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Abstract. Glucose metabolism, as a novel theory to explain 
tumor cell behavior, has been intensively studied in various 
tumors. The present study explored the long non‑coding RNAs 
(lncRNAs) related to glycolysis in grade II‑III glioma, aiming 
to provide a promising target for further research. Pearson 
correlation analysis was used to identify glycolysis‑related 
lncRNAs. Univariate/multivariate Cox regression analysis 
and the Least Absolute Shrinkage and Selection Operator 
algorithm were applied to identify glycolysis‑related lncRNAs 
to construct a prognosis prediction model. Subsequently, 
multi‑dimensional evaluations were used to verify whether 
the risk model could predict the prognosis and survival rate 
of patients with grade II‑III glioma. Finally, it was verified by 
functional experiments. The present study finally identified 
seven glycolysis‑related lncRNAs (CRNDE, AC022034.1, 
RHOQ‑AS1, AL159169.2, AL133215.2, AC007098.1 and 
LINC02587) to construct a prognosis prediction model. The 
present study further investigated the underlying immune 
microenvironment, somatic landscape and functional 
enrichment pathways. Additionally, individualized immu‑
notherapeutic strategies and candidate compounds were 
identified to guide clinical treatment. The experimental results 
demonstrated that CRNDE could increase the proliferation of 
SHG‑44 cells. In conclusion, a large sample of human grade 
II‑III glioma in The Cancer Genome Atlas database was used 
to construct a risk model using glycolysis‑related lncRNAs to 
predict the prognosis of patients with grade II‑III glioma.

Introduction

Gliomas are the most common malignant tumors of the central 
nervous system (CNS) (1). The World Health Organization 
classifies glioma as grade I‑IV (2,3). Although the study of 
grade II‑III glioma has improved clinical treatment, numerous 
patients with grade II‑III glioma will relapse later, resulting 
in poor prognosis and reduced quality of life (4). As a result 
of this prognostic heterogeneity, the molecular classification 
should be incorporated into the evaluation of patients with 
grade II‑III glioma. As precision medicine becomes increas‑
ingly prevalent, traditional markers such as mutations of the 
isocitrate dehydrogenase gene and deletions of chromosome 
1p and 19q may not be sufficient for individual risk assess‑
ment of patients with grade II‑III glioma (5,6). Therefore, it is 
imperative that novel biomarkers are identified that are effec‑
tive in optimizing their treatment.

Changes in energy metabolism are one of the most signifi‑
cant biological characteristics associated with cancer  (7). 
The Warburg effect refers to the change from oxidative phos‑
phorylation to aerobic glycolysis, which can provide energy for 
cancer cells (8).

The metabolism of cancer cells is reprogrammed to 
improve glucose uptake, so it can also provide more energy 
to cancer cells, even though aerobic glycolysis produces less 
energy than mitochondrial oxidative phosphorylation (9,10). 
There is increasing evidence that this reprogramming of 
metabolic activity by tumor cells serves an important role in 
the development of various cancer types (11,12). The glycol‑
ysis‑related risk model constructed by Liu et al (13) provided 
an improved understanding of rectal cancer. Additionally, 
Reuss et al (14) found that ketogenic diets for management 
targeting the Warburg effect could effectively halt the progres‑
sion of grade II‑III glioma to more aggressive subtypes. Long 
non‑coding RNAs (lncRNAs) are a class of RNA molecules 
with specific functions that participate in genome organization, 
cell structure and gene expression through a variety of interac‑
tions. lncRNAs regulate gene expression through epigenetic 
regulation, transcriptional regulation and post‑transcriptional 
regulation, thereby participating in biological processes 
such as cell proliferation, differentiation and apoptosis in 
cancer  (15). In recent years, lncRNAs have been found to 
be involved in tumor cell growth, proliferation and energy 
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acquisition (16,17). For example, LINC00092 directly binds 
to 6‑phosphofructo‑2‑kinase/fructose‑2,6‑biphosphatase 2 to 
promote tumorigenesis (18). Sun et al (19) constructed a prog‑
nostic risk model to predict Lung adenocarcinoma patient's 
survival and response to immunotherapy based on hub oxida‑
tive stress‑related lncRNAs using bioinformatics analysis. As 
a result of these newly identified features, prognosis can be 
more accurately predicted and a greater understanding of how 
lncRNAs contribute to cancer development can be gained.

The present study demonstrated a potential association 
between glycolysis‑related lncRNAs and grade II‑III glioma 
using bioinformatics approaches. The present results may be 
helpful to understand the cell energy metabolism of grade II‑III 
glioma in the future.

Materials and methods

Data acquisition. All the information of patients with 
grade  II‑III glioma was obtained from The Cancer 
Genome Atlas database (Center for Cancer Genomics at 
the National Cancer Institute; https://portal.gdc.cancer.
gov/). The Perl language (http://www.perl.org/) was used 
to merge RNA‑sequencing results into matrix files. The 
data of 479 patients were obtained and the patients were 
randomly divided into two groups using the R (version 4.2.3; 
http://www.R‑project.org/) package ‘caret’  (20). The first 
group (n=240) was used for training and the other group 
(n=239) was used for testing. All data regarding the clinical 
characteristics of all patients are shown in Table SI.

Glycolysis‑related gene acquisition. A total of 243 
glycolysis‑related gene profiles (21) (Table SII) were obtained 
from the Molecular Signatures Database (http://www.
gsea‑msigdb.org) labeled ‘Hallmark glycolysis’ and ‘Kyoto 
Encyclopedia of Genes and Genomes (KEGG) glycolysis 
gluconeogenesis’.

Screening glycolysis‑related lncRNAs. The lncRNA annota‑
tion files were obtained from the Generic Code Database 
(https://www.gencodegenes.org/human/). Subsequently, 
lncRNA information related to glycolysis‑related gene expres‑
sion was obtained. The selection criteria were set as |R|>0.5 
and P<0.001.

Construction of seven glycolysis‑related lncRNAs prog‑
nostic signature and risk model. The training set was 
used to construct the prognostic model. As previously 
reported by Sun  et  al  (22), a gene signature with high 
performance and stability was constructed using a combi‑
nation of machine learning algorithms, including the Least 
Absolute Shrinkage and Selection Operator (LASSO) 
algorithm, and multivariate Cox analyses. Univariate Cox 
analysis was applied to determine which glycolysis‑related 
lncRNAs were associated with overall survival (OS) among 
patients with grade II‑III glioma (P<0.05). Subsequently, 
LASSO regression analysis was conducted to analyze the 
glycolysis‑related lncRNAs using the package ‘glmnet’ 
in R (23). Upon reaching the minimum partial likelihood 
deviance, the optimal lambda was identified. Finally, a 
risk characteristics and prognosis model based on seven 

glycolysis‑related lncRNAs was constructed as follows: 

Coef (lncRNA) refers to the coefficient associated with 
survival. Expr is the expression of lncRNAs.

Validation of the seven glycolysis‑related lncRNAs risk 
model. Kaplan‑Meier (K‑M) analysis was applied to compare 
OS between two groups using the R package ‘survival’ (24) 
(version 3.5‑0). The package ‘timeROC’(25) (version 0.4) was 
used to verify the predictive ability of the established risk 
model. The concordance index (C‑index) was estimated to 
evaluate the discrimination of the model. Principal component 
analysis (PCA) and t‑distributed stochastic neighbor embed‑
ding (t‑SNE) analysis were used to visually distinguish two 
groups.

Construction and assessment of the nomogram. Independent 
prognostic factor analysis was conducted in R with the package 
‘survival’. The R package ‘rms’ (26) was further applied to 
construct a nomogram and the predictive ability of the nomo‑
gram was evaluated.

Exploration of the tumor immune microenvironment and 
tumor mutation burden (TMB). To quantitatively analyze 
tumor tissue transcriptomic data, the CIBERSORT algorithm 
was used, which led to the estimation of the absolute number 
of immune and stromal cells present in the tumor tissues. 
Furthermore, the single sample Gene Set Enrichment Analysis 
(ssGSEA) algorithm was used to assess the difference between 
high‑ and low‑risk groups in terms of the ability to resist tumor 
infiltration (27). The ESTIMATE algorithm was used to deter‑
mine the stromal score, immune score and ESTIMATE score 
of grade II‑III glioma samples (28). The package ‘maftools’ 
was used to analyze the TMB (29).

Exploration of the therapeutic significance of the risk model. 
Drug information was obtained from the Genomics of Cancer 
Drug Sensitivity (GDSC) website  (30) (http://www.cancer‑
rxgene.org), and the R package ‘pRRophetic’ (31) was used to 
predict IC50 values to explore possible clinical adjuvant drugs 
for the treatment of grade II‑III glioma (https://www.cancerrx‑
gene.org). To determine if the risk model was associated with 
immunotherapy, the expression levels of key genes in the two 
groups of immune checkpoints were compared.

Functional enrichment analysis. Differentially expressed 
genes (DEGs) were identified using the package ‘limma’ (32). 
The ‘clusterProfiler’ package was used to study the related 
functions and pathways of DEGs bias (33). GSEA was used 
to compare potential pathways between the two groups. The 
R package ‘ggalluvival’  (34) (version 0.12.5) was used to 
visualize the association between lncRNAs and risk factors 
(protective/risk) in a Sankey diagram.

Construction of the lncRNA‑mRNA co‑expression network. 
Cytoscape software (version  3.9.0; http://cytoscape.org) 
was used to visualize the lncRNA‑mRNA co‑expression 
network.
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Cell culture. The HA1800 human normal astrocyte cell line 
and the SHG‑44 human glioma cell line were purchased 
from American Type Culture Collection (35). HA1800 and 
SHG‑44 cells were cultured in DMEM (Gibco; Thermo 
Fisher Scientific, Inc.) supplemented with 10% fetal bovine 
serum (Gibco; Thermo Fisher Scientific, Inc.) and antibiotics 
(100 U/ml penicillin and 100 µg/ml streptomycin). Cells were 
incubated at 37˚C with 5% CO2.

Transfection. Colorectal neoplasia differentially expressed 
(CRNDE) small interfering RNA (siRNA), si‑CRNDE‑1 
(5'‑GGT​GTT​AAG​TGT​GAT​GCT​TCC‑3') or siCRNDE‑2 
(5'‑GGA​TGC​TGT​CAG​CTA​AGT​TCA‑3'), and negative 
control siRNA (5'‑UUC​UCC​GAA​CGU​GUC​ACG​UTT‑3') 
were purchased from Shanghai GenePharma Co., Ltd 
(cat.  no.  A10001). CRNDE expression in SHG‑44 cells 
was silenced by siRNA transfection using Lipofectamine® 
RNAiMax reagent (Invitrogen; Thermo Fisher Scientific, Inc.) 
according to the manufacturer's instructions. The transfection 
compound was prepared at room temperature for 20 min. The 
concentration of siRNA used was 50 nM. After culturing in 
the incubator (37˚C) for 48 h, the cells and cell cultures were 
harvested for subsequent experiments, and the transfection 
efficiency was evaluated by reverse transcription‑quantitative 
PCR (RT‑qPCR).

RT‑qPCR. The cell density for RNA extraction was 1x106. 
Total RNA was extracted using the TRIzol® reagent (Thermo 
Fisher Scientific, Inc.), and cDNA was obtained by reverse tran‑
scription using the TransScript® First‑Strand cDNA Synthesis 
SuperMix (Shanghai Yeasen Biotechnology Co., Ltd.). The 
cDNA was amplified using the Hieff UNICON universal Blue 
qPCR SYBR Green Master Mix kit (YEASEN Corporation, 
China). RNA extraction, cDNA synthesis and qPCR were all 
performed according to the manufacturer's protocols. The 
reaction volume was 20 µl, including 10 µl of Universal Blue 
qPCR SYBR Green Master Mix, 7.6 µl of nucleic acid‑free 
water, 0.2 µl of each primer, and 2 µl of cDNA product. The 
PCR cycling conditions were as follows: 95˚C for 2 min for 
1 cycle, 95˚C for 10 sec and 60˚C for 30 sec for 40 cycles, 
and the melting curve was then determined. GAPDH was 
used as an internal reference and relative mRNA expression 
was calculated using the 2‑ΔΔCq method (36,37). The experi‑
ment was repeated three times. The primer sequences were as 
follows: GAPDH forward, 5'‑AAG​GTG​AAG​GTC​GGA​GTC​
AAC‑3' and reverse, 5'‑GGG​GTC​ATT​GAT​GGC​AAC​AAT‑3'; 
and CRNDE forward, 5'‑TGG​ATG​CTG​TCA​GCT​AAG​TTC​
AC‑3' and reverse, 5'‑TTC​CAG​TGG​CAT​CCT​CCT​TAT​C‑3'.

Cell Counting Kit‑8 (CCK‑8) assays. The effect of CRNDE 
expression on the proliferation of SHG‑44 cells was detected 
using a CCK‑8 assay (Dojindo Laboratories, Inc.). Briefly, 
after the cells were cultured in 96‑well plates (6x103 cells/well) 
for 0, 24, 48, 72 and 96 h, 20 µl CCK‑8 cell proliferation agent 
was added to each well and incubated for 2 h at 37˚C and the 
absorbance of the cell culture medium was measured at a 
wavelength of 450 nm.

Colony formation assays. After transfection, SHG‑44 cells 
were cultured in 6‑well plates (5x103 cells/well) for 12 days. 

After fixation with 4% paraformaldehyde solution at room 
temperature for 20 min, the cells were stained with 0.1% 
crystal violet at room temperature for 15  min (Beyotime 
Institute of Biotechnology).

Measurement of the extracellular acidification rate (ECAR). 
SHG‑44 cells were seeded in 6‑well plates (3x105 cells/well) 
and incubated for 24 h. Prior to the assay, cells were subjected 
to serum deprivation to enhance glucose uptake. Subsequently, 
the cells were washed three times with PBS buffer. Following 
this, the cells were stimulated with 100 nM insulin for 30 min. 
A glucose uptake assay kit (Abcam) was used to quantify 
glucose uptake, with all results being normalized to the cell 
number.

Statistical analysis. All statistical analyses were conducted in 
the R and Perl software and the statistical results of samples 
were expressed as mean ± standard deviation. All assays were 
done at least three times independently. Independent Student's 
t‑tests were applied to determine the difference between 
the two groups. Correlation analysis was performed using 
the Pearson correlation test. For the analysis of differences 
between K‑M curves, the log‑rank test was performed. If there 
is no special description for the above method, P<0.05 was 
considered to indicate a statistically significant difference.

Results

Screening of glycolytic lncRNAs in patients with low‑grade 
glioma. Fig. 1 shows the process of the present study. A total 
of 14,056 lncRNAs and 243 glycolytic genes were screened for 
subsequent Pearson correlation analysis (21). The co‑results 
among lncRNAs and mRNAs of Pearson correlation test 
are shown in Table SIII and 1,889 glycolytic lncRNAs were 
identified. Additionally, the consistent part of the expression 
between glycolytic genes and glycolytic lncRNAs was shown 
in the Sankey diagram, and their correlation was visually 
demonstrated (Fig. 2A and B).

Constructing a glycolytic lncRNAs risk model. Univariate 
Cox analysis was used to screen glycolytic lncRNAs. In the 
end, 656 prognostic lncRNAs were identified in the training 
set (Table SIV). LASSO regression analysis was performed 
on these survival‑related lncRNAs to further screen key 
lncRNAs for model construction. Finally, nine lncRNAs 
were retained (Fig. 2C and D). Subsequently, multivariate 
Cox regression analysis was performed and seven glycolytic 
lncRNAs, including CRNDE, AC022034.1, Ras homolog 
family member Q (RHOQ‑AS1), AL159169.2, AL133215.2, 
AC007098.1 and LINC02587, were identified (Fig.  2E; 
Table SV). Finally, the calculation formula was determined 
using the Cox regression model coefficient and lncRNA 
expression: CRNDE x 0.530754428201569 + AC022034.1 x 
0.51597198629815 + RHOQ‑AS1 x 4.0070016692408  + 
AL159169.2 x‑1.33589967405211 + AL133215.2 x 
0.902923079138878 + AC007098.1 x 0.660037199843563 + 
LINC02587 x 0.29755586476417. AL159169.2, with a nega‑
tive coefficient, tended to be a protective factor, and the other 
six lncRNAs tended to be risk factors, which was confirmed 
by the Sankey diagram (Fig. 3A). Additionally, the relative 
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expression levels of the seven hub glycolytic lncRNAs were 
evaluated (Fig.  3B). Patients in the high‑risk group had 
higher expression levels of destructive lncRNAs than patients 
in the low‑risk group (Fig.  3A  and  B). Subsequently, the 
performance of the risk formula was verified using PCA 
and t‑SNE algorithms. The results indicated that there 
was a difference between the two groups of patients with 
grade II‑III glioma, which clearly showed that the situation 
of patients with grade II‑III glioma in the two groups was 
different (Fig. 3C and D). Furthermore, the survival of the 
two groups of patients with grade II‑III glioma in the training 
set were compared (Fig. 3E). The OS of different groups in 
the training set was compared by K‑M analysis. The results 
demonstrated that patients with grade II‑III glioma in the 
low‑risk group had an improved OS (Fig. 3F; P<0.001). The 
receiver operating characteristic curve showed that the seven 
glycolytic lncRNAs had high accuracy in diagnostic efficacy, 
and the areas under the curve (AUCs) of 1‑, 3‑ and 5‑year 
prediction were 0.931, 0.921 and 0.866, respectively (Fig. 3G). 

The C‑index of the risk model also showed that the risk model 
had good reliability (Fig. 3H).

Confirmation of glycolytic lncRNAs risk model. The test set 
of patients with grade II‑III glioma was subsequently used to 
evaluate the reliability of the model (n=239). K‑M analysis 
indicated the survival of the two groups of patients with 
grade II‑III glioma, and the results demonstrated that the OS 
of the low‑risk group was improved compared with that of the 
high‑risk group (Fig. 4A; P<0.001). Fig. 4B‑D shows the distri‑
bution of the risk scores, survival time in the two groups and 
the expression of the seven lncRNAs in the test set. There was 
a notable difference between the two groups in the PCA and 
t‑SNE analysis (Fig. 4E and F). In the test set, the predicted 
AUC values of the risk model for 1, 3 and 5 years were 0.846, 
0.833 and 0.788, respectively (Fig. 4G). C‑index analysis also 
illustrated that the risk model had good reliability (Fig. 4H). 
Finally, the entire set of patients with grade  II‑III glioma 
(n=479) was used to verify the prognostic ability of the model, 

Figure 1. Workflow of the present study. C‑index, concordance index; GO, Gene Ontology; GSEA, Gene Set Enrichment Analysis; KEGG, Kyoto Encyclopedia 
of Genes and Genomes; LASSO, Least Absolute Shrinkage and Selection Operator; LGG, low‑grade glioma; lncRNA, long non‑coding RNA; OS, overall 
survival; PCA, principal component analysis; ROC, receiver operating characteristic; t‑SNE, t‑distributed stochastic neighbor embedding; TCGA, The Cancer 
Genome Atlas; TMB, tumor mutation burden.
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Figure 2. Identification of glycolysis‑related lncRNAs and model construction. (A) Sankey relation diagram for glycolysis‑related genes and glycolysis‑related 
lncRNAs. (B) Heatmap of the correlation between glycolysis genes and hub glycolysis‑related lncRNAs. (C and D) Least Absolute Shrinkage and Selection 
Operator regression analysis identified nine glycolysis‑related lncRNAs. (E) Multivariate Cox regression analysis identified seven glycolysis‑related lncRNAs.
(*P<0.05; **P<0.01; ***P<0.001). lncRNA, long non‑coding RNA.
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indicating consistency with the aforementioned validation 
(Fig. 4I‑P). It was evident that the established risk model was 

capable of reliably distinguishing patients with grade II‑III 
glioma based on their risk profile.

Figure 3. Prognostic value of the risk model of the seven glycolysis‑related lncRNAs in the training set. (A) Sankey diagram showing the connection degree 
among glycolysis mRNAs, glycolysis‑related lncRNAs and risk types. (B) relative expression levels of seven hub lncRNAs. (C) PC analysis results and 
(D) t‑SNE results. (E) distribution of risk scores, survival status and survival time patterns. (F) Kaplan‑Meier analysis results. (G) receiver operating charac‑
teristic curves for 1‑, 3‑ and 5‑year overall survival using the risk model, and (H) concordance index analysis based on the training set. AUC, area under the 
curve; lncRNA, long non‑coding RNA; PC, principal component; tSNE, t‑distributed stochastic neighbor embedding.
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Figure 4. Prognostic value of the risk model of the seven glycolysis‑related lncRNAs in the testing and entire sets. (A) K‑M analysis results, (B) distribution 
of risk scores, (C) survival status and survival time patterns, (D) relative expression levels of seven hub lncRNAs, (E) PCA results, (F) tSNE results, (G) ROC 
curves for 1‑, 3‑ and 5‑year OS using the risk model, and (H) C‑index analysis based on the testing set. (I) K‑M analysis results, (J) distribution of risk scores, 
(K) survival status and survival time patterns, (L) relative expression levels of seven hub lncRNAs, (M) PCA results, (N) tSNE results, (O) ROC curves for 1‑, 
3‑ and 5‑year OS using the risk model and (P) Concordance index analysis based on the entire set. AUC, area under the curve; K‑M, Kaplan‑Meier; lncRNA, 
long non‑coding RNA; OS, overall survival; PC, principal component; PCA, principal component analysis; ROC, receiver operating characteristic; tSNE, 
t‑distributed stochastic neighbor embedding.
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PCA. To further estimate the distribution of the two groups, 
PCA was conducted using the whole gene expression profile, 
243 glycolytic gene profiles, 1,889 glycolysis‑related lncRNAs 
and the risk model (Fig. 5A‑D). This risk model clearly indi‑
cated that patients with grade II‑III glioma could be correctly 
classified by the metabolism of glycolysis between the two 
groups.

Independence of prognostic signature and construction of the 
nomogram. The next step was to verify the accuracy of the 
model based on seven lncRNAs associated with glycolysis for 
independent prediction of prognosis in grade II‑III glioma. 
This was performed using univariate and multivariate Cox 
regression analysis. The results of univariate regression anal‑
ysis [hazard ratio (HR), 1.003; 95% CI, 1.002‑1.004; P<0.001] 
indicated that the model could accurately predict the prognosis 
of patients, and multivariate regression analysis (HR, 1.002; 
95% CI, 1.001‑1.003; P<0.001) also revealed similar results 
(Fig. 6A and B). In summary, the risk model was an indepen‑
dent prognostic factor for grade II‑III glioma. A nomogram 
was constructed by combining multiple clinical factors with 
the constructed risk score to predict the survival rates of 
patients with grade II‑III glioma (38) (Fig. 6C). Subsequently, 
the reliability of the nomogram was verified, and the results 
demonstrated that the actual observed value was similar to the 

predicted value (Fig. 6D). Additionally, the AUC values for 
the OS rate at each time point were 0.887, 0.884 and 0.825, 
respectively (Fig. 6E). Compared with the C‑index of other 
clinical features, the nomogram and risk score had higher 
values (Fig. 6F).

Evaluation of the tumor microenvironment (TME). In view 
of the extensive research on the TME in the evaluation and 
treatment of grade II‑III glioma, a number of immune assess‑
ment methods were applied to determine the difference in the 
degree of immune infiltration between the two subgroups. 
First, some basic scores of patients with grade II‑III glioma 
were analyzed using the ESTIMATE algorithm. The results 
of this indicated that with the increase of the risk level of 
patients with grade II‑III glioma, the immune, stromal and 
ESTIMATE scores also increased (Fig. 7A‑C). Using gene set 
variation analysis, it was revealed that high‑risk grade II‑III 
glioma was related to the change of some immune functions 
such as ‘cytolytic_activity’, ‘inflammation‑promoting’ and 
‘CCR’ (Fig. 7D). Subsequently, the categories and propor‑
tions of immune cells were analyzed using the CIBERSORT 
algorithm. The distribution differences and proportion 
changes of immune cells in the two groups were analyzed 
(Fig. 7E and F). Additionally, which immune cells were more 
common in high‑risk populations was summarized (Fig. 7G. 

Figure 5. PC analysis of the distributions of the low‑ and high‑risk groups based on (A) the entire gene expression profiles, (B) 243 glycolysis‑related gene 
profiles, (C) 1,889 glycolysis‑related long non‑coding RNAs and (D) the risk model. PC, principal component.
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Finally, the immune cell infiltration of patients with grade 
II‑III glioma in different risk groups was studied using the 
ssGSEA algorithm. The results indicated that the number 
of immune cell subsets in the high‑risk group was higher 
(Fig. 7H). Additionally, some important immune functions 
were significantly upregulated in the high‑risk group (Fig. 7I). 
In summary, it could be seen that patients with grade II‑III 
glioma in the high‑ and low‑risk groups had distinct immune 
infiltration differences, which may lead to differences in 
prognosis between the two groups.

Analysis of somatic mutation landscape. TMB is a molecular 
marker that is used to quantify the mutations that tumor cells 
take as part of immunotherapy. It can evaluate whether immu‑
notherapy is effective. The present study further explored the 
somatic mutation rate in the high‑ and low‑risk groups. The 
results demonstrated that the mutation rate of the low‑risk 
group [241 cases (97.57%) in 247 samples] appeared to be 
higher than that of the high‑risk group [185 cases (85.65%) in 
216 samples]. The top‑ranked driver mutant genes are shown 
in Fig. 8A and B. Further quantitative analysis demonstrated 

Figure 6. Independence of the prognostic signature and construction of a nomogram. (A) Univariate and (B) multivariate analysis of the association of clinical 
characteristics and the risk score with OS. (C) Nomogram and (D) calibration curves of the nomogram predicting the probability of OS. (E) Receiver operating 
characteristic curves of the nomogram predicting the probability of 1‑, 3‑ and 5‑year OS. (F) Concordance index analysis of the nomogram. AUC, area under 
the curve; OS, overall survival.
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Figure 7. Stratification analysis of the risk score in immune features. Differences in the (A) immune score, (B) stromal score and (C) ESTIMATE score. 
(D) Gene set variation analysis of immune‑related pathways in the two groups. (Expression features of 22 immune cells in a (E) box plot, (F) heatmap and 
(G) violin plot based on the CIBERSORT algorithm. Differences in the (H) immune cells and (I) immune functions based on the single sample Gene Set 
Enrichment Analysis algorithm (***P<0.001). ns, not significant; aDC, activated dendritic cell; APC, adenomatous polyposis coli; CCR, chemokine receptor; 
DC, dendritic cell; HLA, human leukocyte antigen; iDC, immature dendritic cell; MHC, major histocompatibility complex; NK, natural killer; pDC, plas‑
macytoid dendritic cell; Tfh, T follicular helper cell; Th1, type 1 T helper; Th2, type 2 T helper; TIL, tumor‑infiltrating lymphocyte; Treg, regulatory T cell.
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that the TMB score was significantly increased in the 
high‑risk group (Fig. 8C). Additionally, a positive correlation 
between risk score and TMB was demonstrated by Spearman 
correlation analysis. According to the median TMB score, 
grade II‑III glioma samples were divided into two groups: 

High TMB group and low TMB group. According to the 
results of K‑M analysis, the OS of the high TMB group was 
worse (Fig. 8E). When both risk score and TMB were consid‑
ered in the K‑M analysis, the risk score eliminated the better 
OS of low TMB. This suggested that the risk score could 

Figure 8. Exploration of TMB targeting risk model. Waterfall plots displaying mutation information of the 10 genes with high mutation frequencies in (A) the 
high‑risk group and (B) the low‑risk group. (C) Difference in TMB score between the high‑ and low‑risk groups. (D) Correlation between risk score and TMB. 
(E) K‑M survival curves of the OS of patients in the H‑TMB and L‑TMB groups. (F) K‑M analysis of the OS of the four groups stratified by both TMB and 
risk score. (G) Correlation between TMB and immune cell subtype. H‑, high; K‑M, Kaplan‑Meier; L‑, low; NK, natural killer; OS, overall survival; TMB, 
tumor mutation burden.
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predict the prognosis of grade II‑III glioma in a superior way 
than TMB (Fig. 8F). At the same time, the main immune cells 
associated with TMB were CD8 T cells and natural killer 
cells (Fig. 8G). 

Exploration of potential drugs and assessment of immu‑
notherapy response. Considering the significant difference 
in prognosis between the two groups of grade II‑III glioma 
samples, some potential drugs for precise treatment were 
selected. It was hypothesized that the response to drugs may 

be different between the two groups. The R package ‘pRRo‑
phetic’ was used to screen potential drugs based on the IC50 

value in the GDSC genomics database. The IC50 estimates of 
A.770041, ABT.263, AP.24534, AS601245 and AZ628 were 
relatively high in low‑risk samples.

This suggested that patients with grade II‑III glioma in the 
high‑risk group may benefit from the use of these compounds 
(Fig. 9A‑J). The IC50 values of axitinib and 5‑aminoimid‑
azole‑4‑carboxamide ribonucleotide were increased in the 
high‑risk group, indicating that these two drugs may be used 

Figure 9. Exploration of potential drugs and assessment of immunotherapy response. (A‑G) Analysis of potential drug sensitivity in the two groups. 
(H‑J) Analysis of common chemotherapeutic sensitivity. (K and L) Expression levels of immune checkpoint genes in the two groups. AICAR, 5‑aminoimid‑
azole‑4‑carboxamide ribonucleotide.
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for the treatment of patients with grade II‑III glioma in the 
low‑risk group (Fig. 9F and G). The IC50 of commonly used 
antitumor drugs in the two groups was determined. In the 
low‑risk group, the IC50 of cisplatin (Fig. 9H) and gemcitabine 
(Fig. 9I) was higher. The IC50 of gefitinib was higher in the 
high‑risk group (Fig. 9J), indicating that the risk score had 
high accuracy in predicting the sensitivity to antitumor drugs. 
Finally, it was explored whether the activation of immune 
checkpoint genes was consistent in the two groups. Consistent 
with our hypothesis, the activation of immune checkpoint 
genes in high‑risk populations was generally relatively high 
(Fig. 9K and L).

Functional enrichment analysis. In order to examine the 
mechanism that leads to significant differences between the 
two groups in a multi‑level analysis, Gene Ontology (GO) 
and KEGG analyses were performed on 89 DEGs (|log2 fold 
change|>2.0; P<0.05; Table SVI). According to GO analysis 
(Fig.  10A; Table  SVII), DEGs were mainly enriched in 
tissue‑related BPs. In terms of molecular functions, these 
DEGs were mainly concentrated in ‘extracellular matrix 
structural constituent’ and ‘glycosaminoglycan binding’. In 
addition, KEGG analysis showed that the DEGs were concen‑
trated in ‘extracellular structure organization’ (Fig. 10B and C; 
Table SVII). Subsequently, through GSEA of KEGG, it was 
revealed that the pathways enriched in the high‑risk (Fig. 10D; 
Table SVIII) and low‑risk (Fig. 10E; Table SVIII) groups 
were different. Finally, a lncRNA‑mRNA interaction network 
was constructed using Cytoscape software (Fig. 10F). The 
aforementioned results may provide some ideas regarding 
the mechanism of glycolysis‑related lncRNAs in grade II‑III 
glioma carcinogenesis.

CRNDE is highly expressed in SHG‑44 cells and regulates 
proliferation. Due to the extensive research on CRNDE, 
CRNDE was chosen for validation (39,40). The high CRNDE 
expression in grade II‑III glioma was verified using cell lines. 
The experiments revealed high CRNDE expression in SHG‑44 
cells compared with HA1800 cells (Fig. 11A). In addition, 
the effects of CRNDE on cell functions were investigated. 
The function of CRNDE in SHG‑44 cells was investigated 
via knockdown experiments and RT‑qPCR confirmed that 
CRNDE was knocked down in SHG‑44 cells (Fig.  11B). 
The results of the CCK‑8 assay indicated that CRNDE could 
increase cell viability, which was the same as the results of 
database analysis (Fig. 11C). The colony formation assay also 
indicated that knockdown of CRNDE significantly inhibited 
the proliferation of SHG‑44 cells (Fig. 11D and E). In addition, 
the potential regulatory role of CRNDE in glucose metabo‑
lism in grade II‑III glioma was investigated using the ECAR 
method. The results demonstrated that knockdown of CRNDE 
reduced the ECAR and glycolysis (Fig. 11F and G). The experi‑
ments further confirmed the results of previous analyses.

Discussion

Grade  II‑III glioma is rare among adult CNS tumors, but 
accounts for the highest proportion of childhood CNS 
neuromalignancies (41,42). Preserving isocitrate dehydroge‑
nase‑mutated cell lines has been difficult, limited by the high 

heterogeneity of low‑grade glioma, and thus, there has been 
little research on this tumor, early clinical diagnosis methods, 
prognosis prediction and precise treatment. However, with the 
deepening of research on other tumors, it has been found that 
lncRNAs are multifunctional tumor regulators. For example, 
LINC00473 overexpression inhibits microRNA (miR)‑502‑3p 
via the competing endogenous RNA mechanism, upregulates 
the expression of lysine methyltransferase 5A, promotes the 
expression of cyclin D1 and CDK2, and facilitates cell cycle 
progression (43,44). In addition, research on the metabolic 
processes of tumor cells has also gained increasing atten‑
tion. Among them, glucose metabolism, as a key process of 
biological energy metabolism, has been widely studied in 
the regulation of tumor progression (45,46). These frontier 
hotspots in tumor research were also the starting point of the 
present study.

The present study used univariate/multivariate Cox regres‑
sion analysis and LASSO regression analysis to identify seven 
lncRNAs (CRNDE, AC022034.1, RHOQ‑AS1, AL159169.2, 
AL133215.2, AC007098.1 and LINC02587). Among these 
lncRNAs, CRNDE has been extensively studied  (39,47). 
In previous studies, CRNDE has been considered to be an 
important oncogenic lncRNA and Han et al (48) pointed out 
in 2017 that this lncRNA could cross‑act with miR‑181a‑5p 
and ultimately regulate colon cancer cells through the Wnt 
signaling pathway proliferation and increase its drug resis‑
tance. A similar study by Zhang et al  (49) also indicated 
that CRNDE could mediate the resistance of gastric cancer 
cells to 5‑FU/oxaliplatin by altering the apoptosis process of 
gastric cancer cells by regulating alternative splicing events. 
Notably, CRNDE is a confirmed oncogenic lncRNA that is 
upregulated in gliomas and studies have also confirmed 
that knocking down the expression of this lncRNA can help 
improve the drug resistance of gliomas (50,51). Although the 
mechanism of this lncRNA in the process of glycolysis is still 
unclear, a number of studies have indicated that the process 
of glycolysis is directly related to the proliferation, migration 
and apoptosis of tumor cells, which is consistent with the role 
of CRNDE in other studies and which also confirms the way 
the lncRNA may function (52,53). The present study verified 
the levels of CRNDE not only using bioinformatics analysis 
but also using RT‑qPCR. The present study demonstrated that 
CRNDE could significantly increase SHG‑44 cell viability 
and proliferation. There are fewer studies on AC022034.1 and 
AC007098.1. Wang et al (54,55) used bioinformatics analysis 
to identify four key lncRNAs involved in the regulation of the 
TME in colon cancer and pointed out that the lncRNA was 
also involved in the immune process of this cancer. There 
are no corresponding research reports for the remaining four 
lncRNAs, which may be novel directions for future research. 
To the best of the authors' knowledge, the present study was 
the first to report that the HR of RHOQ‑AS1 suggested that 
the risk value of RHOQ‑AS1 was particularly high and further 
exploration needs to be continued to improve the related 
research in the future. A number of studies have shown that 
the abnormal glycolytic process of cells can cause changes in 
the composition and biological properties of the TME (56,57). 
Therefore, a similar exploration was also carried out in the 
present study. The degree of infiltration of various T cell 
subtypes increased significantly as the risk increased. A major 
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Figure 10. Functional enrichment analyses. (A) GO analysis based on DEGs between high‑ and low‑risk groups. (B and C) KEGG analysis based on DEGs 
between high‑ and low‑risk groups. (D and E) Gene Set Enrichment Analysis. (F) lncRNA‑mRNA co‑expression network generated using Cytoscape. Green 
nodes represent lncRNAs and red nodes represent mRNAs. GO, Gene Ontology; DEG, differentially expressed gene; KEGG, Kyoto Encyclopedia of Genes 
and Genomes; lncRNA, long non‑coding RNA;
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study by Peng et al (58) in 2016 revealed that glycolysis (the 
Warburg effect) promoted the maturation and activation of 
T cells (especially type 1 T helper cells) and in this activa‑
tion process, IFN‑γ (type II‑IFN) served a key role, which is 
consistent with the present results. A comprehensive study 
by D'Angelo et al (59) indicated that ~50% of patients with 
grade II‑III glioma exhibited enhanced T lymphocyte infiltra‑
tion. A study by Guo et al (60) revealed that CD8+ T cells 
activated and released chemokine ccl4 in grade II‑III glioma 
and produced a cascade effect that led to further release of 
chemokine ccl5 from microglia, which ultimately promoted 

the progression of grade II‑III glioma. Combined with the 
results of the present analysis, it can be inferred that the higher 
the degree of infiltration of the T cell population, the more 
improved the prognosis of the patients. External validation of 
model effectiveness is an important part of evaluating model 
generalization ability and practical application potential. The 
present study attempted to externally validate the model in 
three CGGA datasets (CGGA301, CGGA325 and CGGA693). 
Unfortunately, it was not possible to retrieve all the lncRNAs 
involved in the model in the above three data sets, so external 
verification could not be performed for at present. This may 

Figure 11. CRNDE and its functional effect on SHG‑44 cells. (A) RT‑qPCR was used to verify the high CRNDE expression in SHG‑44 cells. (B) Knockdown of 
CRNDE in SHG‑44 cells was demonstrated by RT‑qPCR. (C) Cell Counting Kit‑8 assay of SHG‑44 cells after the knockdown of CRNDE. (D and E) Viability 
was evaluated using colony formation assays in SHG‑44 cells. (F and G) ECAR values and calculated glycolytic capacity. Each assay was replicated three 
times. *P<0.05; **P<0.01; ***P<0.001; ****P<0.0001. RT‑qPCR, reverse transcription‑quantitative PCR; ECAR, extracellular acidification rate; NC, negative 
control; OD, optical density; si, small interfering RNA.
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be due to the large differences in the detection of lncRNA in 
different sequencing batches. This suggests that it is necessary 
to conduct a sufficient depth of lncRNA sequencing for patient 
samples during the clinical transformation of the model.

Functional enrichment analysis suggested that extracellular 
matrix‑related pathways were significantly altered in patients 
with grade II‑III glioma. The latest study by Tao et al  (61) 
indicated that matrix stiffness could increase the malignancy 
of glioma cells through the activation of the Wnt signaling 
pathway. The Wnt pathway and glycolysis are closely related 
in the progression of tumor cells. For example, Jiang et al (62) 
revealed that activating Toll‑like receptor 9 could simultaneously 
inhibit the activation and infiltration of macrophages in HCC 
brought about by the Wnt pathway and glycolysis. Similarly, 
Fan et al (63) found that autophagy could upregulate glycolysis 
in HCC cells through the Wnt pathway and deteriorate tumor 
cell invasion. Although the present study did not directly iden‑
tify the enrichment of the Wnt pathway, other studies (64,65) 
have suggested that the Wnt pathway affects tumor progression 
by regulating glucose metabolism and they may be tightly 
connected through the extracellular matrix together.

In conclusion, the present study used a large sample of 
human grade II‑III glioma in a database, and screened out seven 
key lncRNAs related to glycolysis to construct a good model 
that could accurately predict the prognosis of patients with 
grade II‑III glioma. Multiple aspects of grade II‑III glioma were 
further examined, including the biology and molecular mecha‑
nism of drug resistance. In addition, the aforementioned analyses 
were verified by cell function experiments, aiming to provide 
novel ideas for the clinical diagnosis of grade II‑III glioma.
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