucidation of their role in GBM development. Since a single
miRNA regulates multiple genes, and a combination of miRNAs can co-modulate signal-
ing pathways, the application of network-based approaches is inevitable to understand
the contribution of an exact miRNA to GBM development. Our analysis was based on
experimentally validated miRNA targets, applying the miRNet tool. A miRNA-centric
network was constructed, including direct miRNA–target gene interactions and target gene-
coded protein–protein interactions (PPI). In this heterogeneous network, hsa-miR-15a-5p
has the highest degree value (260), followed by hsa-miR-424-5p (185) and hsa-miR-21-5p
(131), reflecting their importance in the interactome network. Regarding the target genes,
Nuclear FMR1 Interacting Protein 2 (NUFIP2) was regulated by the highest number of
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miRNAs and had the most interacting protein partners (degree value 20), followed by Zing
Finger Protein 460 (ZNF460; degree value 19), Cyclin D1 (CCND1; degree value 15), and
Cyclin-Dependent Kinase 6 (CDK6; degree value 15). The minimum network built from
the miRNA–target gene and protein–protein interactions—as generated by the miRNet
tool—is shown in Figure 4. The red squares represent the upregulated miRNAs, while the
green squares represent the downregulated miRNAs.
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Pharmaceuticals 2025, 18, 431 6 of 29

2.1.5. Gene Ontology (GO) and Pathway Enrichment Analysis of miRNA Targets

Using the GO and Kyoto Encyclopedia of Genes and Genomes (KEGG) database
options of the NetworkAnalyst 3.0 tool, functional enrichment and pathway analysis were
performed based on the PPIs of experimentally validated miRNA targets. As shown in
Figure 5a, the protein products of the target genes of the upregulated miRNAs were
enriched in biological processes such as positive regulation of the metabolic process
(p = 2.11 × 10−30), regulation of signal transduction (p = 4.54 × 10−26), and regulation
of apoptotic process (p = 9.54 × 10−26). In contrast, the proteins of the downregulated
miRNAs were involved in the regulation of developmental processes (p = 1.37 × 10−33),
negative regulation of metabolic processes (p = 5.21 × 10−33), and positive regulation of
transcription (p = 1.4 × 10−30) (Figure 5b).

According to the KEGG database, we have found that the target genes of upregulated
miRNAs are implicated in diverse cancer-related pathways, including the pathways in
cancer (p = 1.22 × 10−21), cell cycle (p = 5.33 × 10−189), and FoxO signaling pathway
(p = 3.22 × 10−16) (Figure 6a), while the downregulated miRNAs are involved in the
regulation of the AGE-RAGE signaling pathway (p = 1.3 × 10−18) and proteoglycan in
cancer (p = 2.25 × 10−16) (Figure 6b).

2.1.6. Validation of Differentially Expressed (DE) miRNAs by RT-qPCR in Tissue Samples

To validate the results obtained by NGS, three upregulated miRNAs (hsa-miR-196a-
5p (log2FC = 5.6), hsa-miR-21-3p (log2FC = 4.39), and hsa-miR-10b-3p (log2FC = 3.66))
and two downregulated miRNAs (hsa-miR-383-5p (log2FC = −6.33) and hsa-miR-490-3p
(log2FC = −5.61)) were selected for an RT-qPCR analysis. For validation, total RNA was
isolated from tissue samples from 30 GPs and 28 control samples from the peripheral tumor
region of patients with low-grade (grade 1–2) glioma, which served as a control group. The
number of women and men was equal in both groups. RT-qPCR was used to measure the
relative expression of these miRNAs using hsa-miR-103a-3p as a reference miRNA [15].
All measurements were performed in triplicate. According to the results of the RT-qPCR
reactions using the Mann–Whitney U test for calculation, we confirmed that the expression
of hsa-miR-196a-5p, hsa-miR-21-3p, and hsa-miR-10b-3p was significantly upregulated,
while hsa-miR-383-5p and hsa-miR-490-3p showed significant downregulation compared
to their expression in the control samples (Figure 7).

We created ROC-AUC curves applying the normalized expression data resulting from
the RT-qPCR measurements of hsa-miR-196a-5p, hsa-miR-21-3p, hsa-miR-10b-3p, hsa-miR-
383-5p, and hsa-miR-490-3p in order to verify their diagnostic potential. The ROC-AUC
values were 0.96032, 0.97768, 0.99206, 0.9375, and 0.9648 in the case of hsa-miR-196a-5p,
hsa-miR-21-3p, hsa-miR-10b-3p, hsa-miR-383-5p, and hsa-miR-490-3p, respectively. For
the control group and GPs, the normalized Ct values were dichotomized by mapping the
sensitivity values in relation to 1—specificity in the case of hsa-miR-196a-5p, hsa-miR-21-
3p, hsa-miR-10b-3p, hsa-miR-383-5p, and hsa-miR-490-3p—to calculate optimal cut-off
values. We observed the highest sensitivity value in the case of hsa-miR-383-5p (95%) and
hsa-miR-490-3p (95%), a little bit lower value for hsa-miR-10b-3p (94%) and hsa-miR-21-3p
(93.8%), while the lowest one is in the case of hsa-miR-196a-5p (88%). The sequence of
specificity was different; the highest value belonged to hsa-miR-10b-3p (100%), followed by
hsa-miR-21-3p (92.9%), hsa-miR-196a-5p (92%), hsa-miR-383-5p (95%), and hsa-miR-490-3p
(85%) (Figure 8).
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Figure 7. Representation of normalized Ct values of significantly deregulated miRNAs. The p-values
were calculated using the Mann–Whitney U test. *** p < 0.001. The p-value of all validated miRNAs is
p < 0.01.

2.2. Identification of Differently Expressed (DE) mRNAs in Tissue Samples of GBM Patients and
Control Group
2.2.1. Next-Generation Sequencing (NGS)

To assess the dissimilarities in mRNA expression profiles between the tissue samples
of GPs and control individuals, next-generation sequencing (NGS) was conducted using the
Illumina NextSeq 500 instrument (Illumina, San Diego, CA, USA). The RNA-Seq libraries
were created from the same total RNA samples, which were isolated from resected tumor
tissue of five GPs and the peripheral tumor region of five lower-grade (grade 1–2) glioma
patients. These later samples were used as a control group.

2.2.2. Hierarchical Clustering with Heatmap and Principal Component (PCA) Analysis

In order to interpret the results of mRNA NGS, a hierarchical cluster analysis was
performed on the NGS dataset of GPs and the control group. MRNAs were ranked based on
their standard deviation across all samples, and the top 200 genes were used in hierarchical
clustering. The expression profiles of the top 50 most variable mRNAs in samples of GPs
and controls are depicted as a heatmap in Figure 9.

The distribution of mRNA expression values was visualized by Principal Component
Analysis (PCA). A PCA plot using the first and second principal components is presented
in Figure 10. It is visible that based on their mRNA expression pattern, GBM samples form
a single cluster and are clearly separated from the control samples by the first principal
component, which represents 43%. This data distribution of the variance suggests that
GBM biogenesis induces a drastic change in the expression of several mRNAs.
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Figure 8. (a) ROC (Receiver Operating Characteristics) curves with AUC (area under the curve)
were created to detect and represent the sensitivity and specificity of hsa-miR-10b-3p, hsa-miR-196a-
5p, hsa-miR-383-5p, hsa-miR-490-3p, and hsa-miR-21-3p selected for the validation of the NGS via
RT-qPCR. (b) Calculated optimal cut-off point values of hsa-miR-10b-3p (normalized Ct value: 9.9),
hsa-miR-196a-5p (normalized Ct value: 9.8), hsa-miR-383-5p (normalized Ct value: 9.8), hsa-miR-490-
3p (normalized Ct value: 9.8), and hsa-miR-21-3p (normalized Ct value: 5.8). (c) Dot plot analysis of
hsa-miR-10b-3p, hsa-miR-196a-5p, hsa-miR-383-5p, hsa-miR-490-3p, and hsa-miR-21-3p for GPs and
control tissue samples.
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Figure 9. Heatmap with hierarchical clustering dendrogram of mRNA expression in GBM and control
samples based on the variation in mRNA expression. The expression profiles of the top 50 mRNAs are
shown. Columns represent patient and control individuals (G—glioblastoma sample and C—control
sample), and each row represents a single mRNA. The down- and upregulated mRNAs are labeled
green and red, respectively.

2.2.3. Differentially Expressed Genes (DEGs)

According to the DESeq2 algorithm of the iDEP.96 web tool with an adjusted threshold
of false discovery rate (FDR) < 0.05 and fold-change > 2, we detected 365 upregulated
(log2FC ≥ 1) and 1225 downregulated (log2FC ≤ −1) mRNAs in the GPs compared to the
control samples. The whole list of the deregulated mRNAs is presented in Table S2. The five
most strongly upregulated mRNAs were HOXD10 (log2FC = 7.06), SHOX2 (log2FC = 6.86),
POSTN (log2FC = 6.09), TOP2A (log2FC = 6.08), and HOXD11 (log2FC = 5.95). In contrast,
the five most significantly downregulated mRNAs were RELN (log2FC = −8.56), GRIN1
(log2FC = −8.29), UNC13C (log2FC = −8.04), OPALIN (log2FC = −7.94), and GABRA1
(log2FC = −7.89).

To assess the influence of GBM on mRNA expression in comparison to control samples,
a k-means cluster analysis was conducted to categorize mRNAs based on their expression
values (Figure 11a). The volcano plot of the expression values (Figure 11b) demonstrates
that GBM development results in a profound alteration of the mRNA transcriptome.
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2.2.4. Protein–Protein Interaction (PPI) Network Analysis of Deregulated mRNAs

The construction of minimal networks based on the 50 most significantly upregulated
and downregulated mRNAs was carried out using the NetworkAnalyst 3.0 tool (Figure 12).
Many of the major hubs—considered to be key nodes with significant biological relevance—
are proteins already known to be involved in tumorigenesis. It is an intriguing finding
that the protein with the highest number of interactions in both analyses (degree values
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of 25 and 13 for the up- and downregulated networks, respectively) is ubiquitin C (UBC).
Ubiquitination, depending on the residues involved in conjugation, can be related to the
degradation of proteins, DNA repair, kinase modification, endocytosis, and regulation
of the cell cycle and cell signaling pathways [16,17]. As shown in Figure 12a, following
UBC, the small ubiquitin-like modifier 2 (SUMO2) and Insulin-Like Growth Factor 2
mRNA Binding Protein 3 (IGF2BP3) have relatively high degree values in the mRNA-based
upregulated protein–protein interaction network (degree values of 12 and 9, respectively),
while synaptotagmin-1 (SYT1, degree value 7) and Amyloid Beta Precursor Protein (APP,
degree value 5) follow UBC in the downregulated mRNA-based protein–protein interaction
network (Figure 12b).
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size of the nodes corresponds to their degree centrality.

2.2.5. Gene Ontology (GO) and Pathway Enrichment Analysis of mRNA Molecules

Applying the GO and Kyoto Encyclopedia of Genes and Genomes (KEGG) database
options of the NetworkAnalyst 3.0 tool, PPI functional enrichment and pathway analysis
were performed using deregulated mRNAs. The GO Biological Process enrichment analy-
sis demonstrates that the upregulated proteins were implicated in the positive regulation
of nucleobase-containing compound metabolic processes (p = 1.27 × 10−22), cell cycle
(p = 2.28 × 10−21), positive regulation of RNA metabolic processes (p = 2.66 × 10−20), and
chromosome organization (p = 3.35 × 10−14) (see Figure 13a). In contrast, the downregu-
lated proteins were enriched in processes such as neuron development (p = 4.5 × 10−23),
neuron projection development (p = 5.48 × 10−22), neuron differentiation (p = 1.3 × 10−19),
and synaptic transmission (p = 1.43 × 10−17) (Figure 13b).

According to the KEGG database, we found that the upregulated mRNAs were
involved in different cancer-related pathways, like cell cycle (p = 8.31 × 10−22), cel-
lular senescence (p = 1.69 × 10−14), pathways in cancer (p = 8.33 × 10−12), transcrip-
tional misregulation in cancer (p = 3.06 × 10−11), and the IL−17 signaling pathway
(p = 5.38 × 10−12) (Figure 14a), while focal adhesion (p = 1.13 × 10−12), pathways in can-
cer (p = 1.23 × 10−11), long-term potentiation (p = 1.27 × 10−11), and the ErbB signaling
pathway (p = 1.85 × 10−10) showed downregulation (Figure 14b). It is also important to
note that DEGs were highly enriched in pathways that are involved in the development of
several cancer types (Figure 14).
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Figure 13. GO Biological Process-based functional enrichment annotation of (a) 50 most upregulated
and (b) 50 most downregulated mRNAs using the NetworkAnalyst 3.0 tool. The significance of the
detected biological processes is indicated by their FDR and −log10 p-values. The size of the dots is
proportional to the number of genes included in the given process.

2.2.6. Validation of Differentially Expressed (DE) mRNAs by RT-qPCR in Tissue Samples

The same total RNA samples from GPs and the control group were used to validate
the mRNA NGS results. Seven upregulated mRNAs (E2F2 (log2FC = 3.59), HOXD13
(log2FC = 3.69), VEGFA (log2FC = 4.3), CDC45 (log2FC = 4.31), AURKB (log2FC = 4.6),
HOXC10 (log2FC = 4.9), and MYBL2 (log2FC = 5.73)) and seven downregulated mR-
NAs (FABP6 (log2FC = −2.3), PRLHR (log2FC = −4.37), NEUROD6 (log2FC = −5.72),
CBLN1 (log2FC = −6.16), HRH3 (log2FC = −6.39), HCN1 (log2FC = −7.36), and RELN
(log2FC = −8.5)) were chosen to check their expression in GPs by RT-qPCR. GAPDH was
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used as an internal control for normalizing the results [18]. In the case of the selection
of deregulated mRNAs for the validation procedure, we primarily aimed to cover the
entire significantly up- and downregulated expression spectrum. The list of primer se-
quences is presented in Table S3. Each experiment was performed in triplicate. Based
on the results of RT-qPCR validation using the Mann–Whitney U test, the upregulation
of E2F2, HOXD13, VEGFA, CDC45, AURKB, HOXC10, and MYBL2 (Figure 15a) and the
downregulation of FABP6, PRLHR, NEUROD6, CBLN1, HRH3, HCN1, and RELN were
confirmed (Figure 15b).
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the dot reflects the number of genes included in the given pathway.
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Figure 15. Representation of normalized Ct values of (a) significantly upregulated and (b) significantly
downregulated mRNAs. The p-values were calculated using the Mann–Whitney U test. * p < 0.05;
** p < 0.01; *** p < 0.001. In the case of the upregulated mRNAs, p < 0.001. Related to the downregulated
mRNAs, p < 0.001 is characteristic for HRH3, CBLN1, RELN, and PRLHR, while p < 0.01 is calculated
in case of HCN1 and NEUROD6 and p < 0.05 in case of FABP6.

2.3. The Correlation Between miRNA and mRNA Expression Determined by Next-Generation
Sequencing (NGS)

Finally, we analyzed miRNA–mRNA interactions using our miRNA and mRNA ex-
pression datasets. miRNA targets were identified using the miRTarBase and miRTargetLink
2.0 databases. Note that only experimentally validated miRNA target gene interactions
were included in our study. Table 1 shows the inverse correlation between the expres-
sion of miRNAs and their experimentally validated target mRNAs in our NGS dataset.
We hypothesize that miRNAs that show significant up- or downregulation in GPs may
regulate the expression of genes that are involved in the cell cycle (AURKB, CDC45, and
CDK6), cell proliferation (EGFR and VEGFA), and angiogenesis (VEGFA) that support
tumor growth. In this context, upregulated transcription factors, such as E2F transcription
factor 2 (E2F2) and MYB proto-oncogene-like 2 (MYBL2), regulate the transcription of
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genes involved in the cell cycle, cell differentiation, and cell proliferation. Other genes
(AJAP1, MMP9, POSTN, and STC2) promote metastasis formation by regulating adhesion
or migration. In addition, the upregulated Homeobox C10 (HOXC10) is involved in the
transcription of genes that enhance migration capacity. The tumor microenvironment may
also be influenced by the regulation of tumor-associated macrophages (through LTBP-1
and POSTN).

Table 1. Correlation between the deregulated miRNAs and their experimentally validated target
genes found in our NGS dataset.

Regulated Gene Biological
Process

Expression
Status

(Up/Down)
miRNA

Expression
Status

(Up/Down)
References

AHR regulation of
transcription up hsa-mir-124-3p down [19]

E2F2 regulation of
transcription up hsa-mir-218-5p down [20]

HOXC10 regulation of
transcription up hsa-mir-129-5p down [21]

HOXD4 regulation of
transcription up hsa-mir-10b up [22,23]

MYBL2 regulation of
transcription up hsa-mir-30e-5p down [24]

NEUROD2 regulation of
transcription down hsa-mir-210-3p up [25]

AJAP1 cell adhesion down hsa-mir-196a-5p up [26]

MMP9 cell migration up hsa-mir-490-3p down [27]

POSTN cell migration up hsa-mir-340-5p down [28]

STC2 cell migration up hsa-mir-381-3p down [29]

GABRA1 synaptic
transmission down hsa-mir-155 -5p up [30]

GABRB2 synaptic
transmission down hsa-mir-10a-5p

hsa-mir-10b-5p up [31,32]

HCN1 transmission of
nerve impulse down hsa-mir-10a-5p

hsa-mir-10b-5p up [33]

AURKA cell cycle
regulation up hsa-mir-124-3p down [34]

AURKB cell cycle
regulation up

hsa-miR-93-5p,
hsa-miR-17-5p,

hsa-miR-130b-3p
up [34]

CDC45 cell cycle
regulation up hsa-mir-485-5p down [35]

CDK6 cell cycle
regulation up hsa-mir-107 down [36]

EGFR cell proliferation up hsa-mir-7 down [37]
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Table 1. Cont.

Regulated Gene Biological
Process

Expression
Status

(Up/Down)
miRNA

Expression
Status

(Up/Down)
References

VEGFA cell proliferation
angiogenesis up hsa-mir-383-5p down [38]

LTBP-1

regulation of
tumor-

associated
macrophages

up hsa-mir-340-5p down [28]

POSTN

regulation of
tumor-

associated
macrophages

up hsa-mir-340-5p down [28]

BCL2 apoptosis up hsa-mir-136-3p down [39]

EZH2 epigenetic
regulation up hsa-miR-138-5p,

hsa-miR-490-3p down [40,41]

3. Discussion
GBM, which represents more than 50% of high-grade gliomas, is one of the greatest

challenges facing neuro-oncology today [42]. Most GBMs arise de novo (they can develop
rapidly within several weeks or months), while some GBM tumors typically develop from
lower-grade gliomas [1,2]. Despite what we know about the pathogenesis of GBM, it is
still incurable, and the available treatment options are still leading to short survival times.
Presently, the median survival time is only 15 months following treatment, and only 10%
of GPs have a 5-year survival rate [43,44]. The molecular background of GBM is still not
fully understood, so there is a need to discover new molecules behind the development
and progression of GBM that could also aid in diagnosis [45]. In this study, our aim was
to identify key genes and miRNAs that might be involved in GBM development and can
serve as potential biomarkers in the detection process.

3.1. Identification of Differently Expressed (DE) miRNAs and mRNAs in Tissue Samples of GBM
Patients in Combination with Pathway and Gene Ontology (GO) Enrichment Analysis

Functional enrichment analysis of differently expressed (DE) miRNAs and mRNAs
reveals several processes related to tumor progression (Figures 5 and 13). For example, dif-
ferent expressions of classical neurotransmitter receptors (NTRs), like gamma-aminobutyric
acid (GABA) receptors, glutamate receptors, and dopamine receptors, could contribute
to tumor development. Belotti et al. detected the downregulation of 10 NTR genes in the
tumor tissue samples of GPs [46]. Similarly, 5 out of 10 NTR genes (GABRA1, GABRB2,
GABRG2, GRIN1, and DRD1) showed significantly decreased expression in GPs in our
study. Furthermore, D’Urso et al. demonstrated that GABRA1 is post-transcriptionally regu-
lated by hsa-miR-155 [30] (Table 1). According to the KEGG database, deregulated miRNAs
might be involved in the development of several cancer types and are enriched in several
cancer-related pathways, involving the FoxO signaling pathway in the case of upregulated
miRNAs, while proteoglycans in cancer are related to downregulated miRNAs (Figure 6).
Forkhead box O transcription factors (FOXOs), which act as tumor suppressors, play an
important role, for example, in regulating cancer metabolism and angiogenesis [47]. Proteo-
glycans control several oncogenic pathways in cancer cells and trigger interactions between
the tumor and its microenvironment. Consequently, proteoglycans, together with their
modifying enzymes, could be important therapeutic targets and biomarkers of GBM [48].
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Focusing on the upregulated mRNAs related pathways, upon IL-17 signaling acting via
Act1-induced K63-linked ubiquitylation of TNF Receptor Associated Factor 6 (TRAF6)
leads to the activation of mitogen-activated protein kinase (MAPK), CCAAT-enhancer-
binding protein β (C/EBPβ), and nuclear factor κB (NF-κB) pathways [49]. Most of the
downregulated mRNAs are involved in focal adhesion-associated pathways (Figure 14).
The decreased expression of adhesion molecules is required for tumor cell migration and
invasion [50].

3.2. Validation of Differentially Expressed (DE) miRNAs by RT-qPCR in Tissue Samples

Similar to our results, Takkar et al. found hsa-miR-196a to be significantly upregulated
in GPs; in addition, they identified hsa-miR-196a as a hypoxia-inducible and hypoxia-
inducible factor (HIF)-regulated miRNA that functions as an oncomiR in GBM [26]. Yang
et al. confirmed the upregulation of hsa-miR-196a in GBM as well, and they detected a
significant correlation with poor outcomes in a large cohort of GBM patients [51].

One interesting fact about hsa-miR-10b, which we found to be highly upregulated,
is that it is normally undetectable in the brain but shows strong upregulation in all GBM
subtypes [52]. Gabriely et al. demonstrated that hsa-miR-10b is an important oncomiR
and promotes the process of tumorigenesis and maintains malignancy in GBM cells [53].
El Fatimy et al. investigated the consequences of hsa-miR-10b gene editing on GBM, and
they found that its loss-of-function mutations lead to the death of glioma cells but not
in other cancer cell lines. These findings suggest that virus-mediated hsa-miR-10b gene
ablation could be an efficient therapeutic method in GBM treatment [54]. Hsa-miR-196a
and hsa-miR-10b are situated within HOX clusters. It is noteworthy that numerous Hox
miRNAs have been identified as targeting HOX mRNAs [55].

Many reports indicate the upregulation of hsa-miR-21 in GBM [56]. Cellular path-
ways, like p53 and the PI3K-Akt pathway, are parts of the regulatory network of
hsa-miR-21 [57,58]. So, its function in tumor development and progression processes could
explain the association between the upregulation of hsa-miR-21 expression and the short
survival times of GPs [59].

Focusing on our downregulated miRNAs, other research groups detected significantly
lower expression of hsa-miR-383-3p [60] and hsa-miR-490-3p [27] in human glioma tissues
and cells as well. He et al. reported insulin-like growth factor-1 receptor (IGF1R) as a
direct target of hsa-miR-383-3p, so its low expression causes the upregulation of IGF1R,
leading to stimulation of AKT Serine/Threonine Kinase (AKT), which, via enhancing
Matrix Metalloproteinase 2 (MMP2) production, results in increased invasion [61]. In light
of the above findings, a significantly increased level of MMP9 (log2FC = 5.36), MMP14
(log2FC = 3.74), and MMP23 (log2FC = 2.4) could be detected on the basis of the mRNA
NGS results.

Concerning hsa-miR-490-3p, Vinchure et al. identified it as an important direct target
of one of the histone methylating molecules, Enhancer of Zeste Homolog-2 (EZH2). EZH2
upregulation and hsa-miR-490-3p downregulation could be an early step in tumorigene-
sis [41]. Similarly, both the miRNA and mRNA NGS results show the downregulation of
hsa-miR-490-3p and upregulation of EZH2 (log2FC = 2.72).

To the best of our knowledge, the significant joint deregulation of the expression of
the five miRNAs hsa-miR-196a-5p, hsa-miR-21-3p, hsa-miR-10b-3p, hsa-miR-383-5p, and
hsa-miR-490-3p was only detected in our study.

One potential explanation for this finding is that ethnicity could be one of the potential
sources of heterogeneity between microRNA studies [12,13]. Therefore, it may be advisable
to screen for significantly deregulated microRNAs associated with a particular phenotype,
such as glioblastoma multiforme (GBM), that are specific to a certain geographic area. This
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could result in the creation of a panel of miRNAs that could be applied for diagnostic
purposes in GBM in that specific region. For example, Zhou et al., using a meta-analytical
approach, found that in Caucasian populations, miRNAs displayed higher diagnostic value
than in Asians, implying that deregulation of the same miRNA in different ethnicities may
also influence the diagnostic value of miRNAs [62]. In addition to ethnicity, our data from
the examined patient population, consistent with other GBM studies, confirm that the
incidence of this disease increases with age (on average between 65–75 years) and is more
frequent in males and associated with poorer median survival in males than females [63].

3.3. Validation of Differentially Expressed (DE) mRNAs by RT-qPCR in Tissue Samples

In the present study, the differential expression of 15 of the 39 known Hox genes was
observed in GPs (see Table S2). With the exception of HOXD1 and HOXD-AS1, the HOX
genes are not expressed in normal brain tissue. Consequently, their deregulated expression
may play a role in the development of GBM. For instance, it has been demonstrated that the
expression of HOXC10 enhances the migration capacity of GBM cell lines [64]. Furthermore,
MYB Proto-Oncogene Like 2 (MYBL2), a member of the myeloblastosis transcription factor
family, similar to E2F Transcription Factor 2 (E2F2), plays an important role in regulat-
ing cell proliferation and differentiation [20,65]. In addition to the transcription factors
that were found to be overexpressed, Neuronal Differentiation 6 (NEUROD6) exhibited a
tumor-suppressive role in GPs via the inhibition of cell proliferation, migration, and tumor
formation ability in GBM cell lines. The downregulation of NEUROD6 was found to be
correlated with the poor prognosis of GBM patients [22]. In addition to the previously
characterized transcription factors, the validation group included other upregulated genes
that are associated with the regulation of cell proliferation. For example, the cell division
cycle (Cdc 45) protein plays an important role in the regulation of the initiation and elonga-
tion stages of eukaryotic chromosomal DNA replication [35]. Aurora Kinase B (AURKB),
functioning as a serine/threonine kinase, plays an important role in cell cycle regulation
via controlling chromatid separation. In the case of GBM, overexpression of AURKB was
associated with poor prognosis and increased TMZ resistance [66]. Furthermore, Vascular
Endothelial Growth Factor A (VEGFA) plays a crucial role in the induction of cell prolifera-
tion and angiogenesis, facilitating the transport of nutrients essential for tumor growth [38].
The results of the functional enrichment analysis indicate that the downregulated mR-
NAs are predominantly associated with neuron development and synaptic transmission
(Figure 13). According to our data, the most significantly downregulated mRNA in GPs is
Reelin (RELN), a large secreted extracellular matrix glycoprotein that plays an important
role in brain development. It regulates the migration of neurons and the formation of
layers in the cortex [67]. Neuronal excitability is regulated by hyperpolarization-activated
cyclic nucleotide-gated channel 1 (HCN1), which facilitates the movement of Na+ and K+

ions across cellular membranes. There is a notable reduction in the expression of HCN1
in GBM [68]. Histamine Receptor H3 (HRH3) is normally highly expressed in the basal
ganglia, cortex, and hippocampus, playing an important role in the regulation of neuro-
transmitter release. In contrast to the findings of Lin et al., our study shows a reduction
in the expression of HRH3 [69]. Cerebellin-1 (CBLN1) is known for its role in synaptic
organization and demonstrated reduced expression in line with the observations made
by Nong et al. [70]. For instance, in the presynaptic region, it is capable of stimulating
the accumulation of synaptic vesicles by binding with Neurexin 1 (NRXN1) [70]. Fatty
acid-binding protein 6 (FABP6) and prolactin receptor (PRLHR) showed downregulation
in our GPS in contrast to the findings of other research groups [71,72].
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3.4. The Correlation Between miRNA and mRNA Expression Determined by Next-Generation
Sequencing (NGS)

The miRNAs listed in Table 1 may be involved in the epigenetic regulation of genes in-
volved in the cell cycle (AURKB, CDC45, and CDK6), cell proliferation (EGFR and VEGFA),
and angiogenesis (VEGFA), contributing to tumor growth. Huang et al. experimentally
proved that upregulation of AURKB in H1975 cells showed a positive correlation with
the expression of hsa-miR-93-5p, hsa-miR-17-5p, and hsa-miR-130b-3p [34]. Liu et al.
demonstrated CDC45 regulation by miR-485-5p [35].

Other genes (AJAP1, MMP9, and STC2) promote metastasis formation by controlling
cell adhesion or migration. Adherens junction-associated protein 1 (AJAP1), a putative
tumor suppressor downregulated in GPs based on mRNA NGS, is an experimentally vali-
dated target of hsa-miR-196a-5p [26]. Stanniocalcin-2 (STC2) is a secreted glycoprotein that
has been shown to play a role in the development of cancer through its upregulation. Yun
et al. experimentally proved that STC2 elevates the expression level of matrix metallopro-
teinases (MMPs) via the Mitogen-Activated Protein Kinase (MAPK) signaling pathway [73].
STC2 expression is regulated by hsa-miR-381-3p [29], while hsa-miR-490-3p led to a notable
reduction in MMP9 expression [27].

In addition, the regulation of tumor-associated macrophages (LTBP-1 and POSTN)
could make the tumor microenvironment more favorable for the spread of cancer cells.
Periostin (POSTN) is a secreted extracellular matrix protein that plays a role in attracting M2-
type tumor-associated macrophages (TAMs), which are monocyte-derived macrophages
from peripheral blood, to facilitate the growth of GBM [74]. Liu et al. showed that miR-340-
5p plays an important role in the regulation of TAMs by targeting POSTN and LTBP-1 [28].

The results of miRNA and mRNA NGS were used to demonstrate the relationship
between the two datasets and demonstrate their involvement at different stages of the
tumorigenesis process in GBM.

4. Materials and Methods
4.1. Patients and Samples

GPs were identified and handled at the Department of Neurosurgery, Faculty of
Medicine, University of Debrecen, Hungary. Written informed consent was obtained from
each member of the trial groups. The demographic and clinical data of GPs were collected
from the medical record overview. The patients—all of them IDH wild type—did not
receive chemotherapy or radiation therapy before participating in this study. The ages
of GPs were between 57 and 70 years, with a mean age of 63 years, while controls were
aged between 52 and 80 years, with a mean age of 64 years, selected for miRNA and RNA
NGS (Table 2). In the case of 28 members of the control group, the age ranged between
38 and 78, with a median age of 63, while in the case of 30 GPs involved in the validation
group, the age ranged between 37 and 80, with a median age of 61. The number of women
and men involved in the validation procedure was equal in the control and patient groups
as well. The study was approved by the Scientific and Research Ethics Committee of the
Medical Research Council of the Ministry of Health, Budapest, Hungary (ETT TUKEB;
project identification code: IV/1753-/2021/EKU) and was conducted in accordance with
the Declaration of Helsinki, and each patient signed the consent form. Tissue samples were
collected from the peripheral tumor region of 5 individuals diagnosed with lower-grade
(grade 1–2) glioma but whose histology proved peripheral tissue without tumor cells
serving as a control group, and from 5 patients with GBM. All samples of the participating
individuals were confirmed histopathologically. These intraoperative quick-frozen tissue
samples were stored at −80 ◦C until further processing.
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Table 2. Information about the gender, age, and immunohistochemical characteristics of 5 control
and 5 GBM patients who took part in NGS (a) and the 28 control and 30 GBM patients involved in
the RT-qPCR validation group (b).

(a)

Members of NGS Gender Age Immunohistochemical
characteristics

Control_1 M 70 -
Control_2 M 52 -
Control_3 M 52 -
Control_4 F 71 -
Control_5 F 80 -

GBM_1 M 65 IDH wild type
GBM_2 M 57 IDH wild type
GBM_3 M 70 IDH wild type-
GBM_4 F 60 IDH wild type-

GBM_5 F 56 IDH wild type-

(b)

Characteristic Control Group (number) GBM Group (number)

Sex (M/F) 14/14 15/15
Age

Median 63 61
Range 38–78 37–80

4.2. Tissue Exploration and RNA Isolation and Purification for Next-Generation
Sequencing (NGS)

Tissue samples were dissected on ice, then disrupted and homogenized by the MagNa
Lyser instrument (Roche Ltd., Basel, Switzerland) for purification of total RNA (including
small RNAs) using the miRNeasy Mini Kit (Qiagen, Hilden, Germany). Each step was
performed according to the manufacturer’s instructions. The amount of the tissue sample
was 30 mg in each case. The quality of isolated RNA was analyzed by a Nanodrop
spectrophotometer (Thermo Scientific, Waltham, MA, USA).

4.3. Next-Generation Sequencing (NGS) and Determination of Differentially Expressed (DE)
miRNAs and mRNAs

To obtain global miRNA and mRNA transcriptome data, high-throughput miRNA
and mRNA sequencing analysis was performed on the Illumina NextSeq 500 sequencing
platform. The sequencing process, from library preparation to raw data analysis, was
performed by the Genomic Medicine and Bioinformatics Core Facility (Department of
Biochemistry and Molecular Biology, Faculty of Medicine, University of Debrecen). Six
replicates were used for sequencing from both the control and patient groups. The quality
of RNA samples was determined by the Agilent Bioanalyzer with the Eukaryotic Total RNA
Nano Kit, following the instructions of the manufacturer. For library preparation, those
samples were selected in which the value of the RNA integrity number (RIN) was higher
than seven. Small RNA-Seq libraries were prepared from 1 µg total RNA using the NEBNext
Multiplex Small RNA Prep Set for Illumina (1-48) 96 rxn kit (New England BioLabs,
Ipswich, MA, USA), according to the manufacturer’s protocol. RNA-Seq libraries were
generated from rRNA-depleted samples (NEBNext® rRNA Depletion Kit, New England
BioLabs) using the Ultra II RNA Sample Prep Kit (New England BioLabs) according to
the manufacturer’s protocol. The fragment size distribution and molarity of libraries were
checked on the Agilent Bioanalyzer DNA1000 chip (Agilent Technologies, Santa Clara,
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CA, USA). Then, a single read 50 bp sequencing run (in case of miRNA sequencing) and
single-end 75 cycle sequencing (in case of mRNA sequencing) were performed using the
Illumina NextSeq 500 instrument (Illumina, San Diego, CA, USA). Raw miRNA sequencing
data (fastq) were aligned to the human reference genome version GRCh38 using the
Novoalign algorithm, while raw mRNA sequencing data (fastq) were aligned to the human
reference genome version GRCh38 using the HISAT2 algorithm, and BAM files were
generated. Downstream analysis was performed using StrandNGS software (version
2.8, build 230243; Strand Life Sciences, Bangalore, India) (www.strand-ngs.com), which
involved normalization by applying the BAM files using the DESeq algorithm.

The normalized values of DE miRNAs and mRNAs were used to calculate the extent
of changes in miRNA and mRNA expression levels between GPs and the control group.
The evaluation of miRNA and mRNA expression data was performed using the iDEP.96
tool (http://bioinformatics.sdstate.edu/idep96; accessed on 28 November 2022). In the
preprocessing step, miRNAs or mRNAs with low or missing expression values were filtered
out (≥CPM 1 in all libraries). Bioinformatics analysis included hierarchical clustering with
a heatmap, unconditional k-means clustering, PCA, and MA plots, applying the iDEP.96
web tool as well. For differential expression analysis, the DESeq2 package of iDEP was
used. Significantly deregulated miRNAs and mRNAs were identified after adjusting the
cut-off values for a fold change (FC) ≥ 2 and a false discovery rate (FDR) ≤ 0.05.

4.4. Prediction of Targets of Differentially Expressed (DE) miRNAs, Construction of PPI Networks,
Gene Ontology (GO), and Functional Annotation and Pathway Enrichment Analysis

Experimentally validated target genes of DE miRNAs were identified by the web-based
miRNet (http://www.mirnet.ca; accessed on 12 December 2022) and miRNA Enrichment
Analysis and Annotation (miEAA) tools, both using the miRTargetLink database (https:
//ccb-compute.cs.uni-saarland.de/mirtargetlink2/) for target prediction. The miRNA–
target gene network was constructed with the miRNet tool, and the top miRNAs were
identified by their degree-centrality values.

Protein–protein interaction (PPI) networks were also constructed using the 50 most
upregulated and downregulated mRNAs, applying the NetworkAnalyst 3.0 tool (www.
NetworkAnalyst.ca), and hub proteins were ranked by their degree-centrality values.

The network-based GO and functional enrichment and pathway analysis were carried
out by the NetworkAnalyst 3.0 tool using the KEGG database options of the tool for
pathway enrichment analysis. A p-value of <0.05 was considered statistically significant in
the analysis.

4.5. Validation of miRNA-Seq Results by Quantitative Real-Time PCR (RT-qPCR)

For the validation process, total RNA was extracted from 30 mg tissue samples of
28 control persons and 30 GBM patients using the miRNeasy Mini Kit (Qiagen, Hilden,
Germany) according to the manufacturer’s manual. The concentration and quality of
purified RNA in each sample were measured by a Nanodrop spectrophotometer (Thermo
Scientific, Waltham, MA, USA). To detect and measure the number of mature miRNAs,
the miRCURY LNA miRNA PCR Assay (Qiagen, Hilden, Germany) was applied. For the
reverse transcription of miRNAs, the miRCURY LNA RT Kit (Qiagen, Hilden, Germany)
was used. The reverse transcription reaction happened at 42 ◦C for 60 min, followed
by inactivation of the reverse transcriptase enzyme at 95 ◦C for 5 min. The quantitative
real-time PCR reaction was completed using the LightCycler® 96 instrument (Roche Ltd.,
Pleasanton, CA, USA) and the miRCURY LNA SYBR Green PCR Kit (Qiagen, Hilden,
Germany) in order to identify the expression level of hsa-miR-196a-5p, hsa-miR-21-3p,
hsa-miR-10b-3p, hsa-miR-383-5p, and hsa-miR-490-3p in both GPs and control samples.
The circumstances for the PCR reactions were the following: initial heat activation at 95 ◦C

www.strand-ngs.com
http://bioinformatics.sdstate.edu/idep96
http://www.mirnet.ca
https://ccb-compute.cs.uni-saarland.de/mirtargetlink2/
https://ccb-compute.cs.uni-saarland.de/mirtargetlink2/
www.NetworkAnalyst.ca
www.NetworkAnalyst.ca
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for 120 s, followed by 45 two-step amplification cycles (denaturation at 95 ◦C for 10 s
and combined annealing/extension at 56 ◦C for 60 s). Ultimately, melting curves were
generated by fluorescent measurements at 95 ◦C for 20 s, 40 ◦C for 20 s, and 85 ◦C for 1 s.
The PCR reaction was terminated by a cooling step at 37 ◦C for 30 s. The expression levels
of the investigated miRNAs were calculated using the comparative cycle threshold (Ct)
method, and hsa-miR-103a-3p was chosen as the internal control. The fold change was
measured by the equation ∆Ct, and ∆Ct was calculated by subtracting the mean Ct value
of hsa-miR-103a-3p from the Ct value of the target miRNA.

4.6. Validation of mRNA-Seq Results by Quantitative Real-Time PCR (RT-qPCR)

To validate the mRNA sequencing results, the same total RNA samples were employed
as in the case of validating the miRNA sequencing data, as previously described. A total of
500 ng of RNA was used as a template during the reverse transcription process, which was
carried out using the Maxima First Strand cDNA Synthesis Kit (Thermo Fisher Scientific,
Waltham, MA, USA) in accordance with the instructions provided by the manufacturer. A
concentration of total RNA and cDNA was measured by a NanoDrop LITE Spectropho-
tometer (Thermo Fisher Scientific, Waltham, MA, USA). The expression of E2F2, HOXD13,
VEGFA, CDC45, AURKB, HOXC10, MYBL2, FABP6, PRLHR, NEUROD6, CBLN1, HRH3,
HCN1, and RELN was determined by qPCR using the Maxima™ SYBR Green qPCR Master
Mix (Thermo Fisher Scientific, Waltham, MA, USA), applying a Lightcycler 96 instrument
(Roche, Pleasanton, CA, USA), following the instructions of the manufacturer. The se-
quences of forward and reverse primers are included in Supplementary Materials Table
S3. As an endogenous control gene, GAPDH was used for normalization of the mRNA
expression values. Each RT-qPCR reaction was performed in triplicate. Fold changes (FCs)
are presented in a log2 scale.

4.7. Statistical Analysis

In the case of the RT-qPCR validation of miRNAs and mRNAs, the distribution of data
was analyzed using the Kolmogorov–Smirnov test. The statistical significance of expression
values was calculated by the nonparametric Mann–Whitney U test using the GraphPad
Prism 8.0.1 program. The difference in miRNA and mRNA expression was considered
significant at p < 0.05. ROC-AUC graphs were created with easyROC curve analysis (ver.
1.3.1.) (http://biosoft.erciyes.edu.tr/app/easyROC/), accessed on 5 February 2021. ROC
analysis was performed to determine the optimal cut-off points based on the best balance
of sensitivity and specificity. The significance level was p < 0.05 in the case of all tests.

5. Conclusions
The detection and quantification of miRNAs and mRNAs in tissue samples of cancer

patients can be of diagnostic and prognostic significance. In our study applying miRNA
and mRNA NGS followed by RT-qPCR in validation processes, a miRNA panel composed
of hsa-miR-196a-5p, hsa-miR-21-3p, hsa-miR-10b-3p, hsa-miR-383-5p, and hsa-miR-490-
3p and an mRNA panel, including E2F2, HOXD13, VEGFA, CDC45, AURKB, HOXC10,
MYBL2, FABP6, PRLHR, NEUROD6, CBLN1, HRH3, HCN1, and RELN, was constructed
that could be helpful in the tissue sample-based diagnosis of GBM in the Hungarian
population. Our functional annotation analysis shows that experimentally validated targets
of DE miRNAs are key regulators of tumor formation, suggesting that miRNAs might
play an important pathophysiological role in the formation of different tumor types. A
clear limitation of our study is the low sample size. Although our results are statistically
significant, further studies are needed in independent cohorts to confirm their utility and
potential clinical application. GBM was one of the first tumor types to be analyzed by

http://biosoft.erciyes.edu.tr/app/easyROC/
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The Cancer Genome Atlas (TCGA) consortium. We took advantage of the Glioblastoma
Multiforme (TCGA-GBM) data collection to further validate the credibility and novelty of
our miRNA set and investigated the overlap between our miRNAs and GBM-associated
miRNAs present in the TCGA database (and TCGA-based publications). We found that
a reduced set of miRNAs (45 out of the 117, Table S1) analyzed here were represented in
these resources. Not surprisingly, the key genes identified as frequently mutated genes in
GBM—e.g., EGFR, TP53, MYC, and TERT—were present among the target genes of our set
of deregulated miRNAs, highlighting the regulatory role of miRNAs in the progression of
this disease. The network-based pathway enrichment analysis of our set of dysregulated
miRNAs identifies core pathways, like the FoxO signaling pathway, that are considered
obligatory events in most GBM tumors. Our results suggest that miRNA and mRNA
signatures might help to better understand tumor development; furthermore, they could be
diagnostic indicators of GBM and, thus, potentially predict the clinical status of individuals.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/ph18030431/s1, Table S1: The whole list of the 117 deregulated
miRNAs; Table S2: The whole list of deregulated mRNAs; Table S3: The list of primer sequences used
for validation of differentially expressed mRNAs by RT-qPCR.

Author Contributions: Conceptualization: I.B., B.N., Á.K., Z.B. and J.V.; methodology: A.P., I.B.,
Z.B. and M.S.; software: A.P., D.G. and Z.B.; validation: D.G. and Z.B.; formal analysis: Z.B.;
investigation: D.G. and Z.B.; resources: Á.K. and I.B.; data curation: D.G. and A.B.; writing—original
draft preparation: Z.B.; writing—review and editing: D.G. and Z.B.; visualization: A.P., D.G. and B.T.;
supervision: Z.B.; project administration: D.G.; funding acquisition: Á.K. All authors have read and
agreed to the published version of the manuscript.

Funding: This study was supported by grant 2017-1.2.1-NKP-2017-00002 “National Brain Research
Program NAP 2.0”.

Institutional Review Board Statement: The study was approved by the Scientific and Research
Ethics Committee of the Medical Research Council of the Ministry of Health, Budapest, Hungary
(ETT TUKEB; project identification code: IV/1753-/2021/EKU) date of approval: 24 March 2021,
and was conducted in accordance with the Declaration of Helsinki, and each patient signed the
consent form.

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: The data presented in this study are openly available in the Gene Ex-
pression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/, accessed on 21 December
2024) at the accession numbers GSE244332 and GSE285290.

Acknowledgments: We thank Szilárd Póliska, Lóránd Göczi, and UD-GenoMed Medical Genomic
Technologies Kft. for their helpful contribution.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Martínez-Garcia, M.; Álvarez-Linera, J.; Carrato, C.; Ley, L.; Luque, R.; Maldonado, X.; Martínez-Aguillo, M.; Navarro, L.M.;

Vaz-Salgado, M.A.; Gil-Gil, M. SEOM clinical guidelines for diagnosis and treatment of glioblastoma. Clin. Transl. Oncol. 2018, 20,
22–28. [CrossRef] [PubMed] [PubMed Central]

2. Bianco, J.; Bastiancich, C.; Jankovski, A.; Rieux, A.D.; Préat, V.; Danhier, F. On glioblastoma and the search for a cure: Where do
we stand? Cell. Mol. Life Sci. 2017, 74, 2451–2466. [CrossRef] [PubMed]

3. Stupp, R.; Mason, W.P.; van den Bent, M.J.; Weller, M.; Fisher, B.; Taphoorn, M.J.B.; Belanger, K.; Brandes, A.A.; Marosi, C.;
Bogdahn, U.; et al. Radiotherapy plus concomitant and adjuvant temozolomide for glioblastoma. N. Engl. J. Med. 2005, 352,
987–996. [CrossRef]

4. Osuka, S.; Van Meir, E.G. Overcoming therapeutic resistance in glioblastoma: The way forward. J. Clin. Investig. 2017, 127,
415–426. [CrossRef]

https://www.mdpi.com/article/10.3390/ph18030431/s1
https://www.mdpi.com/article/10.3390/ph18030431/s1
https://www.ncbi.nlm.nih.gov/geo/
https://doi.org/10.1007/s12094-017-1763-6
https://www.ncbi.nlm.nih.gov/pubmed/29086250
https://pmc.ncbi.nlm.nih.gov/articles/PMC5785619
https://doi.org/10.1007/s00018-017-2483-3
https://www.ncbi.nlm.nih.gov/pubmed/28210785
https://doi.org/10.1056/NEJMoa043330
https://doi.org/10.1172/JCI89587


Pharmaceuticals 2025, 18, 431 26 of 29

5. Kelly, A.D.; Issa, J.J. The promise of epigenetic herapy: Reprogramming the cancer epigenome. Curr. Opin. Genet. Dev. 2017, 42,
68–77. [CrossRef]

6. He, L.; Hannon, G.J. MicroRNAs: Small RNAs with a big role in gene regulation. Nat. Rev. Genet. 2004, 5, 522–531. [CrossRef]
7. Zhao, C.; Tian, F.; Yu, Y.; Liu, G.; Zan, L.; Updike, M.S.; Song, J. miRNA-dysregulation associated with tenderness variation

induced by acute stress in Angus cattle. J. Anim. Sci. Biotechnol. 2012, 3, 12. [CrossRef]
8. Hosseini, S.A.; Horton, S.; Saldivar, J.C.; Miuma, S.; Stampfer, M.R.; Heerema, N.A.; Huebner, K. Common chromosome fragile

sites in human and murine epithelial cells and FHIT/FRA3B loss-induced global genome instability. Genes Chromosom. Cancer
2013, 52, 1017–1029. [CrossRef]

9. Calin, G.A.; Dumitru, C.D.; Shimizu, M.; Bichi, R.; Zupo, S.; Noch, E.; Aldler, H.; Rattan, S.; Keating, M.; Rai, K.; et al. Frequent
deletions and down-regulation of micro-RNA genes miR15 and miR16 at 13q14 in chronic lymphocytic leukemia. Proc. Natl. Acad.
Sci. USA 2002, 99, 15524–15529. [CrossRef]

10. Svoronos, A.A.; Engelman, D.M.; Slack, F.J. OncomiR or Tumor Suppressor? The Duplicity of MicroRNAs in Cancer. Cancer Res.
2016, 76, 3666–3670. [CrossRef]

11. Sempere, L.F.; Azmi, A.S.; Moore, A. microRNA-based diagnostic and therapeutic applications in cancer medicine. Wiley
Interdiscip. Rev. RNA 2021, 12, e1662. [CrossRef]

12. Ma, C.; Nguyen, H.P.T.; Luwor, R.B.; Stylli, S.S.; Gogos, A.; Paradiso, L.; Kaye, A.H.; Morokoff, A.P. A comprehensive meta-
analysis of circulation miRNAs in glioma as potential diagnostic biomarker. PLoS ONE 2018, 13, e0189452. [CrossRef]

13. Wang, J.; Che, F.; Zhang, J. Cell-free microRNAs as non-invasive biomarkers in glioma: A diagnostic meta-analysis. Int. J. Biol.
Markers 2019, 34, 232–242. [CrossRef] [PubMed]

14. Yang, C.; Wang, C.; Chen, X.; Chen, S.; Zhang, Y.; Zhi, F.; Wang, J.; Li, L.; Zhou, X.; Li, N.; et al. Identification of seven
serum microRNAs from a genome-wide serum microRNA expression profile as potential noninvasive biomarkers for malignant
astrocytomas. Int. J. Cancer 2013, 132, 116–127. [CrossRef] [PubMed]

15. Veryaskina, Y.A.; Titov, S.E.; Zhimulev, I.F. Reference Genes for qPCR-Based miRNA Expression Profiling in 14 Human Tissues.
Med. Princ. Pract. 2022, 31, 322–332. [CrossRef] [PubMed] [PubMed Central]

16. Maksoud, S. The Role of the Ubiquitin Proteasome System in Glioma: Analysis Emphasizing the Main Molecular Players and
Therapeutic Strategies Identified in Glioblastoma Multiforme. Mol. Neurobiol. 2021, 58, 3252–3269. [CrossRef] [PubMed] [PubMed
Central]

17. Scholz, N.; Kurian, K.M.; Siebzehnrubl, F.A.; Licchesi, J.D.F. Targeting the Ubiquitin System in Glioblastoma. Front. Oncol. 2020,
10, 574011. [CrossRef] [PubMed] [PubMed Central]

18. Kreth, S.; Heyn, J.; Grau, S.; Kretzschmar, H.A.; Egensperger, R.; Kreth, F.W. Identification of valid endogenous control genes for
determining gene expression in human glioma. Neuro Oncol. 2010, 12, 570–579. [CrossRef] [PubMed] [PubMed Central]

19. Liu, C.; Xia, M.; Zhang, Y.; Jin, P.; Zhao, L.; Zhang, J.; Li, T.; Zhou, X.; Tu, Y.; Kong, F.; et al. Micro124-mediated AHR expression
regulates the inflammatory response of chronic rhinosinusitis (CRS) with nasal polyps. Biochem. Biophys. Res. Commun. 2018, 500,
145–151. [CrossRef] [PubMed]

20. Zhang, Y.; Han, D.; Wei, W.; Cao, W.; Zhang, R.; Dong, Q.; Zhang, J.; Wang, Y.; Liu, N. MiR-218 Inhibited Growth and Metabolism
of Human Glioblastoma Cells by Directly Targeting E2F. Cell. Mol. Neurobiol. 2015, 35, 1165–1173. [CrossRef] [PubMed]

21. Liu, J.; Cheng, C.; Jiao, J.; Huang, W.; Huang, J.; Sun, J.; Shao, J. MircoRNA-129-5p suppresses the development of glioma by
targeting HOXC10. Pathol. Res. Pract. 2020, 216, 152868. [CrossRef] [PubMed]

22. Phua, S.L.C.; Sivakamasundari, V.; Shao, Y.; Cai, X.; Zhang, L.-F.; Lufkin, T.; Featherstone, M. Nuclear accumulation of an
uncapped RNA produced by Drosha cleavage of a transcript encoding miR-10b and HOXD4. PLoS ONE 2011, 6, e25689.
[CrossRef] [PubMed] [PubMed Central]

23. Deforzh, E.; Uhlmann, E.J.; Das, E.; Galitsyna, A.; Arora, R.; Saravanan, H.; Rabinovsky, R.; Wirawan, A.D.; Teplyuk, N.M.; El
Fatimy, R.; et al. Promoter and enhancer RNAs regulate chromatin reorganization and activation of miR-10b/HOXD locus, and
neoplastic transformation in glioma. Mol. Cell 2022, 82, 1894–1908.e5. [CrossRef] [PubMed] [PubMed Central]

24. Zhang, K.; Fu, G.; Pan, G.; Li, C.; Shen, L.; Hu, R.; Zhu, S.; Chen, Y.; Cui, H. Demethylzeylasteral inhibits glioma growth by
regulating the miR-30e-5p/MYBL2 axis. Cell Death Dis. 2018, 9, 1035. [CrossRef] [PubMed] [PubMed Central]

25. Agrawal, R.; Garg, A.; Malgulwar, P.B.; Sharma, V.; Sarkar, C.; Kulshreshtha, R. p53 and miR-210 regulated NeuroD2, a neuronal
basic helix–loop–helix transcription factor, is downregulated in glioblastoma patients and functions as a tumor suppressor under
hypoxic microenvironment. Int. J. Cancer 2017, 142, 1817–1828. [CrossRef] [PubMed]

26. Takkar, S.; Sharma, V.; Ghosh, S.; Suri, A.; Sarkar, C.; Kulshreshtha, R. Hypoxia-inducible miR-196a modulates glioblastoma cell
proliferation and migration through complex regulation of NRAS. Cell. Oncol. 2021, 44, 433–451. [CrossRef] [PubMed]

27. Zhang, F.; Wu, A.; Wang, Y.; Liu, J. miR-490-3p functions as a tumor suppressor in glioma by inhibiting high-mobility group
AT-hook 2 expression. Exp. Ther. Med. 2019, 18, 664–670. [CrossRef] [PubMed] [PubMed Central]

28. Liu, Y.; Li, X.; Zhang, Y.; Wang, H.; Rong, X.; Peng, J.; He, L.; Peng, Y. An miR-340-5p-macrophage feedback loop modulates the
progression and tumor microenvironment of glioblastoma multiforme. Oncogene 2019, 38, 7399–7415. [CrossRef] [PubMed]

https://doi.org/10.1016/j.gde.2017.03.015
https://doi.org/10.1038/nrg1379
https://doi.org/10.1186/2049-1891-3-12
https://doi.org/10.1002/gcc.22097
https://doi.org/10.1073/pnas.242606799
https://doi.org/10.1158/0008-5472.CAN-16-0359
https://doi.org/10.1002/wrna.1662
https://doi.org/10.1371/journal.pone.0189452
https://doi.org/10.1177/1724600819840033
https://www.ncbi.nlm.nih.gov/pubmed/30968749
https://doi.org/10.1002/ijc.27657
https://www.ncbi.nlm.nih.gov/pubmed/22674182
https://doi.org/10.1159/000524283
https://www.ncbi.nlm.nih.gov/pubmed/35354155
https://pmc.ncbi.nlm.nih.gov/articles/PMC9485981
https://doi.org/10.1007/s12035-021-02339-4
https://www.ncbi.nlm.nih.gov/pubmed/33665742
https://pmc.ncbi.nlm.nih.gov/articles/PMC8260465
https://pmc.ncbi.nlm.nih.gov/articles/PMC8260465
https://doi.org/10.3389/fonc.2020.574011
https://www.ncbi.nlm.nih.gov/pubmed/33324551
https://pmc.ncbi.nlm.nih.gov/articles/PMC7724090
https://doi.org/10.1093/neuonc/nop072
https://www.ncbi.nlm.nih.gov/pubmed/20511187
https://pmc.ncbi.nlm.nih.gov/articles/PMC2940642
https://doi.org/10.1016/j.bbrc.2018.03.204
https://www.ncbi.nlm.nih.gov/pubmed/29605298
https://doi.org/10.1007/s10571-015-0210-x
https://www.ncbi.nlm.nih.gov/pubmed/26012781
https://doi.org/10.1016/j.prp.2020.152868
https://www.ncbi.nlm.nih.gov/pubmed/32111444
https://doi.org/10.1371/journal.pone.0025689
https://www.ncbi.nlm.nih.gov/pubmed/21991333
https://pmc.ncbi.nlm.nih.gov/articles/PMC3185001
https://doi.org/10.1016/j.molcel.2022.03.018
https://www.ncbi.nlm.nih.gov/pubmed/35390275
https://pmc.ncbi.nlm.nih.gov/articles/PMC9271318
https://doi.org/10.1038/s41419-018-1086-8
https://www.ncbi.nlm.nih.gov/pubmed/30305611
https://pmc.ncbi.nlm.nih.gov/articles/PMC6180101
https://doi.org/10.1002/ijc.31209
https://www.ncbi.nlm.nih.gov/pubmed/29226333
https://doi.org/10.1007/s13402-020-00580-y
https://www.ncbi.nlm.nih.gov/pubmed/33469841
https://doi.org/10.3892/etm.2019.7606
https://www.ncbi.nlm.nih.gov/pubmed/31258704
https://pmc.ncbi.nlm.nih.gov/articles/PMC6566118
https://doi.org/10.1038/s41388-019-0952-x
https://www.ncbi.nlm.nih.gov/pubmed/31427735


Pharmaceuticals 2025, 18, 431 27 of 29

29. Ma, H.-F.; Lv, G.-X.; Zhang, D.-H. miR-381 Mediates the Development of Head and Neck Squamous Cell Carcinoma via Targeting
STC2. Onco Targets Ther. 2020, 13, 4485–4493. [CrossRef] [PubMed] [PubMed Central]

30. D’Urso, P.I.; D’Urso, O.F.; Storelli, C.; Mallardo, M.; Gianfreda, C.D.; Montinaro, A.; Cimmino, A.; Pietro, C.; Marsigliante, S.
miR-155 is up-regulated in primary and secondary glioblastoma and promotes tumour growth by inhibiting GABA receptors. Int.
J. Oncol. 2012, 41, 228–234. [CrossRef] [PubMed]

31. Grigore, I.A.; Rajagopal, A.; Chow, J.T.-S.; Stone, T.J.; Salmena, L. Discovery of miRNA–mRNA regulatory networks in glioblas-
toma reveals novel insights into tumor microenvironment remodeling. Sci. Rep. 2024, 14, 27493. [CrossRef] [PubMed] [PubMed
Central]

32. Liu, A.; Zhao, H.; Sun, B.; Han, X.; Zhou, D.; Cui, Z.; Ma, X.; Zhang, J.; Yuan, L. A predictive analysis approach for paediatric and
adult high-grade glioma: miRNAs and network insight. Ann. Transl. Med. 2020, 8, 242. [CrossRef] [PubMed] [PubMed Central]

33. Valle-Garcia, D.; de la Cruz, V.P.; Flores, I.; Salazar, A.; Pineda, B.; Meza-Sosa, K.F. Use of microRNAs as Diagnostic, Prognostic,
and Therapeutic Tools for Glioblastoma. Int. J. Mol. Sci. 2024, 25, 2464. [CrossRef] [PubMed] [PubMed Central]

34. Huang, J.; Zhang, Q.; Shen, J.; Chen, X.; Ma, S. Multi-omics analysis identifies potential mechanisms of AURKB in mediating poor
outcome of lung adenocarcinoma. Aging 2021, 13, 5946–5966. [CrossRef] [PubMed] [PubMed Central]

35. Liu, R.; Dai, W.; Wu, A.; Li, Y. CircCDC45 promotes the malignant progression of glioblastoma by modulating the miR-485-
5p/CSF-1 axis. BMC Cancer 2021, 21, 1090. [CrossRef] [PubMed] [PubMed Central]

36. Chen, L.; Zhang, R.; Li, P.; Qin, K.; Fa, Z.-Q.; Liu, Y.-J.; Ke, Y.-Q.; Jiang, X.-D. P53-induced microRNA-107 inhibits proliferation of
glioma cells and down-regulates the expression of CDK6 and Notch-2. Neurosci. Lett. 2013, 534, 327–332. [CrossRef] [PubMed]

37. Kefas, B.; Godlewski, J.; Comeau, L.; Li, Y.; Abounader, R.; Hawkinson, M.; Lee, J.; Fine, H.; Chiocca, E.A.; Lawler, S.; et al.
microRNA-7 inhibits the epidermal growth factor receptor and the akt pathway and is down-regulated in glioblastoma. Cancer
Res. 2008, 68, 3566–3572. [CrossRef] [PubMed] [PubMed Central]

38. Liu, Y.; Wang, Z.; Tang, Z.; Fu, Y.; Wang, L. mirna-383-5p Functions as an Anti-oncogene in Glioma through the Akt/mTOR
Signaling Pathway by Targeting VEGFA. Curr. Cancer Drug Targets 2024, 24, 463–475. [CrossRef] [PubMed] [PubMed Central]

39. Yang, Y.; Wu, J.; Guan, H.; Cai, J.; Fang, L.; Li, J.; Li, M. MiR-136 promotes apoptosis of glioma cells by targeting AEG-1 and Bcl-2.
FEBS Lett. 2012, 586, 3608–3612. [CrossRef] [PubMed]

40. Qiu, S.; Huang, D.; Yin, D.; Li, F.; Li, X.; Kung, H.-F.; Peng, Y. Suppression of tumorigenicity by MicroRNA-138 through inhibition
of EZH2-CDK4/6-pRb-E2F1 signal loop in glioblastoma multiforme. Biochim. Biophys. Acta 2013, 1832, 1697–1707. [CrossRef]
[PubMed]

41. Vinchure, O.S.; Sharma, V.; Tabasum, S.; Ghosh, S.; Singh, R.P.; Sarkar, C.; Kulshreshtha, R. Polycomb complex mediated
epigenetic reprogramming alters TGF-β signaling via a novel EZH2/miR-490/TGIF2 axis thereby inducing migration and EMT
potential in glioblastomas. Int. J. Cancer 2019, 145, 1254–1269. [CrossRef] [PubMed]

42. Reimunde, P.; Pensado-López, A.; Crende, M.C.; Iglesias, V.L.; Sánchez, L.; Torrecilla-Parra, M.; Ramírez, C.M.; Anfray, C.; Andón,
F.T. Cellular and Molecular Mechanisms Underlying Glioblastoma and Zebrafish Models for the Discovery of New Treatments.
Cancers 2021, 13, 1087. [CrossRef] [PubMed] [PubMed Central]

43. Ostrom, Q.T.; Gittleman, H.; Liao, P.; Rouse, C.; Chen, Y.; Dowling, J.; Wolinsky, Y.; Kruchko, C.; Barnholtz-Sloan, J.S.; Xu, J.; et al.
CBTRUS statistical report: Primary brain and central nervous system tumors diagnosed in the United States in 2007–2011. Neuro
Oncol. 2014, 16 (Suppl S4), iv1–iv63. [CrossRef] [PubMed] [PubMed Central]

44. Shea, A.; Harish, V.; Afzal, Z.; Chijioke, J.; Kedir, H.; Dusmatova, S.; Roy, A.; Ramalinga, M.; Harris, B.; Blancato, J.; et al.
MicroRNAs in glioblastoma multiforme pathogenesis and therapeutics. Cancer Med. 2016, 5, 1917–1946. [CrossRef] [PubMed]
[PubMed Central]

45. Shaji, S.K.; Sunilkumar, D.; Mahalakshmi, N.V.; Kumar, G.B.; Nair, B.G. Analysis of microarray data for identification of key
microRNA signatures in glioblastoma multiforme. Oncol. Lett. 2019, 18, 1938–1948. [CrossRef] [PubMed] [PubMed Central]

46. Belotti, Y.; Tolomeo, S.; Yu, R.; Lim, W.-T.; Lim, C.T. Prognostic Neurotransmitter Receptors Genes Are Associated with Immune
Response, Inflammation and Cancer Hallmarks in Brain Tumors. Cancers 2022, 14, 2544. [CrossRef] [PubMed] [PubMed Central]

47. Farhan, M.; Silva, M.; Xingan, X.; Huang, Y.; Zheng, W. Role of FOXO Transcription Factors in Cancer Metabolism and
Angiogenesis. Cells 2020, 9, 1586. [CrossRef] [PubMed] [PubMed Central]

48. Wade, A.; Robinson, A.E.; Engler, J.R.; Petritsch, C.; James, C.D.; Phillips, J.J. Proteoglycans and their roles in brain cancer. FEBS J.
2013, 280, 2399–2417. [CrossRef] [PubMed] [PubMed Central]

49. Monin, L.; Gaffen, S.L. Interleukin 17 Family Cytokines: Signaling Mechanisms, Biological Activities, and Therapeutic Implica-
tions. Cold Spring Harb. Perspect. Biol. 2018, 10, a028522. [CrossRef] [PubMed] [PubMed Central]

50. Kalluri, R.; Weinberg, R.A. The basics of epithelial-mesenchymal transition. J. Clin. Investig. 2009, 119, 1420–1428. [CrossRef]
[PubMed] [PubMed Central]

https://doi.org/10.2147/OTT.S246289
https://www.ncbi.nlm.nih.gov/pubmed/32547079
https://pmc.ncbi.nlm.nih.gov/articles/PMC7247612
https://doi.org/10.3892/ijo.2012.1420
https://www.ncbi.nlm.nih.gov/pubmed/22470130
https://doi.org/10.1038/s41598-024-78337-y
https://www.ncbi.nlm.nih.gov/pubmed/39528571
https://pmc.ncbi.nlm.nih.gov/articles/PMC11555236
https://pmc.ncbi.nlm.nih.gov/articles/PMC11555236
https://doi.org/10.21037/atm.2020.01.12
https://www.ncbi.nlm.nih.gov/pubmed/32309389
https://pmc.ncbi.nlm.nih.gov/articles/PMC7154480
https://doi.org/10.3390/ijms25052464
https://www.ncbi.nlm.nih.gov/pubmed/38473710
https://pmc.ncbi.nlm.nih.gov/articles/PMC10931459
https://doi.org/10.18632/aging.202517
https://www.ncbi.nlm.nih.gov/pubmed/33612479
https://pmc.ncbi.nlm.nih.gov/articles/PMC7950220
https://doi.org/10.1186/s12885-021-08803-7
https://www.ncbi.nlm.nih.gov/pubmed/34627193
https://pmc.ncbi.nlm.nih.gov/articles/PMC8501713
https://doi.org/10.1016/j.neulet.2012.11.047
https://www.ncbi.nlm.nih.gov/pubmed/23220650
https://doi.org/10.1158/0008-5472.CAN-07-6639
https://www.ncbi.nlm.nih.gov/pubmed/37592783
https://pmc.ncbi.nlm.nih.gov/articles/PMC10964077
https://doi.org/10.2174/1568009623666230817102104
https://www.ncbi.nlm.nih.gov/pubmed/37592783
https://pmc.ncbi.nlm.nih.gov/articles/PMC10964077
https://doi.org/10.1016/j.febslet.2012.08.003
https://www.ncbi.nlm.nih.gov/pubmed/22967897
https://doi.org/10.1016/j.bbadis.2013.05.015
https://www.ncbi.nlm.nih.gov/pubmed/23707559
https://doi.org/10.1002/ijc.32360
https://www.ncbi.nlm.nih.gov/pubmed/31008529
https://doi.org/10.3390/cancers13051087
https://www.ncbi.nlm.nih.gov/pubmed/33802571
https://pmc.ncbi.nlm.nih.gov/articles/PMC7961726
https://doi.org/10.1093/neuonc/nou223
https://www.ncbi.nlm.nih.gov/pubmed/25304271
https://pmc.ncbi.nlm.nih.gov/articles/PMC4193675
https://doi.org/10.1002/cam4.775
https://www.ncbi.nlm.nih.gov/pubmed/27282910
https://pmc.ncbi.nlm.nih.gov/articles/PMC4971921
https://doi.org/10.3892/ol.2019.10521
https://www.ncbi.nlm.nih.gov/pubmed/31423264
https://pmc.ncbi.nlm.nih.gov/articles/PMC6614686
https://doi.org/10.3390/cancers14102544
https://www.ncbi.nlm.nih.gov/pubmed/35626148
https://pmc.ncbi.nlm.nih.gov/articles/PMC9139273
https://doi.org/10.3390/cells9071586
https://www.ncbi.nlm.nih.gov/pubmed/32629884
https://pmc.ncbi.nlm.nih.gov/articles/PMC7407656
https://doi.org/10.1111/febs.12109
https://www.ncbi.nlm.nih.gov/pubmed/23281850
https://pmc.ncbi.nlm.nih.gov/articles/PMC3644380
https://doi.org/10.1101/cshperspect.a028522
https://www.ncbi.nlm.nih.gov/pubmed/28620097
https://pmc.ncbi.nlm.nih.gov/articles/PMC5732092
https://doi.org/10.1172/JCI39104
https://www.ncbi.nlm.nih.gov/pubmed/19487818
https://pmc.ncbi.nlm.nih.gov/articles/PMC2689101


Pharmaceuticals 2025, 18, 431 28 of 29

51. Yang, G.; Han, D.; Chen, X.; Zhang, D.; Wang, L.; Shi, C.; Zhang, W.; Li, C.; Chen, X.; Liu, H.; et al. MiR-196a exerts its oncogenic
effect in glioblastoma multiforme by inhibition of IκBα both in vitro and in vivo. Neuro Oncol. 2014, 16, 652–661. [CrossRef]
[PubMed] [PubMed Central]

52. Teplyuk, N.M.; Uhlmann, E.J.; Gabriely, G.; Volfovsky, N.; Wang, Y.; Teng, J.; Karmali, P.; Marcusson, E.; Peter, M.; Mohan, A.;
et al. Therapeutic potential of targeting micro RNA-10b in established intracranial glioblastoma: First steps toward the clinic.
EMBO Mol. Med. 2016, 8, 268–287. [CrossRef] [PubMed] [PubMed Central]

53. Gabriely, G.; Yi, M.; Narayan, R.S.; Niers, J.M.; Wurdinger, T.; Imitola, J.; Ligon, K.L.; Kesari, S.; Esau, C.; Stephens, R.M.; et al.
Human glioma growth is controlled by MicroRNA-10b. Cancer Res. 2011, 71, 3563–3572. [CrossRef] [PubMed] [PubMed Central]

54. El Fatimy, R.; Subramanian, S.; Uhlmann, E.J.; Krichevsky, A.M. Genome Editing Reveals Glioblastoma Addiction to MicroRNA-
10b. Mol. Ther. 2017, 25, 368–378. [CrossRef] [PubMed] [PubMed Central]

55. Yekta, S.; Tabin, C.J.; Bartel, D.P. MicroRNAs in the Hox network: An apparent link to posterior prevalence. Nat. Rev. Genet. 2008,
9, 789–796. [CrossRef] [PubMed] [PubMed Central]

56. Beylerli, O.; Gareev, I.; Sufianov, A.; Ilyasova, T.; Zhang, F.; Guang, Y. The role of microRNA in the pathogenesis of glial brain
tumors. Noncoding RNA Res. 2022, 7, 71–76. [CrossRef] [PubMed] [PubMed Central]

57. Gwak, H.-S.; Kim, T.H.; Jo, G.H.; Kim, Y.-J.; Kwak, H.-J.; Kim, J.H.; Yin, J.; Yoo, H.; Lee, S.H.; Park, J.B. Silencing of microRNA-21
Confers radio-sensitivity through Inhibition of the PI3K/AKT pathway and enhancing autophagy in malignant glioma cell lines.
PLoS ONE 2012, 7, e47449. [CrossRef] [PubMed] [PubMed Central]

58. Ma, X.; Choudhury, S.N.; Hua, X.; Dai, Z.; Li, Y. Interaction of the oncogenic miR-21 microRNA and the p53 tumor suppressor
pathway. Carcinogenesis 2013, 34, 1216–1223. [CrossRef] [PubMed] [PubMed Central]

59. Jiang, G.; Mu, J.; Liu, X.; Peng, X.; Zhong, F.; Yuan, W.; Deng, F.; Peng, X.; Peng, S.; Zeng, X. Prognostic value of miR-21 in gliomas:
Comprehensive study based on meta-analysis and TCGA dataset validation. Sci. Rep. 2020, 10, 4220. [CrossRef] [PubMed]
[PubMed Central]

60. Xu, D.; Ma, P.; Gao, G.; Gui, Y.; Niu, X.; Jin, B. MicroRNA-383 expression regulates proliferation, migration, invasion, and
apoptosis in human glioma cells. Tumour Biol. 2015, 36, 7743–7753. [CrossRef] [PubMed Central]

61. He, Z.; Cen, D.; Luo, X.; Li, D.; Li, P.; Liang, L.; Meng, Z. Downregulation of miR-383 promotes glioma cell invasion by targeting
insulin-like growth factor 1 receptor. Med. Oncol. 2013, 30, 557. [CrossRef] [PubMed]

62. Zhou, Q.; Liu, J.; Quan, J.; Liu, W.; Tan, H.; Li, W. MicroRNAs as potential biomarkers for the diagnosis of glioma: A systematic
review and meta-analysis. Cancer Sci. 2018, 109, 2651–2659. [CrossRef] [PubMed] [PubMed Central]

63. Colopi, A.; Fuda, S.; Santi, S.; Onorato, A.; Cesarini, V.; Salvati, M.; Balistreri, C.R.; Dolci, S.; Guida, E. Impact of age and gender
on glioblastoma onset, progression, and management. Mech. Ageing Dev. 2023, 211, 111801. [CrossRef] [PubMed]

64. Gonçalves, C.S.; Le Boiteux, E.; Arnaud, P.; Costa, B.M. HOX gene cluster (de)regulation in brain: From neurodevelopment to
malignant glial tumours. Cell. Mol. Life Sci. 2020, 77, 3797–3821. [CrossRef] [PubMed]

65. Fu, J.; Peng, J.; Tu, G. Knockdown MTDH Inhibits Glioma Proliferation and Migration and Promotes Apoptosis by Downregulating
MYBL. Mediat. Inflamm. 2022, 2022, 1706787. [CrossRef] [PubMed] [PubMed Central]

66. Alafate, W.; Wang, M.; Zuo, J.; Wu, W.; Sun, L.; Liu, C.; Xie, W.; Wang, J. Targeting Aurora kinase B attenuates chemoresistance in
glioblastoma via a synergistic manner with temozolomide. Pathol. Res. Pract. 2019, 215, 152617. [CrossRef] [PubMed]

67. Honda, T.; Kobayashi, K.; Mikoshiba, K.; Nakajima, K. Regulation of cortical neuron migration by the reelin signaling pathway.
Neurochem. Res. 2011, 36, 1270–1279. [CrossRef] [PubMed]

68. Kobayashi, T.; Washiyama, K.; Ikeda, K. Inhibition of G-Protein-Activated Inwardly Rectifying K+ Channels by the Selective
Norepinephrine Reuptake Inhibitors Atomoxetine and Reboxetine. Neuropsychopharmacology 2010, 35, 1560–1569. [CrossRef]

69. Lin, J.-J.; Zhao, T.-Z.; Cai, W.-K.; Yang, Y.-X.; Sun, C.; Zhang, Z.; Xu, Y.-Q.; Chang, T.; Li, Z.-Y. Inhibition of histamine receptor 3
suppresses glioblastoma tumor growth, invasion, and epithelial-to-mesenchymal transition. Oncotarget 2015, 6, 17107–17120.
[CrossRef] [PubMed] [PubMed Central]

70. Nong, Y.; Stoppel, D.C.; Johnson, M.A.; Boillot, M.; Todorovic, J.; Shen, J.; Zhou, X.; Nadler, M.J.S.; Rodriguez, C.; Huo, Y.;
et al. UBE3A and transsynaptic complex NRXN1-CBLN1-GluD1 in a hypothalamic VMHvl-arcuate feedback circuit regulates
aggression. bioRxiv 2023. [CrossRef] [PubMed] [PubMed Central]

71. Pai, F.-C.; Huang, H.-W.; Tsai, Y.-L.; Tsai, W.-C.; Cheng, Y.-C.; Chang, H.-H.; Chen, Y. Inhibition of FABP6 Reduces Tumor Cell
Invasion and Angiogenesis through the Decrease in MMP-2 and VEGF in Human Glioblastoma Cells. Cells 2021, 10, 2782.
[CrossRef] [PubMed] [PubMed Central]

72. Asad, A.S.; Candia, A.J.N.; Gonzalez, N.; Zuccato, C.F.; Abt, A.; Orrillo, S.J.; Lastra, Y.; De Simone, E.; Boutillon, F.; Goffin, V.;
et al. Prolactin and its receptor as therapeutic targets in glioblastoma multiforme. Sci. Rep. 2019, 9, 19578. [CrossRef] [PubMed]
[PubMed Central]

https://doi.org/10.1093/neuonc/not307
https://www.ncbi.nlm.nih.gov/pubmed/24463357
https://pmc.ncbi.nlm.nih.gov/articles/PMC3984554
https://doi.org/10.15252/emmm.201505495
https://www.ncbi.nlm.nih.gov/pubmed/26881967
https://pmc.ncbi.nlm.nih.gov/articles/PMC4772951
https://doi.org/10.1158/0008-5472.CAN-10-3568
https://www.ncbi.nlm.nih.gov/pubmed/21471404
https://pmc.ncbi.nlm.nih.gov/articles/PMC3096675
https://doi.org/10.1016/j.ymthe.2016.11.004
https://www.ncbi.nlm.nih.gov/pubmed/28153089
https://pmc.ncbi.nlm.nih.gov/articles/PMC5368404
https://doi.org/10.1038/nrg2400
https://www.ncbi.nlm.nih.gov/pubmed/18781158
https://pmc.ncbi.nlm.nih.gov/articles/PMC2710959
https://doi.org/10.1016/j.ncrna.2022.02.005
https://www.ncbi.nlm.nih.gov/pubmed/35330864
https://pmc.ncbi.nlm.nih.gov/articles/PMC8907600
https://doi.org/10.1371/journal.pone.0047449
https://www.ncbi.nlm.nih.gov/pubmed/23077620
https://pmc.ncbi.nlm.nih.gov/articles/PMC3471817
https://doi.org/10.1093/carcin/bgt044
https://www.ncbi.nlm.nih.gov/pubmed/23385064
https://pmc.ncbi.nlm.nih.gov/articles/PMC3670255
https://doi.org/10.1038/s41598-020-61155-3
https://www.ncbi.nlm.nih.gov/pubmed/32144351
https://pmc.ncbi.nlm.nih.gov/articles/PMC7060265
https://doi.org/10.1007/s13277-015-3378-2
https://pmc.ncbi.nlm.nih.gov/articles/25936342
https://doi.org/10.1007/s12032-013-0557-0
https://www.ncbi.nlm.nih.gov/pubmed/23564324
https://doi.org/10.1111/cas.13714
https://www.ncbi.nlm.nih.gov/pubmed/29949235
https://pmc.ncbi.nlm.nih.gov/articles/PMC6125451
https://doi.org/10.1016/j.mad.2023.111801
https://www.ncbi.nlm.nih.gov/pubmed/36996926
https://doi.org/10.1007/s00018-020-03508-9
https://www.ncbi.nlm.nih.gov/pubmed/32239260
https://doi.org/10.1155/2022/1706787
https://www.ncbi.nlm.nih.gov/pubmed/36133745
https://pmc.ncbi.nlm.nih.gov/articles/PMC9484958
https://doi.org/10.1016/j.prp.2019.152617
https://www.ncbi.nlm.nih.gov/pubmed/31563286
https://doi.org/10.1007/s11064-011-0407-4
https://www.ncbi.nlm.nih.gov/pubmed/21253854
https://doi.org/10.1038/npp.2010.27
https://doi.org/10.18632/oncotarget.3672
https://www.ncbi.nlm.nih.gov/pubmed/25940798
https://pmc.ncbi.nlm.nih.gov/articles/PMC4627295
https://doi.org/10.1101/2023.02.28.530462
https://www.ncbi.nlm.nih.gov/pubmed/36909588
https://pmc.ncbi.nlm.nih.gov/articles/PMC10002692
https://doi.org/10.3390/cells10102782
https://www.ncbi.nlm.nih.gov/pubmed/34685761
https://pmc.ncbi.nlm.nih.gov/articles/PMC8534568
https://doi.org/10.1038/s41598-019-55860-x
https://www.ncbi.nlm.nih.gov/pubmed/31862900
https://pmc.ncbi.nlm.nih.gov/articles/PMC6925187


Pharmaceuticals 2025, 18, 431 29 of 29

73. Yun, E.-J.; Kim, D.; Hsieh, J.-T.; Baek, S.T. Stanniocalcin 2 drives malignant transformation of human glioblastoma cells by
targeting SNAI2 and Matrix Metalloproteinases. Cell Death Discov. 2022, 8, 308. [CrossRef]

74. Zhou, W.; Ke, S.Q.; Huang, Z.; Flavahan, W.; Fang, X.; Paul, J.; Wu, L.; Sloan, A.E.; McLendon, R.E.; Li, X.; et al. Periostin secreted
by glioblastoma stem cells recruits M2 tumour-associated macrophages and promotes malignant growth. Nat. Cell Biol. 2015, 17,
170–182. [CrossRef] [PubMed] [PubMed Central]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1038/s41420-022-01090-6
https://doi.org/10.1038/ncb3090
https://www.ncbi.nlm.nih.gov/pubmed/25580734
https://pmc.ncbi.nlm.nih.gov/articles/PMC4312504

	Introduction 
	Results 
	Identification of Differently Expressed (DE) miRNAs in Tissue Samples of GBM Patients and Control Group 
	Next-Generation Sequencing (NGS) 
	Hierarchical Clustering with Heatmap and Principal Component (PCA) Analysis 
	Differentially Expressed Genes (DEGs) 
	miRNA Ranking by Network-Based Analysis 
	Gene Ontology (GO) and Pathway Enrichment Analysis of miRNA Targets 
	Validation of Differentially Expressed (DE) miRNAs by RT-qPCR in Tissue Samples 

	Identification of Differently Expressed (DE) mRNAs in Tissue Samples of GBM Patients and Control Group 
	Next-Generation Sequencing (NGS) 
	Hierarchical Clustering with Heatmap and Principal Component (PCA) Analysis 
	Differentially Expressed Genes (DEGs) 
	Protein–Protein Interaction (PPI) Network Analysis of Deregulated mRNAs 
	Gene Ontology (GO) and Pathway Enrichment Analysis of mRNA Molecules 
	Validation of Differentially Expressed (DE) mRNAs by RT-qPCR in Tissue Samples 

	The Correlation Between miRNA and mRNA Expression Determined by Next-Generation Sequencing (NGS) 

	Discussion 
	Identification of Differently Expressed (DE) miRNAs and mRNAs in Tissue Samples of GBM Patients in Combination with Pathway and Gene Ontology (GO) Enrichment Analysis 
	Validation of Differentially Expressed (DE) miRNAs by RT-qPCR in Tissue Samples 
	Validation of Differentially Expressed (DE) mRNAs by RT-qPCR in Tissue Samples 
	The Correlation Between miRNA and mRNA Expression Determined by Next-Generation Sequencing (NGS) 

	Materials and Methods 
	Patients and Samples 
	Tissue Exploration and RNA Isolation and Purification for Next-Generation Sequencing (NGS) 
	Next-Generation Sequencing (NGS) and Determination of Differentially Expressed (DE) miRNAs and mRNAs 
	Prediction of Targets of Differentially Expressed (DE) miRNAs, Construction of PPI Networks, Gene Ontology (GO), and Functional Annotation and Pathway Enrichment Analysis 
	Validation of miRNA-Seq Results by Quantitative Real-Time PCR (RT-qPCR) 
	Validation of mRNA-Seq Results by Quantitative Real-Time PCR (RT-qPCR) 
	Statistical Analysis 

	Conclusions 
	References

