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Abstract
Glioma is the most common malignant tumor in brain and it has abundant long non-coding RNAs
(lncRNAs), However, the speci�c role of lncRNAs and its mechanism in glioma remain unclear. LncRNA is
a valuable cancer biomarker and they have been reported to be involved in genomic instability. Moreover,
lncRNAs related to genomic instability has not been reported in glioma. In this study, we performed a
prognostic model constructed with genomic instability-associated lncRNAs and further validated it with
mutation correlation analysis, model comparison, independent prognostic value analysis, clinical
strati�cation, examination of the external data set and cell line validation. This model provides us with a
new kit for evaluating the prognosis of glioma.

Introduction
Genetic abnormality and mutation are crucial factors in cancer, resulting in the loss of balance in the
nucleotide chain of most human tumors1. Almost all tumor cells were associated with genomic
instability, for example, more than two-thirds of human tumors gained extra or lose whole chromosomes
during cell division as reported2. For instance, abnormal expression of CDK4, Ras downstream
prokaryotic gene, and BRAF gene could lead to gene instability3,4. As a marker of cancer evolution,
genomic instability (caused mainly by mutations in DNA repair gene) promoted cancer progression and
had been identi�ed as a key prognostic factor5,6,7. In addition, in contrast to different numbers of genetic
mutations, various cancer types exhibited different patterns of somatic cell mutation, indicating speci�c
carcinogenic mechanisms in tissues and cells8. Therefore, it is important to identify the potential
molecular characteristics associated with cancer genomic instability and explore their clinical
signi�cance.

Glioma, commonly known as glioma cerebri (GC), approximately accounts 81% of malignant primary
brain tumors9. Glioblastoma (GBM), the most malignant among them, with an average survival time of
just 16 months for patients10. GBM is characterized as uncontrolled cell proliferation, diffuse in�ltration,
necrosis, intense angiogenesis, strong resistance to apoptosis and rampant gene instability11. Although
glioma's etiology is still unclear, but exposure to high doses of ionizing radiation; and genetic mutations
associated with a high penetrance of rare syndromes had been identi�ed as two related risk factors in
glioma tumorigenesis. It showed that it was critical to identify biomarkers associated with genomic
instability to accurately evaluate the clinical prognosis of glioma patients. .

Long non-coding RNAs-a kind of RNA with over 200 nucleotides and incapable of coding proteins15.
Previous research has demonstrated that lncRNAs can play a role in various life events16,17 and their
abnormal expression could affect cell proliferation, tumor progression, or metastasis18. Ling et al.19

reported a novel lncRNA CCAT2 containing rs6983267 SNP had high overexpression in microsatellite-
stabilized colorectal cancer and could promote tumor growth metastasis, and cause chromosome
instability. It indicated that lncRNAs involved in the biological process of gene modi�cation contribute to
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genomic instability and tumor progression, but the study about the genomic instability lncRNAs was still
absent.

In this study, we identi�ed a set of lncRNAs associated with genomic instability, constracted a genomic
instability-related lncRNA signature (GIrLncSig) and validated its prognostic signi�cance in glioma
patients.The results showed that this signature had a great prediction role in glioma patients prognosis.

Materials And Methods
Data collection

We collected GBM and low-grade glioma (LGG) patients clinical characteristics, transcription group data
and somatic cell mutation data from cancer genome atlas database (https://portal.gdc.cancer.gov/).
These data were matched by samples’ name. Patients with no information about survival or less than 30
days duration were excluded to eliminate interference from non-cancer causes. We differentiated mRNA
and lncRNA using human genome pro�les, and 629 samples retaining paired lncRNA and mRNA
expression pro�les, survival information, somatic mutation information and common clinicopathological
features were obtained from HUGO Gene Nomenclature Committee (HGNC2) database
(https://www.genenames.org/) for further study. All glioma patients were randomly divided into two
groups, namedas training sets and test sets. A total of 316 patients in training sets were used to identify
the prognostic features of lncRNA and establish a risk model for the outcome. The test set included 313
patients was used to independently validate the performance of prognostic risk model.We downloaded
GSE43378 from Gene Expression Matrix data set (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi? acc 
= GSE43378) asexternal validation to test the model.

Technical route

The process of this study was displayed in Fig. 1. After collecting data, we analyzed data from somatic
cell mutations and transcription groups to obtain genomic instability-related lncRNAs (GIrlncRNAs). The
relationship between GIrlncRNAs and mRNA was analyzed by co-expression analysis. Next, we randomly
divided patient cohorts into training and testing sets. Furthermore, Cox regression and lasso regression
analysis of GIrlncRNAs were conducted to construct prognostic signature. The signature was evaluated
by mutation correlation analysis, model comparison, independent prognostic value analysis, clinical
strati�cation, examination of the external data set and cell line validation.

Identi�cation of GIrlncRNAs

To identify GIrlncRNAs, a method derived from Mutator Hypothesis was applied20. The patients with the
highest cumulative mutation count and the lowest 25% were assigned to genome unsteady-like (GU) and
genome steady-like (GS) groups. The average expression of lncRNAs between the two groups were
compared by Wilcoxon rank-sum test in limma package of R software. The cut-off thresholds were
intended to be |fold change|>2.0 and false discovery rate (FDR) < 0.05.
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Construction of GIrLncSig

The “survival” software package of R software was used to conduct univariate Cox regression analysis
on the training set to assess the relationship between the expression level of GIrlncRNAs and the overall
survival time of patients. The least absolute shrinkage and selection operator (LASSO) regression
algorithm was used to further screen candidate GIrlncRNAs to constructed the GIrlncRNAs prognostic
signature (GIrLncSig). The following formula based on a combination of the Cox coe�cient and gene
expression was used to calculate the signature risk score.

GIrLncSig was the prognostic risk score of glioma patients. Ei represented the expression level of lncRNAi
in patients and coe� represented the coe�cient of lncRNAi. The median GIrLncSig score was used as the
risk cut-off point to divide glioma patients into low-risk and high-risk groups. The survival curves of the
two groups were plotted by Kaplan-Meier method using "Survminer" and "Survival" package in R
language, and the log-rank sum test obtained p < 0.05 was considered signi�cant..

Real Time-PCR validation of cell lines

Cell lines U87, U251, LN229, U343 cell lines of human glioblastoma and immortalized cell line SVGp12
were used for cellular level validation of lncRNA in the model.

Cell line culture conditions

DMEM medium with 10% fetal bovine serum, 100 U/ml penicillin and 100 U/ml streptomycin, placed at
37 ℃ in a 5% CO2 incubator.

The collected cells were added with appropriate amount of 1 ml of Trizol (Invitrogen, Waltham,
Massachusetts) to extract total cellular RNA, and the absorbance value of RNA at 260nm was measured
using a Nanodrop 2000 UV spectrophotometer. 1ug of RNA was taken according to the concentration to
synthesize cDNA by reverse transcription (New England Biolabs, Ipswich, MA), and SYBR Green (Applied
Biosystems, Foster City, CA) method and CFX96 real-time PCR system (Bio-Rad, Hercules, California) were
used for real-time polymerase chain reaction (RT-PCR), and Actin was used as an internal control.
Ampli�cation was set at 95°C/120 s followed by 39 cycles of 95°C/5 s and 60°C/30 s. The relative
expression of RNA was calculated by the 2−ΔΔCt method. Primers were generated by Sangon
Biotechnology (Shanghai,China). primers for lncRNA in GIrLncSig were as follows (Table 1).
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Table 1
qPCR primers designed to amplify mRNA of lncRNAs in GIrlncSig as risk factor.

LncRNA Forward Reverse

LINC01579 5'-TCCCAGTGAAGAGAGAGCGA-3' 5'-CTAAGTTCCACGTCACGGCT-3'

LINC01116 5'-GAATGGCAAAGCACTTGGGG-3' 5'-AGCTCTCCTTGCAGGTAGGT-3'

MIR155HG 5'-AGGGGTTTTTGCCTCCAACT-3' 5'-TCTTTGTCATCCTCCCACGG-3'

CYTOR 5'-TTCCAACCTCCGTCTGCATC-3' 5'-AATGGGAAACCGACCAGACC-3'

H19 5'-GACATCTGGAGTCTGGCAGG-3' 5'-CTGCCACGTCCTGTAACCAA-3'

SNHG18 5'-TGCACTTTGCCACTGCTACA-3' 5'-GGGGAATGTGGTTCTCCCTT-3'

FOXD3.AS1 5'-AAGAGTAAGAGCAGCGCACC-3' 5'-ACCTGAGTGGTTTGGTTGGG-3'

CRNDE 5'-ATTCAGCCGTTGGTCTTTGA-3' 5'-CTTCTGCGTGACAACTGAGGA-3'

Result

Identi�ed genomic instability-related lncRNAs (GIrlncRNAs)
in glioma samples
To identify genomic instability related lncRNAs, we sorted glioma patients with the number of somatic
mutation sitesde�ned the top 25% (n = 227) as the genome unsteady (GU) group and the last 25% (n = 
110) as the genome steady (GS) group. Next, we compared the expression pro�les of lncRNAs in these
two groups to identify lncRNAs that were signi�cantly different. After screening, we identi�ed 91
differentially expressed lncRNAs (Supplement Table 1), we chose the top fortieth signi�cantly different
lncRNAs between GS and GU groups for heatmap plotting (Fig. 2A). These 91 differentially expressed
lncRNAs were signi�cantly associated with genomic instability thus these lncRNAs were de�ned as
genomic instability-related lncRNAs (GIrlncRNAs). Consensus cluster analysis was then performed on
896 samples from the cancer genome atlas (TCGA) collection (including GBM 390 and LGG 506), and all
samples were divided into two groups based on these differential expression of GIrlncRNAs and the
median number of accumulated somatic mutations (Fig. 2B). The group with higher number of
accumulated somatic mutations was de�ned as GU-like group and the group with lower number of
accumulated somatic mutations was de�ned as GS-like group. The two clustered groups had
signi�cantly different somatic mutation patterns (Fig. 2C). Considering lncRNAs cannot perform direct
biological functions but can regulate mRNAs we analyzed the expression correlation between lncRNAs
and their target mRNAs, selected the top ninestrongly correlated mRNAs as target genes,constructed a co-
expression network and shown it in Fig. 2D.

Construction of GIrlncRNAs signature in Training set.
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629 glioma patients from TCGA project were randomly divided into training dataset (n = 316) and test
dataset (n = 313). The clinicopathological characteristics of these patients were shown in Table 2. A total
of 80 prognosticrelated lncRNAs were identi�ed based on univariate Cox proportional risk regression in
the training set (Supplement Table 2, Supplement Fig. 2). Given that lncRNAs have distinct biological
functions and that many lncRNAs interact with each other, and that there are numerous data and
inaccurate model construction, Lasso regression analysis and stepwise multifactor Cox proportional risk
regression analysis were performed and 17 lncRNAs were screened out as independent prognostic
factors to build the prognostic model (Fig. 3A-B, Table 3) A prediction model was �nally obtained:
genomic instability-related lncRNA signature (GIrLncSig) score = (0.0441217761138621×LINC01579)+
(-0.197814767909076×AL022344.1)+ (0.0387926268692573×AC025171.5)+
(0.000726291473736049×LINC01116)+(0.140438109893274×MIR155HG)+
(0.205877895933553×AC131097.3)+(-0.0369769918481854×LINC00906)+
(0.0588040388194378×CYTOR)+(-0.0336307964944069×AC015540.1)+
(-0.108512558356276×SLC25A21.AS1)+(0.00613294332460668×H19)+
(0.0819381463964954×AL133415.1)+(0.00495065493579931×SNHG18)+
(0.0180933234213193×FOXD3.AS1)+(-0.0263113038864061×LINC02593)+
(0.0103411968758757×AL354919.2)+(0.0460814562382004×CRNDE).A positive coe�cient for lncRNA
suggested that high expression was associated withlong survival timeas a protective factor in glioma. On
the contrary, a negative coe�cient for lncRNA mean it was a risk factor in glioma. The risk score of each
patient in the training set was obtained using GIrLncSig, and then these patients were divided into high-
risk and low-risk groups by the median risk score (0.0103411968758757)The survival analysis revealed
that low-risk group had signi�cantly better survival than high-risk group (Fig. 3C).The 5-year survival rate
was 4.43% in high -risk group and 14.56% in low-risk group. The ROC curve showed that the AUC was
0.934, 0.898, 0.904at 1 year, 3 years, 5 years (Fig. 3D). We sorted patients in training set by their risk score
and showed the different expression level of GIrlncRNAs in two groups (Fig. 3E). Patients with high-risk
scores exhibited increased expression of risk genes and decreased expression of protective genes,
whereas patients with low-risk scores exhibited the opposite. Also, we found a signi�cant difference in
somatic mutation patterns between patients in high-risk and low-risk groups, implying the model could
well re�ect the somatic mutation situation in glioma (Fig. 3F).
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Table 2
Clinicopathological features of glioma patients in each set.

Covariates Type Total (n = 629) Test (N = 313) Train (N = 316) Pvalue

Age <=65 547(86.96%) 276(88.18%) 271(85.76%) 0.4338

  > 65 82(13.04%) 37(11.82%) 45(14.24%)  

Gender Female 270(42.93%) 136(43.45%) 134(42.41%) 0.8538

  Male 359(57.07%) 177(56.55%) 182(57.59%)  

Tumor Grade G2 189(30.05%) 101(32.27%) 88(27.85%) 0.5808

  G3 176(27.98%) 88(28.12%) 88(27.85%)  

  G4 264(41.97%) 124(39.62%) 140(44.3%)  

Chi-squared test, P < 0.05 means signi�cantly different.
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Table 3
The 17 prognositic-related

GIrlncRNAsobtained by LASSO
analysis.

Gene Coef

LINC01579 0.044121776

AL022344.1 -0.197814768

AC025171.5 0.038792627

LINC01116 0.000726291

MIR155HG 0.14043811

AC131097.3 0.205877896

LINC00906 -0.036976992

CYTOR 0.058804039

AC015540.1 -0.033630796

SLC25A21.AS1 -0.108512558

H19 0.006132943

AL133415.1 0.081938146

SNHG18 0.004950655

FOXD3.AS1 0.018093323

LINC02593 -0.026311304

AL354919.2 0.010341197

CRNDE 0.046081456

Independent validation of GIrLncSig in the glioma cerebri data set of transcription data and external
validation in GEO data set.

To examine the performance of GIrLncSig, it was subsequently tested in an independent TCGA test set of
313 patients. When the test set used the same GIrLncSig and risk thresholds as the training set, 313
patients in the test set were divided into high-risk (n = 173) and low-risk groups (n = 140), with a
signi�cant difference in overall survival (Fig. 4A). The overall survival rate was signi�cantly lower in high-
risk group than in low-risk group, consistent with the results of the training group. The 5-year survival rate
was 7.51% in the high-risk group, lower than the 16.4% in the low-risk group (Fig. 4A). The ROC curve
analysis showed the AUC of GIrLncSig was 0.875 for 1 year and 0.773 for 3 years (Fig. 4B). The
expression levels of GIrLncSig, patient death distribution counts, and model lncRNA expression were
presented in Fig. 4C. A signi�cant difference was observed in the somatic mutation pattern between
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patients in high-risk and low-risk groups (Fig. 4D), and this result was similar in the training group. To
further validate the prognostic signi�cance of GIrLncSig, cross-platform was performed in other
independent datasets from different platforms.GSE43378, a dataset from the Gene Expression Matrix
data set, was downloaded to further analyse because of the large sample size and complete
clinicopathological features. Therefore, we investigated the relationship between glioma and genomic
instability in this independent dataset and found that four lncRNAs (Linc01116, CRNDE, Linc00906, and
SNHG18) in GIrLncSig were covered by GSE43378. The expression of Lnc01116 and CRNDE had positive
correlation with tumor grade (Fig. 4E-F), and the survivaltime was signi�cant difference between high and
low expression subgroup of Linc01116 and CRNDE. Figure 4G-H).These results were consistent with
those observed in the training set and the test set.

Evaluation Of Independent Prognostic Signi�cance Of
Girlncsig And Clinical Strati�cation Analysis
In TCGA dataset, the prognosis of GIrLncSig was analyzed by adjusting for clinical strati�cation,
including age(> 65 and ≤ 65), gender(male and female), tumor classi�cation(WHO grade ,  and )and
other clinical factors. In all clinical subgroups, the survival rate in low-risk group was higher than that in
high-risk group(Fig. 5). This demonstrated that GIrLncSig exhibited signi�cantly independent prognostic
prediction valueon the overall survival of glioma patients under different clinical strati�cation conditions.

GIrLncSig was associated with IDH1 mutation status and comparison between GIrLncSig prediction and
other lncRNAs model prediction.

Next, we observed the difference of IDH1 status in thecohort of glioma patients. IDH1 was a security
mutant in the nervous region as reported, so we evaluated the connection between GIrLncSig and
IDH1mutation status. We compared the differences between high-risk and low-risk groups on the training
setand test set, and the results revealed that the proportion of IDH1 mutation was signi�cantly higher in
low-risk group than in high-risk group ,no matter in all glioma cerebri (GC) patients (Fig. 6A) or in low-
grade glioma patients (Fig. 6C), implying that patients with IDH1 mutations were at lower risk. Following
that, we divided the patients in to four subgroups, IDH1 mutation/GS-like, IDH1 mutation/GU-like, IDH1
wild-type/GS-likeand IDH1 wild-type/GU-like to consider both the GIrLncSig and IDH mutation status. As
displayed in Figs. 6B and 6D, there were signi�cant difference in survival time among these four groups. It
suggested that IDH1 mutation status might be related to the genomic instability and combining them
together was better for predicting prognosis in glioma patiens.

We then compared the predictability between GIrLncSig and two recently reported lncRNA signatures for
survival prediction using the same TCGA glioma patients. Compared to 10-lncRNA prognostic signature
reported by PAN21 (PanlncSig) and 4-lncRNA prediction signature reported by Li22 (LilncSig), as displayed
in Fig. 6E, our GIrLncSig had an AUC value of 0.889 in 1-year OS, which was more effective than
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PanLncSig (AUC value = 0.852) and LilncSig (AUC value = 0.835) in predicting patient survival. In short,
the above results con�rmed the reliability and effectiveness of GIrLncSig in predicting GC patients.

Cellular Validation Of Girlncsig
To further validate the prognostic signi�cance of GIrLncSig in glioma, we veri�ed eight lncRNAs in
GIrLncSig in four glioblastoma cell lines (U87, U251, LN229, and U343) and one normal cell line
(SVGp12). The expression levels of these eight lncRNAs were signi�cantly higher in glioblastoma cell
lines than those in normal cells (Fig. 7A-H), further validating the prognostic signi�cance of GIrLncSig.

Discussion
Genomic instability is caused by chromosomal segregation errors during mitosis that result in aneuploidy
mutations of whole chromosomes in daughter cells or by DNA damage that causes chromosome
structure changes, resulting in gene translocations, deletions, inversions, and breaks23,24. Genomic
changes occur at different levels, from mutations in single or few nucleotides to the gain or loss of entire
chromosomes, which may trigger abnormal divisions, multinucleation, and tripolar mitosis25,26.
Maintaining genetic integrity is critical for cell viability and is accomplished through a complex repair
process. When the repair link is defective, genomic instability occurs, resulting in accumulating
chromosomal mutations that can cause cancer susceptibility27. Genomic instability plays a fundamental
and major role in cancer progression and recurrence, implying that the pattern and degree of genomic
instability have signi�cant diagnostic and prognostic implications28,29. It has been recently demonstrated
that lncRNA, a promising tumor biomarker with abnormal expression in tumors associated with disease
progression, may serve as a prognostic marker for patients30,31,32. Furthermore, recent advances in
understanding the functional mechanisms underlying lncRNAs have recognized that lncRNAs are
essential for genomic stability33,34.

Glioma is the most common primary intracranial tumor, and no studies examining lncRNA signature of
glioma genomic instability have been published. This study identi�ed a group of GIrlncRNAs in GC and
determined their signi�cance in predicting patient survival. We identi�ed 91 GIrlncRNAs and compared
their expression levels in different mutation counts. Systematic clustering analysis and subsequent
differential analysis of mutation counts con�rmed the association of these lncRNAs with genomic
instability. Based on co-expression with 91 GIrlncRNAs, we further investigated whether GIrlncRNAs could
predict glioma patients clinical outcomes by constructing a GIrLncSig consisting of 17 GIrlncRNAs
(LINC01579, AL022344.1, AC025171.5. LINC01116, MIR155HG, AC131097.3, CYTOR, AC015540.1,
SLC25A21.AS1, H19, AL133415.1, SNHG18, FOXD3.AS1, LINC02593, AL354919.2, and CRNDE).
GIrLncSig classi�ed patients into two risk groups with a signi�cant difference in survival on the Training
set, which was validated on the independent Test set. In addition, similar results were found in the
external GEO dataset GSE43378. According to these validation results across multiple datasets and
technology platforms, GIrLncSig can be an indicator of genomic instability in cancer patients. In addition,
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we validated 11 GIrlncRNAs expression level which had known sequences in four glioma cell lines, and
the results revealed signi�cant differences in the expression level of eight lncRNAs as risk factorsbetween
glioma cell lines and ordinary cells.

Although our study showed there were some links betweengenomic instability and prognosis in patients
with glioma, several limitations remain. We lack the validation of clinical samples of our GIrLncSig e to
ensure its accuracy and reproducibility. Therefore, further studies are necessary, and additionally its
mechanism of action in glioma development and progression remain to be further investigated.

Conclusion
In summary, our study constructed a risk prediction signal consisting of 17 lncRNAs associated with
genomic instability. It can not only predict the prognostic of glioma patients and reveal the genomic
instability, but also has great signi�cance for the clinical hierarchical management and individualized
treatment of glioma patients. And it might be an important tool to further investigate the role of lncRNAs
in genomic instability.
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Figures

Figure 1

Technology road map of the research.
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Figure 2

Selection of lncRNAs associated with genomic instability in GC patients and demonstration of their target
genes. (A) Heat map of the expression of 40 of the most signi�cantly different (20 each of up- and down-
regulated expression) lncRNAs in GU and GS groups. (B) Unsupervised clustering of 896 GC patients
based on 91 GIrlncRNAs expression patterns. The red cluster on the left is a GS-like cluster, and the blue
one on the right is a GU-like cluster. (C) Comparative box plots of cumulative mutation counts in somatic
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cells. The number of mutations in GU-like group was signi�cantly higher than that in the GS-like group
(P<0.001, Mann-Whitney U test). (D) Co-expression network of lncRNAs and mRNAs associated with
genomic instability based on Pearson correlation coe�cients. Red circles represent lncRNAs, and blue
circles represent mRNAs.

Figure 3
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LASSO analysis and to evaluate and validate the predictive performance of genomic instability-related
lncRNA signature (GIrLncSig) on the overall survival of GC patients in the training set. (A) Distribution of
lasso coe�cients is plotted. When Log Lambda equals -2.7, 17 variables are retained.(B) Distribution of
partial likelihood deviation of lasso coe�cients. Seventeen variables were retained when bias likelihood
deviation was minimized (Log Lambda = -2.7). (C) Kaplan-Meier survival curves for patients in high-risk
and low-risk groups classi�ed by GIrLncSig score in the training set. Patients in the low-risk group had
prolonged survival compared with the high-risk group (log-rank test, P<0.05). (D) ROC curves of GIrLncSig
for predicting 1-year, 3-year, and 5-year survival in the training set. (E) A set of risk maps, including risk
score maps, survival distribution maps, and lncRNAs expression heatmaps, were used for the training set.
As GIrLncSig score increased, the expression of lncRNAs and patient death rate also changed.(F) Box
plots comparing somatic mutation counts between high and low-risk groups in the training set(Mann-
Whitney U test, P<0.01).
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Figure 4

Performance evaluation of GIrLncSig in TCGA set and testing set of GC patients and GEO dataset was
subjected to external validation. Kaplan-Meier survival curves for patients in high-risk and low-risk groups
classi�ed by GIrLncSig score in the testing set (A) . Patients in the low-risk group had prolonged survival
compared with the high-risk group (log-rank test, P<0.05). ROC curves of GIrLncSig predicting 1-year and
3-year survival in the testing set (B). Regarding risk score plots, survival distribution plots, and lncRNAs
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expression heatmaps for the testing set (C) , the expression of lncRNAs and patient mortality changed
with increasing GIrLncSig scores. The box plot compares the number of somatic mutations in high-risk
and low-risk groups in the testing set (D). (Mann-Whitney U test, P<0.01).LINC01116 expression in high-
grade and low-grade gliomas in GEO dataset (E) and expression of CRNDE (F). Survival analysis was
performed according to grouping of high expression of LINC01116 (G) and CRNDE (H), and there was a
difference in survival between the two groups (log-rank test, P = 0.012, P < 0.001).

Figure 5

Patients in high-risk and low-risk groups of GC were clinically strati�ed by age, gender, and tumor grade
for survival differences. Kaplan-Meier survival curves of patients in high-risk and low-risk groups were
analyzed for seven clinically strati�ed subgroups, including tumor grade II (A), tumor grade III (B), tumor
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grade IV (C), female (D), male (E), high-risk group (F), and low-risk group (G). In all clinically strati�ed
subgroups, patients in low-risk group had better survival outcomes than those in high-risk group (log-
ranch test, P<0.001).

Figure 6
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Correlation analysis of GInLncSig and IDH1 mutation status. Box plots of the proportion of IDH1
mutations in all glioma patients (A) and patients with low-grade gliomas (C) in high-risk and low-risk
groups (Chi-square test, P<0.05). Kaplan-Meier survival curves for IDH1 mutation and GIrLncRNAs
grouping of all glioma patients (B) and low-grade glioma patients (D) revealed statistically signi�cant
differences in overall survival between the four groups (log-ranking test, P<0.001). (E) ROC curves for 1-
year survival prediction for GIrLncSig and two other existing signatures.
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Figure 7

RT-PCR validation of cell lines. (A-H) The expression of 8 risk factors lncRNAs in cellular validation
differed between tumor and normal cells (unpaired t-test, P<0.05).
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