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Background: As immunotherapy has received attention as new treatments for brain
cancer, the role of inflammation in the process of glioma is of particular importance.
Increasing studies have further shown that long non-coding RNAs (IncRNAs) are
important factors that promote the development of glioma. However, the relationship
between inflammation-related INcCRNAs and the prognosis of glioma patients remains
unclear. The purpose of this study is to construct and validate an inflammation-related
INcRNA prognostic signature to predict the prognosis of low-grade glioma patients.

Methods: By downloading and analyzing the gene expression data and clinical
information of the Cancer Genome Atlas (TCGA) and Chinese Glioma Genome Atlas
(CGGA) patients with low-grade gliomas, we could screen for inflammatory gene-related
INcRNAs. Furthermore, through Cox and the Least Absolute Shrinkage and Selection
Operator regression analyses, we established a risk model and divided patients into
high- and low-risk groups based on the median value of the risk score to analyze
the prognosis. In addition, we analyzed the tumor mutation burden (TMB) between
the two groups based on somatic mutation data, and explored the difference in
copy number variations (CNVs) based on the GISTIC algorithm. Finally, we used the
MCPCounter algorithm to study the relationship between the risk model and immune
cell infiltration, and used gene set enrichment analysis (GSEA), Gene Ontology (GO), and
Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses to explore the enrichment
pathways and biological processes of differentially expressed genes between the high-
and low-risk groups.

Results: A novel prognostic signature was constructed including 11 inflammatory
InNcRNAs. This risk model could be an independent prognostic predictor. The patients in
the high-risk group had a poor prognosis. There were significant differences in TMB and
CNVs for patients in the high- and low-risk groups. In the high-risk group, the immune
system was activated more significantly, and the expression of immune checkpoint-
related genes was also higher. The GSEA, GO, and KEGG analyses showed that highly
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expressed genes in the high-risk group were enriched in immune-related processes,
while lowly expressed genes were enriched in neuromodulation processes.

Conclusion: The risk model of 11

inflammation-related INncBRNAs can serve as a

promising prognostic biomarker for low-grade gliomas patients.

Keywords: glioma, IncRNA, inflammation, immunity, prognosis

INTRODUCTION

Gliomas are the most common subtype of primary brain tumor,
accounting for ~40-50% of primary intracranial malignancy.
What is more, gliomas are considered deadly tumors, mainly
due to the diffuse infiltration of tumor cells and resistance to
radiotherapy and chemotherapy (McNeill, 2016). The World
Health Organization (WHO) classifies Grade I and II tumors as
low-grade gliomas (LGGs)(Louis et al., 2016). Overall, patients
with LGGs have a good prognosis. However, LGGs still have a
definite recurrence rate and the potential to increase the grade
of malignancy, since invasive gliomas are difficult to completely
excise by surgery (Wessels et al., 2003; Duffau and Taillandier,
2015). At present, the diagnosis, monitoring, and treatment
of glioma still rely on invasive operations such as biopsy and
craniotomy, which can cause serious harm to patients (Hervey-
Jumper and Berger, 2016). Therefore, we urgently need a fast
and safe method to facilitate a preoperative evaluation of glioma
patients. Although the detection of molecular biomarkers has
promoted the clinical diagnosis and treatment of glioma, the
prediction of individual molecular markers is still defective. We
need to develop more and more appropriate molecular models to
predict the prognosis of glioma patients.

Inflammation is a positive response of the immune system
to infection, trauma, or other stress, and plays an indispensable
role in maintaining the health of the body (Sowers et al., 2014).
However, a growing body of research evidence indicates that
inflammation also plays an important role in promoting the
occurrence and development of malignant tumors, including
glioma (Colquhoun, 2017; Feng et al., 2019). The contribution
of inflammation in glioma progression involves the interaction
of multiple pathways such as oxidative stress, interleukin,
tumor necrosis factor-a (TNF-a), and pro-inflammatory
transcription factors (NF-kB, STAT3)(Mostofa et al., 2017).
Currently, numerous reports are suggesting that abnormal
epigenetic changes, including DNA methylation, histone
modification, chromatin remodeling, and non-coding RNA
regulation, also accelerate the transformation of inflammation
to cancer (Nallasamy et al., 2018). Long non-coding RNAs
(LncRNAs) are a new class of non-coding RNAs that can regulate
glioma-related cellular signaling pathways (Peng et al., 2018).
In addition, the potential of these IncRNAs as biomarkers and
therapeutic targets in glioma therapy is currently being evaluated.
For example, LncRNA-135528 inhibits tumor progression by
upregulating CXCL10 via the JAK/STAT pathway (Wang et al,,
2018), and MALATI regulates the inflammatory response of
microglia after lipopolysaccharide stimulation (Zhou et al,
2018). However, IncRNAs associated with inflammation have

not been fully characterized in studies of glioma. The value of
inflammation-related IncRNAs as potential markers remains
unclear in gliomas.

In this study, inflammatory IncRNAs were screened based on
the RNA sequence data of LGG patients from the Cancer Genome
Atlas (TCGA) database. A risk prognostic model was established
by Cox regression and Least Absolute Shrinkage and Selection
Operator (LASSO) regression analyses. According to the median
value of the risk score, patients were divided into low- and high-
risk groups. The prognosis of patients in both groups was further
analyzed. In addition, the differences in the tumor mutation
burden (TMB), copy number variations (CNVs), and immune
infiltration between the two groups were evaluated. What is
more, the model was validated in the Chinese Glioma Genome
Atlas (CGGA) cohort. In summary, the inflammatory IncRNA
signature is an independent prognostic factor and potential
treatment strategy for glioma patients.

MATERIALS AND METHODS

Data Extraction and Clinical Samples

A flowchart of this study is shown in Figure 1. The RNA-
Seq transcriptome profiling data of HTseq-counts type and
clinical information related to LGGs were downloaded from
the TCGA database." The data of counts were transformed into
TPM for the next analysis. A total of 495 LGG samples were
included, excluding the samples with incomplete information.
Similarly, WHO I and II samples from the CGGA database®
were downloaded, containing 172 cases. Gene Ensembl ID was
annotated as Gene Symbol through GENCODE v27. In this
study, the data of TCGA were recognized as the training set,
and the data of CGGA were recognized as the verification set.
What is more, three normal tissue samples and five samples
of low-grade glioma patients were obtained from the First
Affiliated Hospital of Nanchang University. This study was
approved by the Ethics Committee of the First Affiliated Hospital
of Nanchang University (No. 2010-015). All patients received
informed consent.

Acquisition of Inflammation-Related
IncRNAs

First, inflammation-related genes were obtained in the Gene
database from the NCBI.’ A total of 2,810 inflammatory genes

Uhttps://cancergenome.nih.gov/

Zhttp://www.cgga.org.cn/

3www.ncbi.nlm.nih.gov/gene (accessed on March 15, 2021)
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FIGURE 1 | Analysis flow chart.
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were included in the study using “(inflammatory) AND “homo
sapiens” [porgn: _txid9606]” as filtering conditions (Choe et al,,
2021). Next, after extracting the expression data of inflammatory
genes mMRNA and IncRNA shared by TCGA and CGGA, the
correlation between IncRNA and inflammation-related genes in
LGGs was analyzed according to the Pearson method (Schober
et al,, 2018). The IncRNAs with a correlation coefficient of
| 7| > 0.7 were regarded as inflammation-related IncRNAs.

The Prognostic Modeling by Cox
Analysis and LASSO Regression Analysis

In order to further screen the IncRNAs related to the prognosis,
according to the univariate Cox regression analysis, all the
inflammation-related IncRNAs were performed to correlate with
the prognosis of the patient. Subsequently, IncRNAs with adj-
p values less than 0.0001 were used as candidate IncRNAs to
perform lasso penalty with Cox regression analysis for generating
inflammation-related IncRNA signature models. According to
the lowest Akaike Information Criteria (AIC) value, the best
IncRNA prognostic signature was selected for further analysis.
The calculation formula used to determine the risk score of
each patient based on this prognostic signature model was as
follows: risk score = > _ | Coef (i) x x(i), where Coef(i) and
x(i) represent the estimates of each regression coefficient and
expression values of inflammation-related IncRNAs, respectively.
Furthermore, patients were divided into high- and low-risk
groups using the median risk score as a cutoff. The “survival,
“survminer; and “survivalROC” R packages were used for
survival analysis. Kaplan-Meier survival analysis was used to
assess the prognosis between the two groups. To verify the
accuracy, the predicted ROC curves of 1-, 3-, and 5-year
were established.

TMB and CNVs Analyses

For the TMB analysis, mutation data were downloaded from
the cbioportal database,* and somatic mutation data were

“http://www.cbioportal.org/

visualized in the Mutation Annotation Format (MAF) through
the “maftoools” R package (Mayakonda et al., 2018). The TMB
value was then estimated by dividing the number of somatic
mutations by the total length of the exons. The difference of TMB
was further analyzed between the high- and low-risk groups. For
the CNVs analysis, the copy number variations of LGGs patients
were assessed using the GISTIC algorithm (Mermel et al., 2011),
and then, the CNVs differences between the high- and low-risk
groups were compared.

Analysis of Tumor-Infiltrating Immune
Cells

The “MCPcounter” R package was used to calculate the
abundance of eight immune cells and two stromal cells in the
sample to explore the differences in tumor microenvironment
under the different groups (Newman et al., 2015; Becht et al,,
2016). Furthermore, the expression of immune checkpoint-
related genes was analyzed in the high- and low-risk groups.

Functional Enrichment Analysis

The “clusterProfiler” package was performed for gene set
enrichment analysis (GSEA) in the high- and low-risk groups.
Furthermore, Gene Ontology (GO) and Kyoto Encyclopedia of
Genes and Genomes (KEGG) analyses were carried out on the
differentially expressed genes (| log2(FC)| > 1.5, p-adj < 0.05)
between the high- and low-risk groups.

LncRNAs Expression Analysis

GEPIA® is an online analysis tool for cancer and normal
gene expression profiling and integrated analysis. The mRNA
expression analysis and prognosis analysis of single-gene in the
risk model were performed in GEPIA (Tang et al,, 2017). The
GEPIA database contains 518 LGG samples and 207 normal
samples. What is more, the raw data of the GSE4290 dataset were
downloaded from the Gene Expression Omnibus (GEO) database

*http://gepia.cancer-pku.cn/index.html
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for IncRNA expression. There were 23 normal tissues and 45
LGGs tissues in GSE4290.

Quantitative Real-Time PCR

Total RNA was extracted from tissues by the Trizol reagent
(Invitrogen, Carlsbad, CA, United States). RNA was further
reverse-transcripted into cDNA using the Thermo Scientific
Revertaid First Strand cDNA Synthesis Kit (Thermo Fisher
Scientific, Wilmington, DE, United States). Then, quantitative
real-time PCR (qRT-PCR) was performed using the SYBR Green
Real-time PCR kit (Takara, Dalian, China). The qPCR primer
sequences are listed in Supplementary Table 1.

Statistical Analysis

All statistical analyses were performed using the R software
(version 4.0.4°). The expression of single IncRNAs in tumor
tissues and normal tissues was performed by the unpaired ¢-test
in the GraphPad Prism 7.0 software. P < 0.05 was considered
statistically significant.

RESULTS

Patient Data Processing and Model
Building

In this study, a total of 667 of patients were included and
their low-grade glioma gene expression data and related clinical
information were analyzed. Among them, 495 were in TCGA
and 172 were in CGGA. We summarized the clinical information
of the samples in the two databases in Supplementary Table 2,
including age, gender, survival status, IDH mutation status,
MGMT methylation, and 1p19q codel. In the training set, we
screened a total of 166 inflammatory gene-related IncRNAs (| 7|
> 0.7) for further univariate Cox prognostic analysis. Univariate
Cox analysis showed that 24 inflammation-related IncRNAs were
significantly associated with the prognosis of glioma patients
(adj-p < 0.0001). Furthermore, 11 IncRNAs were screened and
these gene coefficients were obtained to construct a risk model
through LASSO and Cox regression analyses (Figures 2A-
C). The names and coeflicients of 11 IncRNAs are shown in
Table 1. A nomogram map was used to show that 11 IncRNAs
predicted the 1-, 3—, and 5-year survival rates of glioma patients
(Figure 2D). The expression of 11 IncRNAs in the TCGA and
CGGA cohorts is illustrated in Figures 2E,F.

The Association Between the Risk Model

and Prognosis of Glioma Patients

To verify the effect of the model, the patients of the two cohorts
were divided into high- and low-risk groups according to the
median value of the risk score. We found that as the risk score
increased, the mortality rate gradually increased. In addition, in
the high-risk group, IDH mutation rate, MGMT methylation
degree, and 1p19q codel rate were significantly reduced, and the
expressions of SNHG18, PAXIP1-AS2, CTD-2201118.1, HOXA-
AS3, AC131097.4, and CIRL-ASI1 were increased, while the

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

expressions of ZBTB20-AS4, DGCRY, SNAI3-AS1, AC062021.1,
and DICER1-AS1 were decreased (Figure 3A). Similar results
were also indicated in the validation set (Figure 3B). Next,
the overall survival rate results indicated that patients in the
low-risk group had a better prognosis than patients in the high-
risk group. The ROC curves showed that the AUC values of
1-, 3—, and 5-year were greater than 0.7 in the TCGA and
CGGA cohorts (Figures 3C,D). More importantly, in the TCGA
cohort, the survival of the low-risk group was still better after
the patients were separated by grade (Figure 3E). Considering
the IDH mutation factor, the model also predicted that the low
score patients in the IDH mutation type had a good prognosis
in the two cohorts (Figures 3E,G). The results of multivariate
Cox regression analysis demonstrated that the risk model can be
independent of other factors as a prognostic indicator, especially
in the CGGA cohort (Figure 3H). These results implied that our
model had a good predictive ability.

TMB and CNVs Analyses in the Low- and

High-Risk Groups of the TCGA Cohort

We analyzed the somatic mutation data of the TCGA database
samples by distinguishing the high- and low-risk groups,
and visualized these mutation data. For Variant Classification,
missense mutations were obviously common in other mutations.
For different Variant Types, SNP was responsible for most of the
variants, and single nucleotide variants (SN'V) mostly appeared
on C > T. Furthermore, we analyzed the specific mutant genes
in the two groups, and found that the top 10 mutant genes were
slightly different, but mainly TP53, IDH1, and ATRX ranked
among the top three (Figures 4A,B). In addition, the mutation
details of each glioma sample are shown in the waterfall charts
(Figures 4C,D). Moreover, the TMB value of the high-risk group
was higher than that of the low-risk group (P < 0.05) (Figure 4E).
Based on the GISTIC algorithm, we analyzed the CNVs data
to identify the genes with obvious amplification or deletion.
The distribution of copy number changes in the high- and
low-risk groups are presented in Figure 4F. In general, there
was a significant difference in the copy number-altered genome
between the two groups. The copy numbers of the lost genome
and gained genome of the high-risk group were higher than those
of the low-risk group (Figure 4G).

The Risk Model Is Closely Related to

Immune Infiltration

In the course of disease occurrence, the inflammatory response
must be accompanied by the immune response. To further clarify
the differences in the immune microenvironment between the
high and low-risk groups, we used the MCPcounter algorithm
to analyze the composition of tumor-infiltrating immune cells in
glioma patients. We found that the CD8 T cells and fibroblasts
were significantly enriched in the high-risk group of the two
cohorts (Figures 5A,B). Further analysis showed that immune
checkpoint-related genes were significantly different between
the high- and low-risk groups. The expression levels of these
checkpoint-related genes were generally higher in the high-
risk group than in the low-risk group (Figures 5C,D). These
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results implied that patients in the high-risk group had a highly
infiltrating immune tumor environment.

Functional Enrichment Analysis

In order to further explore the relationship between the risk
model and the biological process of glioma, we conducted
the GSEA analysis. In the two cohorts, diseases of the
immune system, immunoregulatory interactions between a
lymphoid and a non-lymphoid cell, PD 1 signaling, and
TNFs binding to their physiological receptors were significantly
enriched in the high-risk group (Figures 6A,B). While the
neuronal system, neurotransmitter receptors, and postsynaptic
signal transmission, and neurotransmitter release cycle were

TABLE 1 | Construction of inflammation-related INcRNAs in the risk model.

gene coef hr low.ci upp.ci
SNAI3-AST —0.1660 0.5971 0.4989 0.7145
ZBTB20-AS4 -0.1627 0.6435 0.5462 0.7581
DGCR9 —0.1586 0.5204 0.4441 0.6100
DICER1-ASA —0.1063 0.6502 0.5605 0.7542
AC062021.1 —0.0368 0.5110 0.4359 0.5990
CTD-2201118.1 0.0229 1.3760 1.2289 1.5408
HOXA-AS3 0.0280 1.6701 1.4478 1.7028
C1RL-AS1 0.1089 1.4692 1.3291 1.6239
AC131097.4 0.1248 1.6301 1.4423 1.8423
PAXIP1-AS2 0.1415 1.7031 1.4741 1.9676
SNHG18 0.2477 1.6680 1.4673 1.8961

significantly enriched in the low-risk group (Figures 6A,B).
The scores of these pathways in the samples were displayed in
the heat map (Figures 6C,D). At the same time, we further
conducted GO and KEGG analyses by screening the differential
genes between the high- and low-risk groups [| log2(FC)| > 1.5
and adj-p < 0.05]. Genes highly expressed in the high-
risk group were closely related to immune activation, such
as leukocyte proliferation, positive regulation of leukocyte
activation, leukocyte cell-cell adhesion, and regulation of
T cell activation in the TCGA cohort, while cell-substrate
adhesion, humoral immune response, and response to interferon-
gamma were observed in the CGGA cohort (Figures 6E,F).
However, genes that were low in the high-risk group were
mainly related to neuronal regulation in the two cohorts
(Figures 6E,F). For the KEGG analysis, upregulated genes were
enriched in the phagosome and Staphylococcus aureus infection,
and downregulated genes were enriched in the GABAergic
synapse and Synaptic vesicle cycle (Figures 6G,H). In addition,
correlation analysis showed that risk scores were closely related
to genes that regulated the immune system (Figures 6L]J). In
general, among these differential genes, the relatively highly
expressed genes in the high-risk group were mainly involved in
the activation of the immune system, while the lowly expressed
genes were involved in the regulation of the nervous system.

Expression Analysis of IncRNA and

Confirmation of Prognosis Analysis
The model we built was based on tumor sample data analysis,
so we further wanted to analyze the difference between 11
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FIGURE 3 | Analysis of prognostic survival of patients with glioma by the risk model. (A,B) The risk score value of each sample, the survival status ranked from low
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IncRNAs in the normal samples and tumor samples (Figures 7A-
D, Supplementary Figures 1A-N). In the analysis results
of the GEPIA database, only the expressions of SNAI3-
AS1, AC131097.4, AC062021.1, and DGCR9 were significantly

different (p < 0.05). Among them, SNAI3-AS1, AC131097.4, and
DGCRY were lowly expressed in tumor tissues and AC062021.1
was highly expressed (Figures 7A-D), while there was no
significant difference in the expression level of other IncRNAs.
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FIGURE 5 | The analysis of tumor immune infiltration in glioma patients in the TCGA and CGGA cohorts. (A,B) The heat maps of each immune cell score. (C,D) The
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In the GSE4290 dataset, DGCR9 and SNAI3-AS1 were in a
lower expression in tumors, while DICER1-AS1 and PAXIP1-
AS2 were in a higher expression in tumors. Further survival
analysis results were consistent with the univariate Cox analysis
results (Figure 2C). The high expression of AC062021.1, DGCRY,
SNAI3-AS1, ZBTB20-AS4, and DICERI-ASI was associated
with a good prognosis and appeared to serve as protective
factors (Figures 7E-I). Other IncRNAs were used as risk
factors, except for AC131097.4, which was not statistically
significant, and HOXA-AS3, which had not been queried
(Figures 7J-N). Patients with a high expression of these genes
had poor prognoses. Moreover, we detected the expressions
of these IncRNAs in three normal tissues and five low-grade
gliomas collected. Our results showed that the expressions of
DGCRY, PAXIP1-AS2, and SNHG18 were higher in the tumor
tissues (P < 0.05) (Figures 70-Q), while the expressions of
CTD-2201118.1, DICER1-AS1, and ZBTB20-AS4 showed no
difference (Supplementary Figures 10-Q).

DISCUSSION

The incidence of gliomas has shown an increasing trend year
by year (Siegel et al., 2020). Although low-grade gliomas have a
better prognosis, they tend to have high-grade glioma progression
due to malignant biological characteristics such as invasive
growth and resistance to radiotherapy and chemotherapy
(Wessels et al., 2003; Duffau and Taillandier, 2015). In recent
years, tumor markers for low-grade glioma have been shown
to have a high predictive value in terms of prognosis and
treatment. These molecular markers include p53 mutation,
1p/19q gene deletion, MGMT promoter methylation, and IDH1
mutation (Louis et al, 2016). However, glioma is a highly
heterogeneous tumor type, and individual differences between
tumor patients are very obvious, so the prediction of these
molecular markers remains limited (Delgado-Lopez et al., 2017).
Itis of great significance to explore the potential molecular targets
of glioma in depth.
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Increasing data support the underlying mechanism of (Lucasetal,2017; Greten and Grivennikov, 2019; Oya et al,
the inflammatory microenvironment driving tumorigenesis, 2020). In addition, some studies also show that the inflammatory
especially ~ stomach  cancer, colorectal cancer, etc chemokine/receptor axis promotes glioma proliferation,
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metastasis, and new blood vessel formation (Groblewska et al.,
2020). Michelson et al. (2016) summarized the inflammation
and the malignant transformation of low-grade gliomas into
three steps: Initiation, Promotion, and Progression. In general,
inflammation may be a contributing factor to glioma progression.

At present, data mining using bioinformatics is now widely
used (Lan et al., 2018). Many tumor prognostic models have
been developed based on autophagy, glycolysis, inflammatory

genes, and other factors (Chen et al., 2017; Wang et al., 2019;
Choe et al., 2021). In addition, more and more researchers
have discovered that long non-coding RNA is associated with
tumor progression, so many new IncRNA-related models based
on autophagy, glycolysis, and inflammatory genes are also used
to predict the prognosis of tumor patients. Wang et al. (2019)
developed a three-gene risk scoring model related to autophagy
that can be used as a prognostic biomarker for glioma patients.
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Choe etal. (2021) integrated the expression of inflammation-
related genes and DNA methylation levels to construct a
predictive model to analyze the prognosis of colorectal cancer.
Sun et al. (2020) constructed an autophagy-related long
non-coding RNA prognostic signature for bladder urothelial
carcinoma patients. In this study, we used bioinformatics and
statistical tools to systematically analyze the prognostic accuracy
of inflammation-related IncRNAs in low-grade gliomas.

Here, we used univariate Cox regression, multivariate Cox
regression, and LASSO regression analyses to construct a new
signature containing 11 inflammation-related IncRNAs based on
the TCGA and CGGA data from low-grade glioma patients,
which can be used as independent predictions factor. This
model can accurately predict the prognosis of patients where
patients with high-risk scores have a poor prognosis. This
predictive ability was also demonstrated in the CGGA validation
set and applied to patients classified by grade and IDH status.
Furthermore, we found differences in the analyses of TMB and
CNVs between patients with high and low scores. The high-
risk group had higher TMB and CNVs. For the immune cell
infiltration analysis, the proportion of immune T cells and B cells
in the high-risk group was higher. More importantly, immune
checkpoint-related genes were highly expressed in the high-risk
group. The analysis results of GSEA, GO, and KEGG related to
the model suggested that the highly expressed genes of the high-
risk group were mainly enriched in immune-related pathways,
such as PD 1 signaling, and low-expressed genes were enriched
in neuroregulation pathways, such as neurotransmitter receptors
and postsynaptic signal transmission. In conclusion, the risk
model can serve as a prognostic predictor independent of other
clinical factors. Moreover, the results of functional enrichment
analysis suggested that IncRNAs in the model were involved
in immune regulation and were expected to become potential
targets, which further strengthened the understanding of the
potential mechanism of the association between inflammatory
response and glioma progression.

In the signature, we also identified the expression and
prognostic analyses of 11 IncRNAs. SNAI3-AS1, AC131097.4,
AC062021.1, and DGCRY were significantly differentially
expressed in cancer and paracancer from TCGA, and all
IncRNAs could well predict the prognosis of patients as
protective or risk factors. Among these IncRNAs, the function of
ZBTB20-AS4, CTD-2201118.1, AC131097.4, and PAXIP1-AS2
is unclear. However, SNAI3-AS1 has been reported to promote
the proliferation and metastasis of HCC cells (Li et al., 2019,
2020); DGCR9 can enhance the proliferation, migration, and
glucose uptake of gastric cancer cells (Ni et al., 2018); DICERI-
AS1 promotes malignant behavior of osteosarcoma, colorectal
cancer, and other tumors (Gu et al., 2018; Afrough et al., 2020;
Ma et al,, 2020); and LncRNA CI1RL-AS1 silencing inhibited
the malignant phenotype of gastric cancer cells through the
Akt/B-catenin/c-myc pathway (Zhen-Hua et al, 2020). The
function of these four IncRNAs in gliomas is unknown. In
addition, SNHG18 promoted radiological resistance of glioma by
inhibiting semaphore 5A and promoted glioma cell movement
by disrupting a-enolase nucleoplasmic transport (Zheng et al.,
2016, 2019). HOXA-ASS3 is a risk factor in a variety of tumors,

including glioma (Chen et al., 2020). AC062021.1 is involved in
the formation of glycolysis-related IncRNA signature that predict
the survival in patients with diffuse glioma (Wang et al., 2020).

Although our model has a good predictive effect in the cohorts
of TCGA and CGGA, there are still many shortcomings. We
should expand the sample to observe the expression of these
IncRNAs in normal and tumor tissues. In addition, the functional
mechanism of IncRNAs in glioma in the model has not been
thoroughly explored. In addition, the effectiveness of the model
in clinical practice is unknown, and we intend to undertake
further research in the future.

In summary, we first constructed a IncRNA model based on
inflammatory genes to predict the prognosis of low-grade glioma
patients. The model can be used as a potential prognostic index
for glioma patients. In addition, these IncRNAs in the model are
expected to be the targets of further glioma therapy.
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