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Purpose: Low-grade gliomas (LGG) are common brain tumors with high mortality rates. Cancer cell invasion is a significant factor in
tumor metastasis. Novel biomarkers are urgently needed to predict LGG prognosis effectively.

Methods: The data for LGG were obtained from the Bioinformatics database. A consensus clustering analysis was performed to
identify molecular subtypes linked with invasion in LGG. Differential expression analysis was performed to identify differentially
expressed genes (DEGs) between the identified clusters. Enrichment analyses were then conducted to explore the function for DEGs.
Prognostic signatures were placed, and their predictive power was assessed. Furthermore, the invasion-related prognostic signature
was validated using the CGGA dataset. Subsequently, clinical specimens were procured in order to validate the expression levels of the
distinct genes examined in this research, and to further explore the impact of these genes on the glioma cell line LN229 and HS-683.
Results: Two invasion-related molecular subtypes of LGG were identified, and we sifted 163 DEGs between them. The enrichment analyses
indicated that DEGs are mainly related to pattern specification process. Subsequently, 10 signature genes (IGF2BP2, SRY, CHI3L1, IGF2BP3,
MEOX2, ABCC3, HOXC4, OTP, METTL7B, and EMILIN3) were sifted out to construct a risk model. Besides, the survival (OS) in the high-
risk group was lower. The performance of the risk model was verified. Furthermore, a highly reliable nomogram was generated. Cellular
experiments revealed the ability to promote cell viability, value-addedness, migratory ability, invasive ability, and colony-forming ability of the
glioma cell line LN229 and HS-683. The qRT-PCR analysis of clinical glioma samples showed that these 10 genes were expressed at higher
levels in high-grade gliomas than in low-grade gliomas, suggesting that these genes are associated with poor prognosis of gliomas.
Conclusion: Our study sifted out ten invasion-related biomarkers of LGG, providing a reference for treatments and prognostic
prediction in LGG.
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Introduction
Approximately 30% of primary CNS tumours and 80% of CNS malignancies are gliomas, the most common and
malignant primary tumour in adults." These brain glial cell tumours have a high recurrence, short survival, and high
fatality rate.> Histopathological malignancy criteria classify gliomas as grades I-IV. Even after full surgical resection,
radiation, and chemotherapy, high-grade gliomas (HGGs) survive 4-6 weeks and 12—18 months.> About 22% of adult
brain malignancies are slow-growing, infiltrative, intermittent low-grade gliomas (LGG).* LGG has an overall survival
(OS) of 85% at five years but a progression-free survival (PFS) of 40%, which is poor compared to HGGs.>*®
Additionally, 70% of LGG patients will advance within ten years, worsening their prognosis.” Thus, new predictive
biomarkers with specificity and utility are needed to improve LGG diagnosis, therapy, and prediction.

Aggressive LGG has poor prognosis and high treatment resistance.® Primary invasion by glioma cells occurs in
the perivascular space and brain parenchyma.’ Several mechanisms contribute to LGG tumour invasion and
migration, including EMT, hypoxia, angiogenesis, and the TME.' EMT transforms epithelial cells into
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mesenchymal cells with altered marker expression.'"'> HIF-la-regulated hypoxia causes tumour adaptability,
progression, and therapeutic resistance, increasing aggressiveness.'>'* Solid tumour growth requires angiogenesis,
which LGG migration and invasion are connected to.'”> Certain microRNAs affect LGG aggressiveness and
angiogenesis during glioma formation.'® The M2 TAMs enhance glioma development and invasion.'”'® LGG
migration and invasion are affected by cancer cell metabolism and adhesion molecules.'”?® The identification of
invasion-related molecular characteristics and markers in LGG may improve prognosis, survival, and
treatment.”'**

This paper used a consistent clustering approach in the TCGA-LGG transcriptome dataset based on the invasion-related
gene set to divide the LGG samples into two subclasses. We obtained differentially expressed genes between the subclasses.
Then, using one-way Cox regression analysis and the LASSO algorithm, we screened ten genes and calculated risk scores to
divide the LGG samples into high and low-risk groups. Next, we explored the differences in infiltration levels of immune
infiltrating cells, ESTIMATE scores, and immune checkpoints between risk groups, constructed ceRNA networks to explore
their upstream and downstream regulatory mechanisms, and finally built a predictive model. PCR testing of clinical samples
and EMILIN3 gene function experiments validated our analyses. In summary, these findings provide some theoretical basis
for the prognostic assessment of LGG, the development of new therapeutic tools, and the further elucidation of molecular
mechanisms associated with invasion. In addition, the genes that make up the risk score can be used as the basis and direction
for further research. We analyse the flowchart and some of the results of the article analysis as a study process map (Figure 1).
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Materials and Methods

Data Source
The training set included transcriptome and survival data from 529 LGG samples from the TCGA database (https://
portal.gdc.cancer.gv/). Furthermore, an external validation set of 284 LGG samples was collected from the CGGA

database (http://www.cgga.org.cn/). A total of 97 invasion-related genes (IRGs) were retrieved from the CancerSEA
database (http://biocc.hrbmu.edu.cn/CancerSEA/) (Supplementary Table 1).%

Identification of DEGs Between Invasion-Related Molecular Subtypes

Based on 97 IRGs, we explored the potential invasion-related molecular subtypes of LGG samples in training set by
consensus clustering using the “Consensus Cluster Plus” package (version 1.58.0).>* Then, the survival analysis of
invasion-related molecular clusters was performed using the R package “survival” (version 3.3.1).”> The differentially
expressed genes (DEGs) between the different invasion-related molecular subtypes of LGG were identified using the
“DESeq2” R package (version 1.34.0)*° with adj. p<0.05 and |Log,FC[>2.5. The analysis findings were displayed using
volcano plots and heatmaps created using the “ggplot2” (version 3.3.5) and “pheatmap” (version 1.0.12) R tools. The
“clusterProfiler” (version 4.2.2) program was also used to perform Gene Ontology (GO) and Kyoto Encyclopedia of
Genes and Genomes (KEGG) enrichment analyses for DEGs.’

Establishment and Validation of the Risk Model
Based on the DEGs, the OS-related DEGs were identified using univariate Cox analysis (HR#1, P<0.01) and further
filtered using the LASSO algorithm. This process yielded signature genes for constructing a risk model using the
“glmnet” package (version 4.1.3). The risk model was generated using the formula: risk score = )", (coefi * Expi), and
LGG samples were divided into high- and low-risk groups based on the median risk score. Survival curves were plotted
using the “survival” and “survminer” (version 0.4.9) packages. The model’s predictability was evaluated using ROC
curves at 1-, 3-, and 5-year time points with the “survival ROC” R package (version 1.0.3). The validation set was used
to verify the results. In addition, the risk scores were compared across various clinicopathological parameters, including
Gender, Age, Grade, Isocitrate Dehydrogenase 1 (IDH1) gene mutation, and Histological Type.

Additionally, we analyzed the differences in the subgroup signature genes among various clinicopathological
parameters. A p-value <0.05 indicated a significant difference.

Nomogram Establishment

Based on the above-mentioned 6 clinicopathological parameters, this study applied univariate/multivariate Cox analyses
and Proportional Hazards (PH) assumption test to sift independent predictors for constructing a nomogram (1-, 3-, and
S-year) to predict the OS. Then, the performance of it was evaluated by the calibration plot.

Tumor Immune Microenvironment and Immune Checkpoint Analyses

We applied the “ESTIMATE” package to calculate the immune score, ESTIMATE score, tumor purity, and stromal score
and compared them between risk groups. Then, the CIBERSORT algorithm?® was applied to detect immune cells in risk
groups, and we compared the immune checkpoints® expression between the risk groups (p<0.05). Boxplot was generated
to visualize the differences.

Regulation Network Construction

We predicted miRNAs and IncRNAs applying miRNet database?® (https://www.mirnet.ca). Firstly, in training set,
differentially expressed miRNA (DEmiRNA, p<0.05 and |[Log,FC|>1) and differentially expressed IncRNA
(DEIncRNA, adj. p<0.05 and |[Log,FC|>0.5) between the different invasion-related molecular subtypes of LGG samples
were screened using the “DEseq2”. Then, miRNet database was employed to predict the miRNA targeting signature
genes, and predict the IncRNAs targeting DEmiRNA. Then, DEmiRNA intersected with these predicted miRNAs to
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procure the final miRNAs. DEIncRNA intersected with these predicted IncRNAs to procure final IncRNAs. Importantly,
the ceRNA network was constructed eventually.

RNA Extraction and Validate the Hub Genes

According to the World Health Organization’s classification of central nervous system tumours, gliomas may be
classified as either low-grade (grades I-II) or high-grade. The isolation of total RNA was performed on a sample set
consisting of 20 gliomas, including both 10 high-grade and10 low-grade tumours. The Steady Pure Rapid RNA
Extraction Kit (D7168M, Beyotime, China) was used for the experiment. The AG11706 Reverse Transcription Kit,
manufactured in China, was used to perform reverse transcription on the extracted RNA samples. The cDNA was
amplified using a SYBR premixed Ex Taq kit (AG11718, AG, China). The amplification of cDNA used 3-phosphogly-
ceraldehyde dehydrogenase as an internal reference. The assessment of mRNA expression was performed using the 2 (-
Delta CT) method. Table 1 lists all the primers in the study.

Reasons for Selecting the EMILIN3 Gene for Study
By searching the ten genes we pre-screened in PUBMED, we found that most of the genes are available in the literature
in gliomas, but the literature of EMILIN3 gene in gliomas is less, so we chose this gene for the experimental validation.

In vitro Validation of the HUB Gene

Cell Culture and Cell Transfection

The LN229 and HS-683 human glioma cell line were purchased from iCell Bioscience Inc, and grown in DMEM media
(Gibco, USA) with 10% foetal bovine serum (BI, USA) and 1g/mL penicillin/streptomycin (Hyclone, USA) at 37
degrees Celsius and 5% carbon dioxide. HASMC were transfected with a lentiviral expression vector containing the full-
length EMILIN3 (Shanghai Genechem Co., Ltd, China) and the impact of transfection was measured using quantitative
real-time polymerase chain reaction (QRT-PCR).

CCK-8 Detection of Cell Proliferation Capacity

Cells in the logarithmic growth phase were chosen and then digested using trypsin to create a cell suspension. The 1000
cells were put to 96-well plates, 10ul CCK-8 solution was added to each well at 0, 24, and 48h, incubated in the incubator
for 0.5h, and enzyme markers were used to measure absorbance at 450 nm in each well.

Cell Viability Analysis

The cell viability of the LN-229 and HS-683 cell line in a high-fat media were evaluated using the Live/Dead Cell Kit
manufactured by Biogradetech, a company based in China. Live cells were stained using calcein-AM, while dead cells
were stained using propidium iodide. The fluorescence images were acquired using an OLYMPUS fluorescence
microscope from Japan.

Table | Primers for RT-PCR

Gene FORWARD Primer (5’-3’) Reverse Primer (5’-3’)

IGF2BP2 AGCTAAGCGGGCATCAGTTTG CCGCAGCGGGAAATCAATCT
SRY AGAGAATCCCAGAATGCGAAAC | CTTCCGACGAGGTCGATACTT
CHI3LI GTGAAGGCGTCTCAAACAGG GAAGCGGTCAAGGGCATCT
IGF2BP3 ACGAAATATCCCGCCTCATTTAC | GCAGTTTCCGAGTCAGTGTTCA
MEOX2 GGCAAGAGGAAAAGCGACAG ATCTCGTATCGCCTCAGTCTG
ABCC3 CACCAACTCAGTCAAACGTGC GCAAGACCATGAAAGCGACTC
HOXcC4 GAGCGCCAGTATAGCTGCAC GCGACTGTGATTTCTCGGGG
oTP GCACAGCTCAACGAGTTGGA GTCAGCCCGATACGCAGTG
METTL7B | GCAACCGCAAGATGGAGAG GATTTGGGTCTAGGCAGGTGA
EMILIN3 GGGGATGAGCTTACGAGGC ATGTCCAACCTCAGACAGCAT
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Cell Migration Capability in Wound-Healing Assay

Cells in the logarithmic growth phase that were in a healthy state were chosen. These cells were then treated with trypsin
to break them down and transformed into a cell suspension. Following cell counting, the cells were introduced into sterile
six-well plates with a density of 50,000 cells per well. Subsequently, the plates were placed in an incubator set at
a temperature of 37°C and a CO, concentration of 5% for overnight incubation. Once the cells were evenly distributed
across the well plates, perpendicular scratches were created on the bottom of the well plates using a sterile gun tip. The
process of cell migration was captured using microscopic imaging at both the initial time point (0 hours) and after a 24-
hour period. The Wound Healing Assay is used to assess the migratory ability of cells, as has been shown in earlier
literature.*°

Transwell Assay for Cell Invasiveness

Transwell chambers were coated with 60 pL of 1 mg/mL matrigel (Corning, USA) to ensure equal distribution. Cells in
the logarithmic growth phase that were in a healthy state were chosen. These cells were then digested using trypsin and
transformed into a cell suspension using a medium that does not contain serum. After performing cell counting, a volume
of 100 puL was extracted from a cell density of 5x10™> cells/mL and evenly introduced into the lower chamber.
Subsequently, the whole medium was added to the bottom chamber. The 24-well plate was then placed in an incubator
set at a temperature of 37°C with a carbon dioxide concentration of 5% for a total incubation period of 72 hours. The
cells were dyed with a 0.1% solution of crystal violet and examined using an inverted microscope.’’

Clone Formation Experiments

The clonogenicity of LN-229 and HS-683 cells were tested using colony formation tests. 1500 uniformly dispersed cells
were on six-well plates with medium changes for three days. A Biosharp (China) 4% paraformaldehyde solution fixed the
cells after two weeks. The cells were stained with Solarbio (China) crystal violet. After three rounds of washing, the
colonies were photographed.

Statistical Analysis

The biological experiments were analyzed using SPSS 25 software with at least three replications, and comparisons
between the two groups were made using the independent samples #-test, with a p-value of less than 0.05 considered
statistically significant.

Results

DEGs ldentification Between Two Invasion-Related Molecular Subtypes

Two invasion-related molecular subtypes of LGG, cluster 1 and cluster 2, were identified at k = 2 (Figure 2A and B).
A significant survival difference was detected between these two clusters, in which the patients in Cluster 1 had a poorer
survival (p <0.0001, Figure 2C). Then, we screened out 163 DEGs (Cluster 1 VS Cluster 2) (Figure 2D and E) to conduct

ERINNT3

Enrichment analyses. GO analysis identified that DEGs were involved in the “pattern specification process”, “regiona-

lization”, “ion channel complex”, “transmembrane transporter complex”, etc (Figure 3A and B). As shown in Figure 3C
and D, KEGG results contained “transcriptional misregulation in cancer” and “nicotine addiction.”

Risk Model Construction and Validation

Based on the 163 DEGs, Figure 4A indicated that 101 DEGs were significantly correlated with OS (p < 0.01). Then, we put
the selected 101 genes into Lasso regression analysis, 10 signature genes were screened (Figure 4B and C). Risk scores were
calculated as: Risk Score= 0.0885* expression (/GF2BP2) + 0.5225* expression (SRY)+0.0369* expression (CHI3LI) +
0.1577* expression (/IGF2BP3) +0.0902* expression (MEOX2) +0.07772* expression (ABCC3) +0.0814*expression
(HOXC4) + 0.0750* expression (OTP) + 0.1278*expression (METTL7B) + 0.0653* expression (EMILIN3). Based on the
median risk score, samples were allocated into high-/low-risk groups. Their distribution and survival status implied that there
were more dead with a risk score increase (Figure 4D and E), and we found that the high-risk group had a worse OS
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Figure 2 Cluster analysis based on invasion-related genes. (A and B) Cluster analysis revealed that the 529 LGG samples in the TCGA may be separated into two
categories. (C) Survival analysis of clusters | and 2. (D) Volcanic map of differential genes between two clusters. (E) Heat map of differential genes.
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Figure 3 GO and KEGG. Significantly enriched GO terms and KEGG pathways of DEGs (adjusted P < 0.05). (A-B) Significantly enriched GO terms of DEGs. (C-D)
Significantly enriched KEGG pathways of DEGs.

(»<0.0001) (Figure 4F). The AUC values determined by ROC curve analysis were 0.86, 0.86, and 0.78, suggesting a great
outcome (Figure 4G). The samples in the validation set were examined using the same procedures as the training set,
according to the formula developed by the TCGA cohort, and the findings were consistent (Figure 4H-K).

Nomogram Construction
Univariate analysis based on the training set showed that risk score, age, grade, IDH1 mutation, and histological type
with survival correlations (p<0.05) (Figure 5A). Then, we found that risk score, age, grade, and IDH1 mutation, were still
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Univariate
Pvalue Hazard Ratio(95% CI)
riskScore <0.001 4.201(3.384-5.214) I —
Age (>=40 vs <40) <0.001 2.816(1.95-4.066) —_—
Gender (Male vs Female) 0.4523 1.139(0.811-1.599) ——
Grade (G3 vs G2) <0.001 3.307(2.285-4.787) _—
IDH1 Mutation (YES vs NO) <0.001 0.181(0.067-0.484) o=t
Histological Type
(Astrocytoma, NOS; Reference)
Astrocytoma, anaplastic <0.001 5.21(2.461-11.029)
Mixed glioma 0.0219 2.487(1.141-5.422)
Oligodendroglioma, NOS 0.7906 1.118(0.49-2.554) ——
Oligodendroglioma, anaplastic 0.005 3.1(1.406-6.836)
r T T T L] T 1
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Figure 5 Evaluation of prognostic signature to predict the OS of LGG patients. (A) Univariate Cox regression. (B) Multivariate Cox regression. (C) In LGG patients,
a nomogram was developed to predict |-, 3-, and 5-year OS. (D) Calibration curves for the clinicopathologic invasion nomogram.

remarkably related to prognosis by multivariate Cox analysis (Figure 5B, Supplementary Table 2). As a result, we create

the nomogram by combining the risk score, age, grade, and IDH1 mutation (Figure 5C), which is validated by the
calibration curve (Figure 5D).

Risk Score in Different Clinicopathological Traits
In the present study, results of the Wilcoxon test demonstrated that risk scores were significantly different in age (<40,
>40), grade (G2, G3), and IDH1 mutation (YES, NO) (Figure 6A-C). Kruskal-Wallis test demonstrated that risk scores
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Figure 6 Evaluation of the risk model and clinical indicators in LGG patients. Comparison of the risk score in TGCA-LGG patients with varying degrees of various clinical
factors (A) Age (B) Grade (C) IDHI mutation (D) histological type (E) Gender.

are significantly different in histological types (anaplastic, astrocytoma, mixed glioma, NOS, oligodendroglioma,
astrocytoma, anaplastic, and oligodendroglioma) (Figure 6D). Wilcoxon test demonstrated that the risk score was not
significantly different between gender (female, male) (Figure 6E).

Furthermore, ABCC3, CHI3L1, IGF2BP3, MEOX2, METTL7B, and OTP showed significantly higher expression in
the age > 40 subgroups (Figure 7A). Most of the significant genes exhibited significantly high expression in the G3
subgroups of Grade, except for MEOX2 and SRY (Figure 7B). Similarly, most of the significant genes showed
significantly high expression in the YES subgroups of IDH1 mutation, except for EMILIN3 and MEOX2 (Figure 7C).
Only SRY had significantly higher expression in the male subgroups of Gender (Figure 7D).

Tumor Immune Microenvironment and Immune Checkpoint Analyses

Figure 8A demonstrates that the high-risk group exhibited elevated immune, stromal, and ESTIMATE scores based on
our data. Significant differences in 13 cell types were observed between the risk groups, as shown in Figure 8B and C.
Additionally, we observed higher expression of immune checkpoints (ADORA2A4 and CD200) in the low-risk group,
while the high-risk group displayed increased expression of BTLA, CD160, CD200R1, CD244, and CDZ27, as depicted in
Supplementary Table 3 and Figure 8D.
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Figure 7 Evaluation of the prognostic signature genes and clinical indicators in LGG patients. Comparison of the expression of |10 signature genes in different clinic factor
subgroups (A) Age (B) Grade (C) IDHI mutation (D) Gender.

Construction of ceRNA Regulatory Network
In brief, the DEseq2 package tested 29 DEmiRNAs and 2411 DEIncRNAs. Five miRNAs intersected two hundred two
miRNAs predicted by model genes and 29 DEmiRNAs. Then we found 228 DEmiRNA IncRNAs. By taking the
intersection of 228 IncRNAs and 2411 DEIncRNAs, 11 IncRNAs were found. Finally, a ceRNA network of three
IncRNAs, three miRNAs, and five mRNAs was built (Figure 9).

Screening and in vivo Validation of Model Genes

The quantitative real-time polymerase chain reaction (qQRT-PCR) findings indicate that the expression levels of HOXC4
(Figure 10A), ABCC3 (Figure 10B), EMILIN3 (Figure 10C), CHI3LI (Figure 10D), /GF2BP3 (Figure 10E), MEOX?2
(Figure 10F), IGF2BP2 (Figure 10G), OTP (Figure 10H), METTL7B (Figure 10I), and SRY (Figure 10J) were
considerably higher in high-grade gliomas compared to low-grade gliomas.

EMILIN3 Gene Function Experiment

The qRT-PCR indicated LN229 and HS-683 human glioma cells transfected well (Figures 11A and 12A). Live/dead
staining and cck8 test demonstrated that overexpression of EMILIN3 gene improved LN229 and HS-683 cell line
proliferation and viability (Figure 11B, C,12B and C). viability of LN229 and HS-683 cell line (Figures 11C and 12C);
cell scratch assay suggested that overexpression of EMILIN3 gene could improve migration (Figures 11D and 12D);
transwell results suggested that overexpression could improve invasion (Figures 11E and 12E); and colony formation
assay suggested that could improve colony formation (Figures 11F and 12F).

Discussion

LGG is a widely known aggressive, primary intracranial tumor, and the prognosis of patients remains bleak even after
they have undergone optimal clinical interventions such as surgical resection, radiotherapy, and chemotherapy to ensure
maximum safety.>* The leading cause of this poor prognosis is the diffuse, aggressive growth of glioma cells, which not
only prevents complete surgical tumor removal but also promotes resistance of the tumor tissue to chemotherapy and
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Figure 8 The two groups’ tumor-immune microenvironments were examined. (A) In two groups, ESTIMATE score, immune score, stromal score, and tumor purity were
calculated. (B) The percentage of immunological cells. (C) Comparison of tumor-infiltrating immune cells in two groups. (D) Comparison of immunological checkpoints in
two groups.

radiotherapy.®® The invasion has a crucial role in the development of LGG. Although there have been many in vitro and
in vivo studies on LGG, some mechanisms are unknown due to the complexity of its invasive system.*®> Therefore,
exploring new targets will provide new insights into the exploration of LGG therapy and its molecular mechanisms.
In LGG, we found two invasion-related molecular subtypes, cluster 1 and cluster 2. Cluster 2 had a worse prognosis.
In an enrichment analysis of the differentially expressed genes between these subtypes, we found significant enrichments
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Figure 9 Construction of ceRNA regulatory network with model genes.

in GABA-related processes like GABA and GABA-A receptor complexes, GABA-gated chloride channel activity, RNA
polymerase II specificity, and nicotine addiction-related entries. GABA, a non-protein amino acid, is a key central
nervous system inhibitor. Animals, plants, and microbes naturally contain it.** Astrocytes facilitate neuronal function by
breaking down glutamate and GABA. GABA transaminase and succinate semialdehyde dehydrogenase (SSADH) convert
GABA into succinate, which contributes to the TCA cycle.> Isocitrate dehydrogenase (JDH) mutations cause glioma
cells to adaptively drive the TCA cycle, promoting tumour growth. /DH mutations are common in LGG.***7 RNA
polymerase II (Pol II) is essential for eukaryotic cell protein-coding gene transcription.*® In gliomas, abnormal expres-
sion of the long non-coding RNA HOTAIR greatly affects malignancy. Its abnormal activation is linked to immunolo-
gical response, T cells, and Pol I1.>° Nicotine increases CYP2BI expression in glioma tissues, particularly the cerebral
cortex and blood vessels.*’

We used univariate regression with lasso regression to find eleven characteristic genes that affect glioma. Risk models
were created using these genes and displayed in column line graphs. /IGF2BP2, an IGF2 mRNA-binding protein,
regulates mRNA localization, stability, and translation.*'** High-grade gliomas are thought to be more malignant and
have a worse prognosis. To further validate the role of these 10 model genes in gliomas, we selected 10 high-grade and
10 low-grade cases for qRT-PCR validation. The high level of expression in high-grade gliomas indirectly suggests that
these model genes are detrimental to glioma prognosis and have some predictive potential. Pancreatic cancer tumour cell
proliferation is increased by /GF2BP2 overexpression via the PI3K/Akt signalling pathway.*> FBXL19-AS1 and tight
junction-related protein expression is considerably reduced by nervous system /GF2BP2 knockdown, increasing blood-
tumor barrier permeability and decreasing ZNF765 expression through STAU1-mediated mRNA decay.** LI et al found
that /GF2BP2 binds to SUMOI! and regulates the OIP5-AS1/miR-495-3p axis, increasing glioma angiogenesis.Sex-
determining region-Y (SRY) genes in the SOX family generate the male phenotype, which female mammals do not
express.**® SOX-2 protein expression promotes cell invasion in neural and neural crest-origin tumours, including
gliomas.*” SOX-2 enhances cancer cell differentiation, and inhibiting it in glioblastoma-implanted cells lowers tumor-
igenicity and proliferation in immunodeficient animals.*®* Cancers include breast, colorectal, ovarian, prostate, lung,
and glioblastoma have higher serum levels of CHI3LI (YKL-40), a secreted glycoprotein.’®' High serum CHI3LI
levels predict glioma grading and poor prognosis.>* >® RNA-binding protein IGF2BP3 is mostly detected in foetal tissues
and seldom in adult tissues. Cancers with high IGF2BP3 expression, particularly gliomas, have poor
prognoses.”’ MEOX2, a homologous box transcription factor, is essential for tissue development. Its overexpression
causes cell cycle arrest and endothelial cell senescence and is linked to poor glioma prognosis.”® ' 4BCC3, a member of
the ATP-binding cassette (ABC) protein superfamily, can cause brain drug resistance, especially to cytotoxic and antiviral
medicines.®> By affecting eukaryotic transcription factors, HOXC4 affects plant and animal development.®’
Overexpression of HOXC4 and other HOX genes is linked to poor survival in radiation and chemotherapy-treated glioma
patients.** “*METTL7B, a methyltransferase-like protein, is abundantly expressed in papillary thyroid carcinoma and
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Figure 10 PCR validation of clinical glioma samples. The quantitative real-time polymerase chain reaction (QRT-PCR) findings indicate that the expression levels of HOXC4
(A), ABCC3 (B), EMILIN3 (C), CHI3LI (D), IGF2BP3 (E), MEOX2 (F), IGF2BP2 (G), OTP (H), METTL7B (I), and SRY (J) were significantly elevated in high-grade gliomas

compared to low-grade gliomas.

7 2 4 https:

Dove!

Cancer Management and Research 2024:16


https://www.dovepress.com
https://www.dovepress.com

Dove Wang et al @

A 150 3 oe-NC B &= oe-NC
. oeEMILING 2.0- = 0e-EMILIN3

100 1.5
50 ’
0.5
0-

Oh 24h 48h

o
[ oe-NC mH oe-EMILIN3
0.8
oe-NC 0.6
0.4+

450nm OD Value
P
1

0.2
Oe-EMlLlN 0.0
¢ &
I g/\&\o
°¢-
D
_ [ oe-NC EHE oe-EMILIN3
3_
Oh
2.—
1_.
R
24h & @\o
00
E F oe-EMILIN3

3 v ¥ )
4
&0 ot i foi R e | -
J oe-NC EE oe-EMILIN3
150
[ 0e-NC W oe-EMILIN3
800
100
600
50 400
200
0
) o 0
SRS ¢ @
¥ W R
o N < M
4 ° Q}‘\
o Oz

Figure 1l EMILIN3 gene function experiment in LN229. qRT-PCR transfected LN229 human glioma cells efficiently (A). The CCK-8 experiment and live/dead staining
findings demonstrated that overexpression of the EMILIN3 gene may increase LN229 cell line proliferation and vitality (B and C). Overexpression of the EMILIN3 gene
enhances the migration, invasiveness, and colony formation of the LN229 cell line (D-F).
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Figure 12 EMILIN3 gene function experiment in HS-683. qRT-PCR transfected HS-683 human glioma cells efficiently (A). The CCK-8 experiment and live/dead staining
findings demonstrated that overexpression of the EMILIN3 gene may increase HS-683 cell line proliferation and vitality (B and C). Overexpression of the EMILIN3 gene
enhances the migration, invasiveness, and colony formation of the HS-683 cell line (D-F).
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enhances thyroid cancer cell motility and invasion.®”®® High METTL7B expression in gliomas promotes LGG progres-
sion and death.’ EMILIN3, a glycoprotein in the extracellular matrix, controls TGF-B ligand activity.”” Heparin and
heparan sulphate proteoglycans contribute to glioma formation, which worsens high-risk LGG prognosis.”"""* EMILIN3’s
significance in gliomas is unclear, hence more research was done in in vitro cells. In the LN229 and HS-683 human
glioma cell line, EMILIN3 stimulated cell viability, proliferation, migration, invasiveness, and colony formation.
Signature genes contribute to LGG and related illnesses in many ways. They have theoretical validity and diverse uses
as patient prognostic markers.

In LGG, cancer cells utilize self-regulation mechanisms to evade immune cells, promoting immune escape and
facilitating tumor progression. Immune checkpoint inhibitors (ICIs) have gained significant interest for their potential to

target negative immunomodulatory factors like CTLA-4, PD-1, and PD-L1.”

Our study revealed notable differences in
the expression levels of approximately 30 immune checkpoints between the high and low-risk groups. Notably, BLTA4 and
CD160, which share the same ligand, inhibit T-cell function and signaling through phosphorylation and recruitment of
SHPI or SHP2.”*"> CTLA-4, which exhibits higher binding affinity to CD80 and CD86 than CD28, can diminish CD28
signaling by reducing CD80 and CD86 expression on antigen-presenting cells through trans endocytosis when expressed
on T cells.”®’” Ongoing clinical Phase I/II studies for glioma immunotherapy involve CD27 inhibitor V sarilumab (CDX-
1127), CTLA-4 inhibitors Ipilimumab (MDX-010, MDX-101), and Tremelimumab (ticilimumab, CP-675206).”%
Furthermore, we screened for three miRNAs that regulate signature genes and three long non-coding RNAs
(IncRNAs) that control these miRNAs. sND1-IT1 has been implicated in various human diseases, including myocardial
ischemia/reperfusion injury and laryngeal squamous cell carcinoma.”® Studies have demonstrated its role in promoting
TGF-B1-induced epithelial-to-mesenchymal transition in gastric cancer through the miR-124/COL4A1 regulatory axis.™
SNHG3, a well-known oncogenic IncRNA, is significantly upregulated in gliomas, promoting cell proliferation, inhibit-

ing apoptosis, and influencing the cell cycle, thereby facilitating cancer progression.®'

Conclusion

Ten invasion-associated signature genes were identified, and a risk model and line graph were developed to predict
glioma patients’ prognosis accurately. We performed PCR on clinical tumor samples for all ten genes, and the results
were consistent with the predicted trends. We selected the EMILIN3 gene for functional validation and found that this is

a new gene that promotes aggressive transformation in gliomas.
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