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Abstract Recent studies have demonstrated the utility and
superiority of long non-coding RNAs (IncRNAs) as novel
biomarkers for cancer diagnosis, prognosis, and therapy. In
the present study, the prognostic value of IncRNAs in glio-
blastoma multiforme was systematically investigated by
performing a genome-wide analysis of IncRNA expression
profiles in 419 glioblastoma patients from The Cancer
Genome Atlas (TCGA) project. Using survival analysis and
Cox regression model, we identified a set of six IncRNAs
(AC005013.5, UBE2R2-AS1, ENTPDI-AS1, RP11-89C21.2,
ACO073115.6, and XLOC 004803) demonstrating an ability to
stratify patients into high- and low-risk groups with signifi-
cantly different survival (median 0.899 vs. 1.611 years,
p = 3.87¢-09, log-rank test) in the training cohort. The six-
IncRNA signature was successfully validated on independent
test cohort of 219 patients with glioblastoma, and it revealed
superior performance for risk stratification with respect to
existing IncRNA-related signatures. Multivariate Cox and
stratification analysis indicated that the six-IncRNA signature
was an independent prognostic factor after adjusting for other
clinical covariates. Further in silico functional analysis sug-
gested that the six-IncRNA signature may be involved in the

Meng Zhou and Zhaoyue Zhang contributed equally to this work.

Electronic supplementary material The online version of this article
(doi:10.1007/s12035-017-0572-9) contains supplementary material,
which is available to authorized users.

< Liang Cheng
liangcheng@hrbmu.edu.cn

>4 Jie Sun
suncarajie@hotmail.com

' College of Bioinformatics Science and Technology, Harbin Medical

University, Harbin 150081, People’s Republic of China

@ Springer

immune-related biological processes and pathways which are
very well known in the context of glioblastoma tumorigenesis.
The identified IncRNA signature had important clinical impli-
cation for improving outcome prediction and guiding the tai-
lored therapy for glioblastoma patients with further prospec-
tive validation.

Keywords Long non-coding RNAs - Glioblastoma
multiforme - Signature - Prognosis - Immune

Introduction

Glioblastoma multiforme is the most aggressive of brain tu-
mors and the most common glioma histology accounting for
more than 40% of all gliomas [1]. Once diagnosed, the max-
imal surgical resection followed by adjuvant radiotherapy
(RT) or chemotherapy is the standard treatment for glioblas-
toma patients [2, 3]. Despite traditional clinical risk factors
(including tumor size, location, age, Karnofsky performance
score (KPS), cytologic and histologic composition) are cur-
rently used to predict prognosis and guide treatment and man-
agement [4], but still received a poor prognosis with a more
than 90% S5-year mortality [5]. Recent advances in omics
study have greatly improved our understanding of the under-
lying molecular mechanisms of glioblastoma and revealed
extensive inter-individual molecular heterogeneity, highlight-
ing the clinical application of molecular biomarkers in diag-
nosis and prognosis to improve survival of glioblastoma
patients.

During the past several years, particular attention has been
paid recently to a newly discovered class of non-coding RNA
(ncRNA), termed long non-coding RNAs (IncRNAs) which
was defined arbitrarily as transcripts ranging in length from
200 nt to ~100 kilobases (kb) lacking protein-coding potential
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[6]. There is increasing evidence underscoring the importance
of IncRNAs as new and enigmatic players in the complex
genome regulatory network [7-11]. Recent transcriptomic
analyses have identified a large number of differentially
expressed IncRNAs in tumors compared to normal tissues or
in cancer subtypes [12, 13]. Some of dysregulated IncRNAs
have revealed oncogenic and tumor suppressive roles in can-
cer development, progression, and metastasis, such as
well-known HOTAIR [14], PVTI [15], H19 [16], and
MALATI [17] that are reported to act as oncogenes, while
MEG3 [18] and GAS5 [19] were reported to function as tumor
suppressors. Given the fundamental role and intrinsic advan-
tages of IncRNAs, they have been proposed to as promising
diagnostic and prognostic biomarkers in cancers [20-25]. It
has been observed that the perturbation of IncRNA expression
appears to be critically involved in central nervous system
pathologies including glioblastoma tumor, such as HOTAIR
[26], MALATI [27], and HIFI1A-AS2 [28]. Although there
have been a few attempts to identify IncRNA biomarkers for
prognosis prediction in glioblastoma [29], the clinical impli-
cation of IncRNA signature in glioblastoma patients has not
been investigated sizably.

In this study, we performed a genome-wide analysis of
IncRNA expression profiles in 419 glioblastoma patients from
The Cancer Genome Atlas (TCGA) project to systematically
investigate the prognostic value of IncRNAs. By using surviv-
al analysis and Cox regression model, we identified a biolog-
ically relevant six-IncRNA signature with the ability to predict

the prognosis of patients with glioblastoma in the training
cohort and validated its prognostic value in the testing cohort.
More importantly, this six-IncRNA signature not only was an
independent prognostic factor but also disclosed a better pre-
dictive performance than existing IncRNA-related signatures
in predicting survival of patients with glioblastoma.

Material and Methods
Patient Data Sets

Clinical information of patients with glioblastoma was taken
from The Cancer Genome Atlas (TCGA) project (https://
cancergenome.nih.gov/) and molecular features and subtype
information of patients with glioblastoma were derived from
Ceccarelli’s study [30]. A total of 419 TCGA glioblastoma
patients with IncRNA expression profiles and clinical
follow-up information were utilized in our study. TCGA glio-
blastoma patients were partitioned into a training cohort for
identifying prognostic IncRNA signature and building prog-
nostic risk model, and a testing cohort for validating its prog-
nostic value. The training cohort consisted of TCGA batches
1-7 with a total of 200 patients, while the testing cohort
contained batch batches 8, 10, 16, 20, 26, and 38 with 219
patients. The detailed clinical features of all glioblastoma co-
horts were listed in Table 1.

Table 1  Clinical and molecular features of 419 TCGA glioblastoma patients
Variables Training cohort (n = 200) Testing cohort (n = 219) TCGA cohort (n = 419)
Clinical
Age, years, no (%) <50 69 (16.5) 54 (12.9) 123 (29.4)
>50 131 31.3) 165 (39.4) 296 (70.6)
Gender, no (%) Male 125 (29.8) 138 (32.9) 263 (26.7)
Female 75 (17.9) 81(19.3) 156 (37.2)
Vital status (%) Alive 11 (2.6) 64 (15.3) 75 (17.9)
Dead 189 (45.1) 155 (37.0) 344 (82.1)
KPS (%) <70 23 (11.5) 58 (26.5) 81 (19.3)
70-80 99 (49.5) 97 (44.3) 196 (46.8)
90 3 (1.5) 0 (0) 3(0.7)
100 31 (15.5) 20 (9.1) 51(12.2)
Unknown 44 (22) 44 (20.1) 88 (21.0)
Molecular
MGMT promoter (%) Methylated 23 (11.5) 95 (43.4) 118 (28.2)
Unmethylated 34 (17.0) 98 (44.7) 132 (31.5)
Unknown 143 (71.5) 26 (11.9) 169 (40.3)
IDH (%) Mutant 13 (6.5) 14 (6.4) 27 (6.4)
Wild type 123 (61.5) 159 (72.6) 282 (67.3)
Unknown 64 (32) 46 (21.0) 110 (26.3)
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Acquisition and Processing of IncRNA Expression Profiles
of Glioblastoma Patients

Genome-wide IncRNA and mRNA expression profiles of
glioblastoma patients were fetched by repurposing the probe
sets of the Affymetrix Human Exon 1.0 ST Array according to
Du’s study [29]. Briefly, the probe sets corresponding IncRNA
genes were achieved by re-mapping probe sets of Affymetrix
Human Exon 1.0 ST to protein-coding transcripts,
pseudogene, and IncRNAs. A total of 10,207 IncRNAs and
18,292 mRNAs with at least 4 probes uniquely mapped to
them were obtained. The raw expression level of IncRNAs
and mRNAs was calculated by summarizing the
background-corrected intensity of all corresponding probes.
Finally, the expression value of IncRNA was normalized using
the quantile-normalized method and an empirical Bayes meth-
od for removing the heterogeneity of different biological sam-
ples and different batches in systematic measurement.

Statistical Analysis

To discover the potential IncRNA gene factors affecting the
prognosis of glioblastoma patients, univariate Cox proportion-
al hazard regression analysis is applied to determine the asso-
ciation between IncRNA expression and overall survival in
the training cohort. The raw p values were adjusted by
Benjamini and Hochberg multiple comparison methods to
control the false discovery rate (FDR). If the corrected p value
was less than 0.05, the corresponding IncRNAs were statisti-
cally significant and considered as the candidate prognostic
IncRNAs of glioblastoma. Multivariate Cox proportional haz-
ards regression was carried out among the pool of candidate
prognostic IncRNAs, and IncRNAs with corresponding p-
values less than 0.1 were identified as optimal prognostic
IncRNAs impacting the survival of glioblastoma patients.
An individual’s risk score model for each patient was built
for predicting prognosis of glioblastoma patients by including
expression level of each optimal prognostic IncRNA, weight-
ed by their estimated regression coefficients of multivariate
Cox regression model as follows:

Risk Score(patient) = Y coefficient(IncRNA;) x expression(IncRNA;)

Here, IncRNA; is the identifier of the ith selected IncRNAs.
The risk score model was a measure of prognostic risk for
cach glioblastoma patient. Using the median risk score of
the training cohort as the cutoff, patients with glioblastoma
could be sorted into two groups, a high-risk group and a
low-risk group. A high-risk score indicates poor survival for
glioblastoma patients.

On each cohort, we validated the reliability and validity of
the risk score formula. Kaplan-Meier analysis was utilized to
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compare the survival rate of the different patient groups. The
survival difference between the low-risk and high-risk group
was assessed by the log-rank test. Time-dependent ROC anal-
ysis for overall survival was used to display the performance
of IncRNA risk model. Univariate and multivariate analyses
with Cox proportional hazards regression for overall survival
were performed on the individual clinical risk factors with and
without the six-IncRNA signature in each cohort. Hazard ra-
tios (HR) and 95% confidence intervals (CI) were estimated.
All analyses were conducted using the R/Bio-Conductor.

Functional Enrichment Analysis

To identify co-expressed IncRNA-mRNA pairs, Pearson cor-
relation coefficients were computed using the paired IncRNA
and mRNA expression profiles. In order to investigate the
biological roles of the six-IncRNA signature in glioblastoma,
functional enrichment analysis of co-expressed protein-
coding genes (PCGs) with prognostic IncRNAs were
conducted for gene ontology (GO) and Kyoto encyclopedia
of genes and genomes (KEGG) pathway using DAVID
Bioinformatics Resources (version 6.8) [31, 32]. Significant
functional categories were identified limited to GO terms in
the “Biological Process” (GOTERM-BP-FAT) and KEGG
pathway categories using functional annotation chart options
with the human whole genome as background when adjusted
p value by Benjamini <0.1 and enrichment score >1.5.
Significant GO terms with similar function were visualized
as interaction networks using the Enrichment Map plugin in
Cytoscape [33].

Results

Identification of the Prognostic IncRNA Genes
from the Training Cohort

The 419 glioblastoma patients from the TCGA project were
assigned to the training sample cohort (n = 200, batch 1 to
batch 7) and the testing sample cohort (n = 219, batch 8, 10,
16, 20, 26, and batch 38) by the batch. To single out the
prognostic IncRNAs, expression data of each IncRNA were
subjected to univariate Cox proportional hazards regression
analysis in the training cohort. A total of 11 IncRNAs were
found to be significantly associated with the glioblastoma pa-
tients” overall survival (adjusted p value < 0.05) and were
entered into the candidate pool for further selection. To deter-
mine the optimal prognostic IncRNAs, we adopted multivar-
iate Cox proportional hazards regression among the pool of
candidate prognostic IncRNAs to evaluate their independent
prognostic values. Based on the Cox model, 6 of 11 candidate
IncRNAs were found to retain their prognostic significance
and thus were selected as independent remarkable prognostic
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factors (Table 2). Among six prognostic IncRNAs, four
IncRNAs (AC005013.5, UBE2R2-AS1, ENTPDI-AS1, and
RP11-89C21.2) with negative coefficient of univariate regres-
sion analysis may be protective factors owing to the close
association between their high expression and longer patients’
survival, whereas the remaining two IncRNAs (AC073115.6
and XLOC 004803) tended to be prognostic risky factors and
their high expression were associated with shorter survival.

The Six-IncRNA Prognostic Risk Model and Predictability
Assessment in the Training Cohort

Given the significant and independent correlation between ex-
pression of six prognostic IncRNAs and overall survival, six
prognostic IncRNAs was combined to form a six-IncRNA sig-
nature to predict patient’s outcome. To predict patient’s prognosis
using IncRNA expression, an individual’s risk score model was
developed using the regression coefficients of multivariate Cox
regression model to weight the expression level of each
IncRNA in the six-IncRNA signature as follows: risk
score = (—0.5923 x expression value of AC005013.5) +
(0.3662 x expression value of AC073115.6) + (—0.3275 x expres-
sion value of UBE2R2-ASI) + (0.2891 X expression value of
ENTPDI-ASI) + (-0.3909 x expression value of
RPI11-89C21.2) + (0.2657 x expression value of
XLOC 004803). Especially, the coefficients in the risk score
model represented the relative contributions of six IncRNAs in
the multiple Cox analysis. According to the risk score model, the
six-IncRNA prognostic risk score was computed for each patient
in the training cohort. All patients of training cohort were classi-
fied into a high-risk group (n = 100) and a low-risk group
(n = 100) according to the median risk score. Overall survival
was significantly different between the predicted two risk groups
(p =3.87e—09, log-rank test) (Fig. 1a). The median survival time
of the high-risk group and the low-risk group was 0.899 and
1.611 years, respectively. In addition, the 3- and 5-year survival
rates of the high-risk group were 5.13 and 1.03%, respectively,
whereas the corresponding rates in the low-risk group were 23.6
and 14.4%. In the univariate Cox regression model of overall
survival, as compared with the low-risk group, the high-risk
group reveal a 2.44-fold increased risk of death (95% CI1.799-
3.308, p = 9.52e—09) (Table 3).

Figure 1b showed the predictive performance of
six-IncRNA prognostic risk model measured using
time-dependent receiver operating characteristic (ROC)
curves for 5-year survival. The area under the ROC (AUC)
for the six-IncRNA prognostic model was 0.902 at 5 years of
overall survival (Fig. 1b). We ranked the risk scores of patients
in the training cohort and analyzed their distribution in Fig. 1c.
The survival status of glioblastoma patients in the training
cohort was marked on the dot plot (Fig. Ic). The heatmap
revealed expression patterns of prognostic IncRNAs between
two different prognostic patient groups. For patients with
low-risk scores, the expression of four protective IncRNAs
was up-regulated and the two risky IncRNAs were expressed
at a low level. On the contrary, expression of prognostic
IncRNAs displayed the opposite patterns among the patients
with high-risk scores.

Analytic Validation of the Six-IncRNA Prognostic Risk
Model

To test the robustness of the six-IncRNA signature, the prog-
nostic value of the six-IncRNA signature was further validated
using the testing cohort and entire TCGA patient cohort. With
the six-IncRNA signature, the prognostic risk score was cal-
culated for patients in the testing cohort based on the expres-
sion value of six prognostic IncRNAs. Each patient in the
testing cohort was marked as a high-risk case or a low-risk
case by comparing this patient’s risk score with the cutoff
derived from the training cohort. There were 110 high-risk
patients and 109 low-risk patients among the testing cohort.
As shown in Fig. 2a, Kaplan-Meier survival curves based on
the six-IncRNA signature were significantly different in the
predicted two risk groups (p = 1.87e—02, log-rank test), and
the median survival time of patients in the high-risk group and
the low-risk group were 1.17 and 1.28 years, respectively
(Fig. 2a). Similarly, the survival rate for low-risk patients
was higher than that of the high-risk group throughout the
follow-up time. The survivals at 3 years in the high-risk and
low-risk group were 5.54 and 13.49%. The survival rate of
high-risk group was zero at 5 years, and that of the low-risk
group was 6.99%. In univariate analysis, the hazard ratios of
high-risk group versus low-risk group for overall survival

Table 2  Six IncRNAs selected as prognosis-associated factors in glioblastoma

Gene symbol Chromosome p value Hazard ratio Coefficient Adjust p value
AC073115.6 Chr7: 45,969,657-45,980,191 6.16E-07 1.717 0.540 0.006
AC005013.5 Chr7: 28,957,667-28,959,345 2.55E-06 0.422 —0.862 0.009
RP11-89C21.2 Chr10 11,605,186-11,615,495 5.82E-06 0.534 —0.627 0.015
UBE2R2-AS1 Chr9: 33,785,950-33,818,795 9.41E-06 0.629 —0.464 0.016
ENTPD1-AS1 Chr10: 95,753,206-96,090,238 3.47E-05 0.534 —0.627 0.035
XLOC_004803 Chr5:42,985,140-42,993,563 4.27E-05 1.469 0.384 0.040
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Fig. 1 Identification of a six-IncRNA signature significantly associated

with survival of patients with glioblastoma. a Kaplan-Meier curve
analysis of overall survival of glioblastoma patients in high- and low-

were 1.467 (95% CI 1.063-2.025, p = 1.96e—02) (Table 3).
ROC analyses at 5 years for overall survival of testing patients
were performed based on our six-IncRNA prognostic risk
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UBE2R2-AS1
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Risk score

P

low risk

increasing: LncRS high risk

° : eAlive
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risk groups. b Time-dependent ROC curves analysis. ¢ Risk score
distribution, survival status, and IncRNA expression patterns for patients
in high- and low-risk groups by the six-IncRNA signature

model. In the testing cohort, AUC for the six-IncRNA signa-
ture was 0.842. The distribution of risk score, survival status,
and expression of six prognostic IncRNAs in testing samples

Table 3  Univariate and multivariate Cox regression analysis of overall survival in each cohort

Variables Univariate analysis Multivariate analysis
HR 95% CI of HR p value HR 95% CI of HR p value
TCGA training cohort (n = 200)
Six-IncRNA risk model (high/low) 2.440 1.799-3.308 9.52e-09 2.497 1.742-3.581 6.40e—07
Age(>50/<50) 2331 1.696-3.205 1.88¢—07 1.596 1.090-2.337 0.016
Gender (male/female) 0.889 0.662-1.195 0.437 1.063 0.747-1.514 0.733
KPS 0.972 0.958-0.986 1.25¢-04 0.980 0.964-0.995 0.009
TCGA testing cohort (n = 219)
Six-IncRNA risk model (high/low) 1.467 1.063-2.025 0.0196 1.399 0.97-2.017 0.072
Age(>50/<50) 2.034 1.370-3.018 4.25¢-04 1.851 1.157-2.962 0.01
Gender (male/female) 1.538 1.093-2.165 0.014 1.628 1.096-2.417 0.016
KPS 0.975 0.962-0.987 4.97¢-05 0.975 0.963-0.988 8.86e—05
Entire TCGA cohort (n = 419)
Six-IncRNA risk model (high/low) 1.952 1.565-2.435 3.02e-09 1.898 1.472-2.4474 7.65¢—07
Age (>50/<50) 2.173 1.698-2.779 6.65¢-10 1.679 1.258-2.241 4.29¢-04
Gender (male/female) 1.125 0.902-1.403 0.295 1.32 1.018-1.711 0.037
KPS 0.974 0.965-0.983 1.04e—08 0.978 0.968-0.987 5.48¢-06
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were illustrated in Fig. 2c. Comparable to the training cohort,
expression of risky IncRNAs was lower in the low-risk group,
and protective IncRNAs were expressed at a higher level in
the low- risk group.

The performance of predicting prognosis for patients in the
entire TCGA cohort by the six-IncRNA signature was similar
to the above results (Fig. 3). Patients of the entire TCGA
cohort were divided into the high-risk group (n = 210) and
low-risk group (n = 209). The high-risk patients had shorter
median survival than low-risk patients (0.959 vs. 1.375 years,
p = 1.67e—09, log-rank test) (Fig. 3a). The survival rates at 3
and 5 years in high-risk group were lower than those in the
low-risk group (5.5 vs. 19.2% at 3 years, 0.68 vs. 11.09% at
5 years). Patients with high-risk signature had a nearly twofold
higher risk of death (95% CI 1.565-2.435, p = 3.02¢—09)
(Table 3). The same ROC analysis was undertaken for the
entire TCGA cohort and parallel results were observed as
above. The AUC of ROC analysis at 5 years for overall sur-
vival was 0.883 (Fig. 3b). The distribution of risk score, sur-
vival status, and IncRNA expression of glioblastoma patients
in the entire TCGA cohort were presented in Fig. 3¢, which

were similar to those observed in the training cohort and test-
ing cohort.

Independence of Prognostic Value of the Six-IncRNA
Signature from Other Clinical Variables and Molecular
Features

We assessed whether the prognostic value of the six-IncRNA
signature was independent of other clinical variables.
Multivariate Cox regression analysis was performed using
age, KPS score, gender, and our prognostic risk score model
as covariables. Results from multivariate Cox analysis re-
vealed that the six-IncRNA signature was significantly or mar-
ginally significantly associated with overall survival in each
cohort when adjusted for age, gender, and KPS score
(Table 3). However, we also observed that two clinical vari-
ables, age and gender, were also significant in the multivariate
analysis. Therefore, stratification analysis was performed to
determine the independence of the six-IncRNA signature ac-
cording to age and gender. According to the age, glioblastoma
patients could be stratified into a young patient group

Fig. 2 Independent validation of A ° B °

the six-IncRNA signature in the - =]

independent testing cohort. a

Kaplan-Meier curve analysis of 3 S
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(age < 50, n = 123) and an old patient group (age > 50,
n = 296). Using the six-IncRNA signature, patients of each
age group could be classified into either the high-risk or
low-risk group. For each age group, there was significantly
different overall survival between high-risk group and
low-risk group (log-rank test p = 5.08¢—04 for the young
patient group and log-rank test p = 1.54e—05 for the old patient
group) (Fig. 4a, b). Next, all glioblastoma patients were also
stratified by gender. The six-IncRNA signature could classify
263 male patients into high-risk group (n = 130) and low-risk
group (n = 133) with significantly different overall survival
(p =4.99¢—05, log-rank test) (Fig. 4c). Similarly, even among
156 female patients, the six-IncRNA signature could be used
to separate patients into the high-risk group (n = 80) and
low-risk group (76), and there was the statistically significant
difference in overall survival between the predicted two risk
group (p = 4.93¢—06, log-rank test) (Fig. 4d).

Furthermore, we investigated whether the predictive power
of the six-IncRNA signature was independent of IDH muta-
tion status and MGMT promoter methylation status using
multivariate Cox regression analysis. The result of
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multivariate Cox regression analysis suggested that the six-
IncRNA signature were statistically significantly associated
with survival (p = 0.0214) when adjusted for IDH mutation
status and MGMT promoter methylation status (Table 4), in-
dicating that the predictive ability of the six-IncRNA signature
is also independent of these two molecular features for the
survival of patients with glioblastoma. However, we also
found that IDH mutation status was statistically significantly
associated with survival (p = 0.0265) in the multivariate anal-
ysis. Therefore, the 419 glioblastoma patients used in this
study were divided into three groups: GCIMP/IDHmut pa-
tients (n = 27), GCIMP—/IDHwt patients (n = 282), and those
with unknown IDH mutation status (n = 110). Then we tested
whether the six-IncRNA signature could predict survival of
patients with GCIMP—/IDHwt. The patients with GCIMP
—/IDHwt were classified as high-risk (n = 151) or low-risk
(n = 131) according to their six-IncRNA signature (median
survival 0.992 vs. 1.315 years, p = 8.44e—06, log-rank test)
(Fig. 4e), indicating that the six-IncRNA signature was able to
identify a subgroup of GCIMP—/IDHwt patients who have
favorable survival.
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Finally, we compared expression level of IncRNAs in the
signature across five glioblastoma subtypes (classical, the
glioma-CpG island methylator phenotype (GCIMP), mesen-
chymal, neural, and proneural) and found no significant dif-
ference in the distribution of expression levels for all six

2 4 6 8 10
Time (years)

IncRNAs across five glioblastoma subtypes (Fig. 5), implying
that the six-IncRNA signature is not subtype-specific marker.
These results thus indicated that the six-IncRNA signature is
an independent prognostic factor related to overall survival for
patients with glioblastoma.

Table 4  Univariate and multivariate Cox regression analysis of the six-IncRNA signature and two molecular features

Variables Univariate analysis Multivariate analysis

HR 95% CI of HR p value HR 95% CI of HR p value
Six-IncRNA risk model 2.003 1.669-2.404 8.59¢-14 1.426 1.054-1.931 2.14e-02
IDH (wild type/mutation) 2.697 1.696-3.205 5.57e-05 1.997 1.084-3.678 2.65e-02
MGMT (unmethylated/methylated) 1.309 0.979-1.75 0.067 1.111 0.858-1.626 0.522
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Fig.5 Expression map of the six IncRNA signature across five glioblastoma subtypes. Kruskal-Wallis test was used to compare the expression levels for

each IncRNAs across five glioblastoma subtypes

Comparison of the Six-IncRNA Signature with Existing
IncRNA-Related Signatures

Recently, two IncRNA-related signatures were reported to
predict prognosis of glioblastoma patients [34, 35].
Therefore, we compared the prognostic value of our
six-IncRNA signature (hereinafter referred to as LncSig) to
that of different IncRNA sets for predicting prognosis of glio-
blastoma patients: the IncRNAs derived from Zhang’s study
[35] (hereinafter referred to as ZhangSig) and ceRNA signa-
ture derived from Cao’s study [34] (hereinafter referred to as
ceRSig). Utilizing the same TCGA patient cohort, the LncSig
and ZhangSig were successful and performed very well in
predicting survival (Fig. 6a), with the notable exception of
ceRSig which was not significant (p = 0.088, log-rank test)
(Fig. 6¢). Further comparison of Kaplan-Meier survival
curves showed that patients with high-risk scores predicted
by the LncSig had a worse prognosis than those with high-
risk scores predicted by ZhangSig and ceRSig, and patients
with low-risk scores predicted by the LncSig had a better
prognosis than those with low-risk scores predicted by
ZhangSig and ceRSig (Fig. 6b, d). We also performed time-
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dependent ROC analysis to compare the prognostic power
between the LncSig and other two existing IncRNA-related
signatures in the entire TCGA patient cohort. As shown in
Fig. 6e, the AUC at 5 years of overall survival for the
LncSig is 0.883, which was significantly higher than that of
ZhangSig (AUC = 0.724) and ceRSig (AUC = 0.764)
(Fig. 6e). These results demonstrated the better prognostic
power of the six-IncRNA signature in predicting survival than
two existing IncRNA-related signatures.

In silico Functional Analysis of the Six-IncRNA Signature

In order to gain new insights into the function of the
six-IncRNA signature, we performed in silico functional anal-
ysis to reveal potential biological roles of the six-IncRNA
signature in glioblastoma. For this purpose, we examined the
expression correlation between prognostic IncRNAs and
mRNAs by calculating the Pearson correlation coefficient
through paired IncRNA and mRNA expression profiles in
419 glioblastoma patients. A total of 931 protein-coding genes
(PCGs) were expressed as highly correlated with at least one
of IncRNAs contained in the six-IncRNA signature (Pearson
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correlation coefficient >0.5 and p < 0.01). We performed GO
and KEGG enrichment analysis to uncover specific functional
categories of 931 co-expressed PCGs. As a result, 931
co-expressed PCGs clustered most significantly in 21 GO
functional categories (Fig. 7a) and three KEGG pathways
(p values < 0.1 after Benjamini adjustment) (Fig. 7b,
Supplementary file 1). This analysis revealed an overrepresen-
tation of co-expressed PCGs with prognostic IncRNAs in-
volved in immune-related biological processes and pathways
such as immune response, leukocyte mediated immunity, B
cell mediated immunity, innate immune response, leukocyte
activation, Toll-like receptor signaling pathway, and
NOD-like receptor signaling pathway. Further analysis re-
vealed an enrichment of co-expressed PCGs with prognostic

[ |
0.2 0.4 0.6 0.8 1.0
1-Specificity

IncRNAs in neurological disease class from The Genetic
Association Database (Supplementary file 2). These results
suggested that the six-IncRNA signature might be an
immune-related signature and variation in expression of
prognostic IncRNAs might affect immune-related bio-
logical processes and pathways involved in glioblastoma
biology.

Discussion

Although aggressive and multimodal treatment (such as sur-
gery, radiotherapy, and Temozolomide-based chemotherapy)
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Fig. 7 In silico functional analysis of the six-IncRNA signature based on co-expressed protein-coding genes. a The functional enrichment map of
significantly enriched GO terms. b Significantly enriched KEGG pathways

has improved survival of glioblastoma patients, the treatment
outcome of glioblastoma patients remains unsatisfactory. The
prognosis and tumor response to therapy varied greatly be-
tween different individual patients with similar clinical risk
factors, as glioblastoma is a heterogeneous disease character-
ized by variant morphologic and molecular altered heteroge-
neous [36], leading to an urgent need to identify additional
molecular prognostic indicators beyond traditional clinical
risk factors for glioblastoma. In the past decade, several mo-
lecular markers focusing on mRNAs or miRNAs have been
proposed to predict the prognosis of glioblastoma patients.
More recently, the perturbation of IncRNA expression has
been widely observed in different cancer types, indicating
the fundamental role of IncRNAs in cancer biology [37, 38].
Increasing evidence have suggested that IncRNAs were
expressed in much more tissue- and cell type-specific manner
than PCGs and miRNAs [39, 37], and their expression level
has been shown to be more closely associated function com-
pared with PCGs as IncRNA do not encode proteins [29],
which implied that IncRNA expression may be a better indi-
cator of the tumor status compared to PCGs and miRNAs
[40]. It is well known that the perfect biomarkers need to be
stable and easily detected in biofluid/liquid biopsy which al-
lows noninvasive diagnosis. Therefore, some inherent nature
of IncRNAs, such as long transcripts (often unstable) and
multiple transcripts, made them as the best biomarkers in daily
practice but still faced challenges [37]. Recently,
tumor-specific IncRNAs that are protected from the RNases
present in body fluids have been detected in exosomes,
microvesicles, apoptotic bodies, and apoptotic microparticles
[41-44], highlighting clinical implication of IncRNAs as
fluid-based markers for the diagnostics and treatment of spe-
cific cancer. Given the significance and inherent advantages of
IncRNAs, the roles of IncRNAs in cancer diagnosis and
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prognosis are steadily increasing as being studied [45, 23,
25, 46, 22, 47, 48, 24, 49]. Therefore, there is an urgent need
to investigate the prognostic value of IncRNAs in glioblasto-
ma patients.

In this study, we examined the association between
IncRNA expression and prognosis in glioblastoma patients
by performing a genome-wide analysis for 10,207 IncRNAs
of 200 patients in the training cohort and identified 11
IncRNAs significantly associated with the glioblastoma pa-
tients’ overall survival. Using multivariate Cox and risk scor-
ing methods, we developed a six-IncRNA signature which
was able to classify glioblastoma patients into the high-risk
group and low-risk group with significantly different overall
survival. Because there is still possibilities of overtraining or
false positives for the development of six-IncRNA signature,
we further validated the prognostic value of the six-IncRNA
signature using an independent cohort of 219 glioblastoma
patients. Results with independent validation suggested that
the six-IncRNA signature has good reproducibility and robust-
ness in predicting prognosis for glioblastoma patients. The
current traditional clinical risk factors have limited success
in predicting survival of patients with glioblastoma because
of molecular heterogeneity. The results of multivariate analy-
sis showed that the six-IncRNA signature is independent of
traditional clinical risk factors and molecular features. When
the subgroup stratified analysis was conducted to test the in-
dependence of the signature, we found that the six-IncRNA
signature could clearly distinguish patients at high-risk from
those at low-risk within age and gender subgroups. Large-
scale genomic analyses have identified five subtypes (classi-
cal, GCIMP, mesenchymal, neural, and proneural) with differ-
ent biologic and clinical behaviors in glioblastoma [50].
Therefore, we also investigated the expression pattern of
IncRNAs in the signature in specific subtypes and found that
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there are no different expression patterns for all six prognostic
IncRNAs across five glioblastoma subtypes. These findings
suggested that the six-IncRNA signature may potentially en-
able clinicians to determine and select patients at high-risk
from those with identical clinical or molecular characteristics
for rationalizing treatment decisions.

More recently, the prognostic value of IncRNA-related sig-
nature has been reported in two studies. Cao et al. proposed
the IncRNA-based prognostic model for glioblastoma based
on the “ceRNA” theory [34]. Besides, in the study of Zhang
et al., a prognostic signature consisting of six IncRNAs was
constructed using their expressions [35]. Although these two
previously studies demonstrated the prognostic value of
IncRNAs, they assessed the expression of a relatively small
portion of currently known IncRNAs (393 IncRNAs in Cao’s
study and 470 IncRNAs in Zhang’s study). Furthermore, there
are no overlapping IncRNAs of our six-IncRNA signature
with the abovementioned IncRNA-related signatures which
could be explained by the molecular heterogeneity or meth-
odology used. The IncRNA-related signature in the study by
Cao et al. was identified using ceRNA network-derived
methods and involved in RNA processing and cell
cycle-related functions. Therefore, this approach was limited
to those IncRNAs with ceRNA activity. The report by Zhang
et al. identified a six-IncRNA signature only limited to
univariate analysis of 470 IncRNAs. Moreover, six IncRNAs
identified by Zhang et al. may be implicated in the pathogen-
esis of myocardial infarction, breast cell apoptosis, and
Prader-Willi syndrome [35]. Comparing our six-IncRNA sig-
nature with that of the abovementioned two IncRNA-related
signatures suggested that our six-IncRNA signature has better
prognostic power in predicting survival than two existing
IncRNA-related signatures when tested in the same TCGA
patient cohort. In order to gain insights into the putative func-
tional role of the six-IncRNA signature, we performed in silico
functional analysis by conducting IncRNA-PCG-correlated
analysis and enrichment analysis. Functional analysis showed
that PCGs identified in the correlated analysis are significantly
clustered in immune response, leukocyte-mediated immunity,
B cell-mediated immunity, innate immune response,
leukocyte activation, Toll-like receptor signaling pathway,
NOD-like receptor signaling pathway, and neurological dis-
ease class. This finding suggested that the six-IncRNA signa-
ture may contribute to glioblastoma tumorigenesis by
interacting with or regulating PCGs that are well known to
be involved in the immune-related biological processes and
pathways. Mounting evidence has supported a link between
the immune system and glioblastoma prognosis and therapy
[51, 52]. Moreover, some well-defined mRNA signatures in
glioblastoma are related to the immune system [53-55].
Although functional implication of the six-IncRNA signature
has been inferred by in silico functional analysis, the careful
functional characterization of IncRNAs should be delineated

using biological experimental analyses (such as RNA interfer-
ence or in vitro cell-based assays).

Conclusions

In summary, we identified an immune-related IncRNA signa-
ture comprising six IncRNAs (AC005013.5, UBE2R2-AS1,
ENTPDI-ASI, RP11-89C21.2, AC073115.6, and
XLOC 004803), which can be used as an independent prog-
nostic marker in stratifying risk subgroups in terms of surviv-
al for patients with glioblastoma. The six-IncRNA signature
was successfully validated on independent cohort, compris-
ing a total of 219 patients, and it had superior performance for
risk stratification compared to existing glioblastoma
IncRNA-related signatures. With further prospective valida-
tion, the six-IncRNA signature may improve outcome predic-
tion and guide the tailored therapy for patients with
glioblastoma.
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