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TF-lncRNA regulation network of glioblastoma reveals 
specific topological features and prognostic lncRNAs
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Abstract: Glioblastoma multiforme (GBM) is a highly malignant tumor of human brain with poor prognosis. In recent 
years, long non-coding RNAs (lncRNAs) have been reported to be associated with metastasis and prognosis in 
GBM samples. In the transcription level, the sequence-specific transcription factors (TFs) perform critical control in 
lncRNAs expression. An lncRNA can be regulated by different TFs, and such co-regulation among TFs and lncRNAs 
defines the TF-lncRNA network that underlie complex disease. In this study, we constructed a comprehensive GBM 
associated TF-lncRNA regulatory network (GTLN) by integrating the sequence specific TF-lncRNA binding information 
and high-throughput molecular profiles of 422 TCGA GBM patients. In the GTLN, we found that TFs and lncRNAs 
exhibited common and specific topological features indicating the complex regulatory relationship between TFs 
and lncRNAs. Some hot lncRNAs were found to be involved in critical pathways and important biological processes. 
Further, lncRNA OSER1-AS1 was found to be associated with GBM patients’ survival. The univariate and multivari-
ate Cox regression analysis indicated that OSER1-AS1 was an independent prognostic risk factor in GBM. Overall, 
our analyses could provide novel insight into lncRNA-associated regulatory mechanisms and serve as helpful refer-
ences for functional dissection of lncRNAs in GBM.
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Introduction

Glioblastoma multiforme (GBM) is a kind of 
highly malignant tumor in human brain. There 
are approximately 10,000 new GBM cases 
occur each year [1]. Despite the advances in 
treatment modalities, the prognosis of GBM is 
still poor [2]. With the development of clinical 
methodology, the histological diagnosis can 
provide helpful information for GBM treatment. 
However, it is insufficient for predicting survi- 
val outcomes [3]. Thus, there is an urgent need 
of suitable molecular biomarkers for diagnosis 
and prognosis of GBM patients.

In recent years, large amount of long non-cod-
ing RNAs (lncRNA), which are non-protein-cod-
ing transcripts longer than 200 bps, have been 
discovered in a wide range of biological func-
tions [4]. In addition, emerging evidence reveals 
that lncRNAs play complex and critical roles in 
tumor development and pathology [5]. For ex- 
ample, lncRNA HOTAIR has great expression 

level in metastatic breast cancer patients. The 
inhibition of HOTAIR expression can block the 
metastasis progression of breast cancer [6]. 
The lncRNA H19 was shown to promote cancer 
development and invasion of glioma [7]. In 
addition, the expression of an oncogenic lnc- 
RNA MALAT1 has been found to be associated 
with metastasis and prognosis in GBM sam-
ples. A recently discovered lncRNA, HULC, has 
been shown to play an important role in the 
development of liver cancer by acting as an 
endogenous competing lncRNA [8]. However, 
these findings have provided only a limit under-
standing of lncRNAs in GBM. The identification 
and characterization of GBM related lncRNAs 
still remain challenge.

The acquisition of genome wide scale analysis 
of complex diseases has demonstrated that  
the process of disease pathology and tumor 
progression like involve in the coordinate regu-
lation of molecular networks [9]. A previous 
study has constructed a GBM associated ce- 
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RNA network and identified prognostic lncRNA 
biomarkers [10]. In the transcription level, the 
sequence-specific transcription factors (TFs) 
perform critical control in gene expression, in- 
cluding lncRNAs. In particular, an lncRNA can 
be regulated by different TFs, and such co-reg-
ulation among TFs and lncRNAs defines the 
TF-lncRNA network that underlie complex dis-
ease [11]. The TF-lncRNA network could pro-
vide us a global view of all possible transcrip-
tional interactions and further to investigate 
the control properties of lncRNAs. Through an 
analysis of the transcriptional network in bra- 
in tumors, a previous work identified the tran-
scriptional module that controls the expression 
of the mesenchymal signature [12]. By con-
structing of TF-TF synergistic network in the 
progression of glioma, a previous study reve- 
aled the dynamic rewiring behavior of some TF 
motifs across glioma progression [13]. These 
results indicate that constructing and analyzing 
of the GBM-associated TF-lncRNA regulatory 
network could be necessary to understand the 
lncRNA functions in GBM progression.

In this work, we used a multi-step pipeline to 
construct a GBM associated TF-lncRNA regu- 
latory network (GTLN). The sequence specific 

TF-lncRNA binding information and high-throu- 
ghput molecular profiles of 422 GBM patients 
were integrated into the GTLN construction 
pipeline. Based on the systematic network an- 
alysis, we found that TFs and lncRNAs exhibit- 
ed specific topological features in the GTLN. 
Some GBM-associated lncRNAs, such as MA- 
LAT1 and NEAT1, were found to be regulated  
by more TFs in the network, indicating the 
extensive control of TFs on disease lncRNAs. 
Based on functional analysis of hub and bot- 
tleneck lncRNAs nodes of GTLN, we found that 
these lncRNA were involved in critical path- 
ways and important biological processes, and 
some of these lncRNAs were significantly asso-
ciated with survival status of GBM. By building 
a risk model integrating of lncRNA expression 
and Cox regression coefficient, we found that 
lncRNA OSER1-AS1 could divide GBM patients 
into different risk groups. The univariate and 
multivariate Cox regression analysis indicated 
that OSER1-AS1 was an independent prognos-
tic risk factor of GBM patients’ survival in com-
parison with known clinical and pathological 
risk factors. Overall, these systematic analyses 
provided novel insight into lncRNA-associated 
regulatory mechanisms at transcriptional level. 
Both the method and predictions that were 

Table 1. Clinicopathologic properties of TCGA GBM patients (n=422)

Characteristics
Number of patients

P
All patients n=422 Training set n=211 Test set n=211

Sex 1a

    Male 262 131 131
    Female 160 80 80
Age 0.16b

    Mean ± SD 56.96±14.73 55.94±15.08 57.98±14.34
    Range 10-89 10-89 14-88
Histological type 1a

    Treated primary GBM 17 8 9
    Untreated primary GBM 405 203 202
History neoadjuvant treatment 1a

    Yes 20 10 10
    No 402 201 201
Survival (month) 0.76b

    Mean ± SD 18.24±19.30 17.95±17.18 18.53±21.25
    Range 0.10-129.37 0.10-96.10 0.13-129.37
State 0.10a

    Living 52 32 20
    Death 370 179 191
aP-values were determined using Chi-square test. bP-values were determined using Student’s t-test.
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generated in this study could serve as helpful 
references for future experimental and func-
tional dissection of lncRNAs in GBM.

Materials and methods

RNA expression profiles of GBM patients

The genome-wide RNA expression levels were 
derived from a previous study [14], which re- 
purposed available array-based data. General- 
ly, the exon array data were collected from the 
TCGA data portal [1]. The expression values 
were calculated by summarizing the back-
ground-corrected intensity of all of the probes 
annotated to this gene [1]. Quantile normali- 
zation was performed on the expression of 
lncRNAs/mRNAs across patients. A combat 
method was used to remove potential batch 
effects [15]. Finally, the expression of 25496 
transcripts was identified and log2 transformed 
in our analysis.

Clinical properties of patients

The clinical and pathological data pertaining  
to the GBM patients were derived from the 
TCGA data portal. In total, 422 TCGA GBM pa- 
tients with clinical follow-up information were 
used. The details of the information from all  
of the GBM patients, the training set and the 
validating set are summarized in Table 1.

Co-expression analysis

To identify functional TF-lncRNA pairs, we used 
Pearson correlation coefficients to evaluate the 
co-expression relationship based on the ex- 
pression level between each potential TF- 
lncRNA pairs as follows: 

cov ( )X,Y
X,Y

X Y

=t
v v

,                                             (1)

cov(X, Y) is the covariance of variables X and Y.  
σX and σY are the standard deviations for X and 
Y, respectively. The threshold was set to an 
FDR<0.01.

Construction of the risk score model

To evaluate the risk factors that predict the sur-
vival of the GBM patients, the patients were 
randomly assigned to a training data set or a 
validating data set (Table 1). The two subsets 

were required to have the same size and have 
no significant difference in clinical factors (Chi-
square test or Student’s t-test, P>0.05). Uni- 
variate Cox regression analysis was used to 
evaluate the association between survival and 
the expression level of each candidate. After 
the univariate Cox regression analysis, a risk 
score formula was constructed by integrating 
both the strength and positive/negative asso-
ciation between each candidate and survival. 
The risk score for each patient was calculated 
according to the linear combination of the 
expression values weighted by the regression 
coefficient from the univariate Cox regression 
analysis:

( )Exp iRiskScore r i
i 1

n
=

=

/
,                         (2)

in which ri is the Cox regression coefficient of 
candidate i from the training set, and n is the 
number of testing candidates. Exp(i) is the 
expression value of candidate i in a correspond-
ing patient. The median risk score was used as 
the cut-off to classify the training dataset into 
the high- and low-risk groups. The patients in 
the high-risk group were expected to have poor 
survival outcomes. Conversely, the patients in 
the low-risk group were expected to have high 
survival outcomes. This model and cut-off point 
was further applied to the validating set to 
divide the patients into high- and low-risk 
groups.

Network illustration and topological analysis

We used Cytoscape software (v3.1.1) to con-
struct and illustrate the ceRNA network. Seve- 
ral topological properties, such as the node 
degree, BC, CC and NC, were analyzed by the 
built-in Network Analyzer tool in Cytoscape.

Statistical analysis

All analyses were performed based on R 3.1.0 
software. The Kaplan-Meier survival analysis 
was performed for different groups of patients, 
and statistical significance was assessed using 
the log-rank test (P<0.05). Pearson correlation 
coefficient was used to evaluate the co-ex- 
pression relationship based on the expression 
level between each potential TF-lncRNA pairs 
(FDR<0.01). The GBM patients were randomly 
assigned to a training data set or a validating 
data set (Table 1). In two groups of GBM 
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patients, significant difference of several clini-
cal factors, including sex, histological type, his-
tory neoadjuvant treatment and survival status 
was assessed using Chi-square test (P<0.05). 

Age and survival days were evaluated by 
Student’s t-test (P<0.05).

Results

Systematic identification of TF-lncRNA interac-
tions and construction of GTLN

To evaluate the landscape of TFs regulation on 
lncRNAs in GBM, we used a multi-step approa- 
ch to identify functional TF-lncRNA interactions 
by integrating sequence specific TF-lncRNA 
binding and TF-lncRNA co-expression informa-
tion. We derived TF-lncRNA binding datasets 
from SNP@lincTFBS database [16], which iden-
tifies transcription factor binding sites of lnc- 
RNA using genome wide CHIP-Seq data (Figure 
1A). These dataset has been used to identify 
functional lncRNA-mediated transcription feed-
forward loop in different cancers [17]. However, 
evidence of theoretical TF binding does not 
directly imply the active transcriptional regula-
tion of lncRNA. Inferring the regulatory relation-

ships between TFs and lncRNAs which are  
specifically co-expressed in GBM patients can 
be performed based on the expression data. 
We calculated the Pearson correlation coeffi-
cient for each candidate TF-lncRNA pair identi-
fied above (Figure 1B). Finally, significantly co-
expressed TF-lncRNA interactions were used  
to construct the GTLN. Further, the GTLN was 
graphically modeled while TFs and lncRNAs 
were viewed as nodes and the transcription 
regulations were viewed as interacting lines 
(Figure 1C). The GTLN contained 145 TFs and 
1489 lncRNAs, and 6071 TF-lncRNA intera- 
ctions.

Common and specific topological properties of 
GTLN

The GTLN could serve a global view of all pos-
sible TF-lncRNA interactions in which we can 
investigate the regulatory properties of TFs  
and lncRNAs. An analysis of the topological 
properties of the TF-lncRNA regulatory network 
revealed come common features. Most TFs  
and lncRNAs are connected and form a large 
connecting subnetwork. We found that appro- 
ximately 94% of the TFs in the GTLN regulate  
at least two lncRNAs, and about 62% of lnc- 

Figure 1. Construction of TF-lncRNA interaction network of GBM. A. Identification of candidate TF-lncRNA interac-
tions through sequence-based dataset. B. Inferring the regulatory relationships between TFs and lncRNAs which are 
specifically co-expressed in GBM patients. C. A global view of the GTLN. In GTLN, TFs and lncRNAs are represented 
as red and blue nodes, respectively. An edge represents a TF-lncRNA regulation in GBM.
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RNAs are co-regulated by two of more TFs. 
These results indicated a complicated combi-
nation of TFs regulation on lncRNA targets. We 
evaluated the degree distribution of the entire 
network (Figure 2A, R2=0.99), lncRNA nodes 
(Figure 2B, R2=0.99) and the TF nodes (Figure 
2C, R2=0.94). The degree property of the no- 
des reveals power-law distributions, which indi-
cate that the GBM-associated TF-lncRNA inter-
action network was a scale-free network like 
most of biological networks [18]. Together with 

degree, we considered the betweenness cen-
trality (BC) property and compare these fea-
tures between TFs and lncRNAs (Figure 2D, 
2E). We found that TF nodes had more degrees 
(P=1.60E-65) and BCs (P=2.96E-52) in com-
parison with lncRNA nodes, indicating the con-
trolling force of TFs on lncRNAs expression. The 
constant decrease in the topological coefficient 
as the degree increase for each node indicat- 
es the GTLN have a hierarchical modularity (Fi- 
gure 2F) [19]. Further, we calculated neighbor-

Figure 2. Comprehensive topological analysis of GTLN. The degree distribution of the entire network (A), lncRNA 
nodes (B) and the TF nodes (C) reveals power-law distributions of GTLN network. (D) TF nodes had higher degrees 
than lncRNA nodes. (E) TF nodes had higher BCs than lncRNA nodes. (F) The topological coefficient distribution 
along with degree of nodes in GTLN. (G-I) In GTLN, TF nodes and lncRNA nodes exhibit different average NC, BC and 
CC with the same node degrees. Some known GBM-associated lncRNAs were involved in GTLN and tend to be hub 
and bottleneck nodes.
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hood connectivity (NC) and closeness centra- 
lity (CC) of all the nodes within. The NC distribu-
tion provides the average of the neighborhood 
connective status of TFs and lncRNAs. The CC 
is to evaluate the degree of a node to be cen- 
tral in a given network, by taking a reciprocal  
of an average shortest path length to all the 
nodes. We found that TF nodes and lncRNA 
nodes exhibit different average NC, BC and CC 
with the same node degrees (Figure 3G-I). 
These specific properties reveal the different 
regulating functions of TFs and lncRNAs in 
GTLN.

Some well-known GBM-associated lncRNAs  
are involved in the GTLN. For example, the 
enhanced expression of lncRNA MALAT1 con-
fers a potent poor therapeutic efficacy [20]. 
The knockdown of MALAT1 can reduced GBM 

cell migration indicating the inhibition of MA- 
LAT1 levels could be a future direction to devel-
op a novel therapeutic strategy of GBM [21]. 
The lncRNA NEAT1 has been found to promote 
oncogenesis in various tumors. A recent study 
has found that NEAT1 was upregulated in GBM 
and promoted oncogenesis by downregulating 
let-7e expression [22]. These two GBM-asso- 
ciated lncRNAs exhibit specific topological pro- 
perties in GTLN. With the same degree, MA- 
LAT1 and NEAT1 had high BC and CC value th- 
an other lncRNAs (Figure 2H, 2I). These spe- 
cific properties could help us to identify novel 
disease-associated lncRNAs on the context of 
GTLN. 

Functional analysis of hot lncRNAs in GTLN

Based on the above observations, we found 
that NEAT1 was rank as top 1 in BC and top 2 in 

Figure 3. Functional analysis of the hot lncRNAs in GTLN. A. 110 hot lncRNAs were found in the overlap of hub and 
bottneck sets. B. The hot lncRNAs were involved in 33% of the interactions. C. The hot lncRNAs intacting with 98% 
of the TFs in the GTLN. D. Functional analysis of hot lncRNAs based on Wiki pathways. E. Functional analysis of hot 
lncRNAs based on BP of GO.
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degree, while MALAT1 was ranked as top 2 in 
BC and top 1 in degree among lncRNAs in 
GTLN. These lncRNAs were hub and bottleneck 
nodes in the biological network. In general, a 
higher degree indicates that the node is a hub 
that participating in more network interactions. 
A higher BC implies that the node is a bottle-
neck that acting as bridges connecting differ-
ent network modules. In previous studies, hubs 
and bottlenecks nodes were typically defined 
as the top 10%-20% of the nodes ranked by 
degree or BC [23]. In this work, we used the  
top 10% as a threshold to define hub and bot-

tleneck lncRNAs in GTLN. We found a set of 
148 lncRNAs as hubs and another set of 148 
lncRNAs as bottlenecks. There are 110 lnc- 
RNAs were found in the overlap of hub and  
bottleneck sets (Figure 3A). These lncRNA 
nodes were defined as hot lncRNAs. The hot 
lncRNAs were involved in 33% of the interac-
tions and regulated by 98% of the TFs in the 
GTLN (Figure 3B, 3C), indicating that the ma- 
jor transcriptional regulation and crosstalk be- 
tween TFs were undertaken by these hot lnc- 
RNAs. Next, we explored the functions of hot 
lncRNAs by using the Enrich web based tool 

Figure 4. Comprehensive survival analysis of lncRNA OSER1-AS1 in GBM patients. A. OSER1-AS1 could divided the 
training GBM patients into two different risk groups (P=8.45E-3). B. OSER1-AS1 could divided the validating GBM 
patients into two different risk groups (P=3.10E-2). C. All 422 GBM patients could be divided into two different risk 
groups by OSER-AS1 (P=8.94E-4). D-F. The risk score distribution of different groups of patients in training, validat-
ing and all GBM patients. G-I. Individual plot of patients’ survival time of different groups in train, validating and all 
GBM patients. The grey dashed lines represent the risk score thresholds in survival analysis.



Prognostic lncRNAs for glioblastoma

660	 Int J Clin Exp Med 2018;11(2):653-663

[24, 25], which performs a comprehensive 
gene set enrichment analysis based on differ-
ent functional context such as Gene Ontology 
(GO), Wiki Pathway, KEGG Pathway and etc. We 
found that these hot lncRNAs were associated 
with some critical pathways in GBM. For exam-
ple, the EGFR Signaling Pathway (Figure 3D)  
is an oncogenic pathway of GBM [26]. This 
pathway activates SREBP-1 and its regulated 
lipid synthesis and uptake pathways via upreg-
ulation of SCAP, to promote rapid GBM growth 
[27]. Signaling Pathways of Glioblastoma also 
can be found in the function list (Figure 4D). 
Based on the context of GO, some important 
biological processes (BP), which is associate 
with tumor pathology, are significantly enrich- 
ed. For example, the regulation of adherens 
junction (GO:1903392) and focal adhesion 
assembly (GO:0051895) have been reported 
as tumor inhibiting functions. These functions 
were associate with clinical outcome of pati- 
ents with malignant gliomas and may serve as 
a promising tumor suppressor-related process-
es [28]. Results of functional analysis based  
on other context were listed in Tables S1, S2, 
S3.

Identification of prognostic lncRNAs in GBM

Based on the specific topologies and critical 
functions of the hot lncRNAs in the GTLN, we 
hypothesized that these hot lncRNAs might be 
involved in the pathological processes and  
risk factors of GBM. Cox regression analysis 
was performed to investigate whether these 
hot lncRNAs were prognostic factors in GBM. 
Overall, among the 110 hot lncRNAs, 22 were 
found to be significantly associated with the 
survival of 422 GBM patients (Table S4). To test 
whether these lncRNAs were prognostic factors 
for GBM, a risk model was constructed (Ma- 
terials and Methods). The 422 GBM patients 
were randomly assigned into two groups that 
were used as training (n=211) and validating 

(n=211) datasets (Table 1). There were no sig-
nificant differences between the two groups of 
patients in the clinical factors (P>0.05).

Kaplan-Meier survival analysis of the training 
GBM patients revealed that an lncRNA named 
OSER1-AS1, which is a protective factor (Cox 
coefficient =-0.29, P=1.03E-3), could divided 
the training GBM patients into two different risk 
groups (Figure 4A, P=8.45E-3). Next, we inves-
tigated OSER1-AS1 in the validating dataset 
using the same risk score threshold as in the 
training set. Based on this strategy, the validat-
ing patients were divided high- and low-risk 
groups (Figure 4B, P=3.10E-2). Further, we us- 
ed OSER1-AS1 as a prognostic biomarker to 
divide all 422 GBM patients. Same as training 
and validating dataset, all 422 GBM patients 
could be divided into two different risk groups 
(Figure 4C, P=8.94E-4). The high-risk group 
consisted of patients with high risk scores and 
had a lower survival times (Figure 4D-I). These 
results indicated that OSER1-AS1 could be us- 
ed as a potential prognostic factor for GBM.

LncRNA OSER1-AS1 is an independent prog-
nosis biomarker

To further test whether the lncRNA OSER1-AS1 
is an independent predictor of GBM patients 
survival, the prognostic association between 
this lncRNA and some other known clinical and 
pathological risk factors in GBM progression 
were evaluated by univariate and multivariate 
analyses. Several clinicopathologic factors, su- 
ch as age, sex, histological type and history 
neoadjuvant treatment, were considered. As 
expected, in addition to patient age, which is 
already a known risk factor, OSER1-AS1 was a 
significant risk factor for survival in a univaria- 
te analysis (Table 2, P=1.03E-3). A multivariate 
analysis further revealed that the lncRNA OS- 
ER1-AS1 remained an independent prognostic 
risk factor for survival (Table 2, P=4.15E-3). 

Table 2. Univariate and multivariate analysis of clinicopathological factors and OSER1-AS1 in GBM

Variables
Univariate analysis Multivariate analysis

HR (95% CI) Coefficient P HR (95% CI) Coefficient P
Sex 1.186 (0.956-1.469) 0.171 0.12 1.064 (0.856-1.319) 0.062 0.57
Age 1.030 (1.023-1.039) 0.030 7.59E-14 1.017 (1.0041-1.029) 0.026 3.63E-11
History neoadjuvant treatment 0.456 (0.285-0.728) -0.785 1.02E-03 1.061 (0.8083-1.392) -0.479 0.25
Histological type 0.510 (0.308-0.846) -0.673 9.08E-03 1.202 (0.8937-1.617) -0.005 0.99
OSER1-AS1 0.747 (0.627-0.889) -0.292 1.03E-03 1.737 (1.0808-2.790) -0.257 4.15E-03
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Discussion

In recent years, large amount of lncRNAs have 
been discovered in a wide range of biological 
functions [4]. The emerging evidence reveals 
that lncRNAs play important roles in tumor de- 
velopment and pathology [5]. The acquisition  
of genome wide scale analysis demonstrated 
that the process of disease pathology and 
tumor progression likely to be involve in the 
coordinate regulation of biological regulating 
networks [9]. A previous work has constructed 
a GBM associated ceRNA network and identi-
fied prognostic lncRNA biomarkers [10]. How- 
ever, these findings have provided only a limit 
understanding of lncRNAs in GBM, which is a 
kind of highly malignant tumor in human brain. 
The identification and characterization of GBM 
related lncRNAs still remain challenge.

In particular, lncRNAs can be regulated by dif-
ferent TFs, and such co-regulation among TFs 
and lncRNAs defines the TF-lncRNA network 
across different diseases. The TF-lncRNA net-
work could provide us a global view of all pos-
sible transcriptional interactions. By construct-
ing of TF-TF synerstic network in the progres- 
sion of glioma, a study revealed the dynamic 
rewiring behavior of some TF motifs across  
glioma progression [13]. These results indicate 
that constructing and analyzing of the GBM-
associated TF-lncRNA regulatory network could 
be necessary to understand the lncRNA func-
tions in GBM progression.

In this work, we integrated sequence specific 
TF-lncRNA binding information and high-throu- 
ghput molecular profiles into a computational 
pipeline to construct a GBM associated TF- 
lncRNA interaction network. 422 GBM samples 
from TCGA database have been analyzed. Th- 
rough network analysis, we found that TFs and 
lncRNAs exhibited specific topological features 
in the GTLN. Some GBM-associated lncRNAs, 
such as NEAT1 and MALAT1, were found to be 
regulated by more TFs than other lncRNAs, in- 
dicating the strongly control of disease lnc- 
RNAs by TFs. Based on functional analysis of 
hub and bottleneck nodes of GTLN, we found 
that these lncRNA were involved in important 
pathways and biological processes, and some 
of these lncRNAs were significantly associated 
with survival status. By building a risk model 
integrating of expression and Cox regression 

coefficient, we found that lncRNA OSER1-AS1 
could divide GBM patients into different risk 
groups. The univariate and multivariate Cox 
regression analysis indicated that OSER1-AS1 
was an independent prognostic risk factor of 
GBM patients’ survival in comparison with 
known clinical and pathological risk factors. In 
conclusion, our analyses provided novel insight 
into lncRNA-associated regulatory mechanisms 
at transcriptional level. Both the method and 
predictions could serve as helpful references 
for future experimental and further functional 
dissection of lncRNAs.
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Table S2. Functional analysis of hot lncRNAs based on Molecular Function of GO
Functions P-value
Amine binding (GO:0043176) 9.78E-04

Serotonin binding (GO:0051378) 7.63E-04

Serotonin receptor activity (GO:0004993) 2.43E-03

RNA polymerase II core promoter proximal region sequence-specific DNA binding transcription factor activity (GO:0000982) 4.64E-03

RNA polymerase II core promoter proximal region sequence-specific DNA binding transcription factor activity involved in negative 
regulation of transcription (GO:0001078)

4.56E-03

Core promoter proximal region DNA binding (GO:0001159) 1.49E-02

Core promoter proximal region sequence-specific DNA binding (GO:0000987) 1.44E-02

RNA polymerase II core promoter proximal region sequence-specific DNA binding (GO:0000978) 1.21E-02

RNA polymerase II transcription regulatory region sequence-specific DNA binding transcription factor activity involved in negative 
regulation of transcription (GO:0001227)

1.15E-02

Delayed rectifier potassium channel activity (GO:0005251) 1.56E-02

Table S1. Functional analysis of hot lncRNAs based on KEGG 
context
Functions P-value
Hepatitis B Homo sapiens hsa05161 7.62E-03
Hepatitis C Homo sapiens hsa05160 5.51E-03
Chemokine signaling pathway Homo sapiens hsa04062 1.76E-02
Serotonergic synapse Homo sapiens hsa04726 2.17E-02
VEGF signaling pathway Homo sapiens hsa04370 4.16E-02

Table S3. Functional analysis of hot lncRNAs based on Cel-
lular Component of GO
Functions P-value
Proteinaceous extracellular matrix (GO:0005578) 3.84E-02
Unconventional myosin complex (GO:0016461) 4.16E-02
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Table S4. Univariate Cox regression analysis of the hot lncRNAs in the GTLN

LncRNAs Ensembl ID
Univariate Cox analysis

HR (95% CI) Coefficient P-value
AC004895.4 ENSG00000231704 0.862 (0.756-0.982) -0.15 2.57E-02
LINC01089 ENSG00000212694 0.790 (0.679-0.918) -0.24 2.10E-03
AC092835.2 ENSG00000233757 0.827 (0.703-0.974) -0.19 2.25E-02
AC093627.9 ENSG00000242474 0.736 (0.563-0.96) -0.31 2.40E-02
AP001258.4 ENSG00000245571 1.401 (1.008-1.946) 0.34 4.45E-02
AP001432.14 ENSG00000242553 0.872 (0.768-0.99) -0.14 3.41E-02
MIR9-3HG ENSG00000255571 0.897 (0.82-0.981) -0.11 1.78E-02
MIR155HG ENSG00000234883 1.141 (1.045-1.246) 0.13 3.17E-03
NEAT1 ENSG00000245532 1.170 (1.043-1.313) 0.16 7.34E-03
OSER1-AS1 ENSG00000223891 0.747 (0.627-0.889) -0.29 1.03E-03
RP11-1055B8.3 ENSG00000262223 0.575 (0.434-0.762) -0.55 1.20E-04
RP11-120D5.1 ENSG00000234129 0.825 (0.705-0.964) -0.19 1.57E-02
LINC02175 ENSG00000262155 0.798 (0.645-0.988) -0.23 3.82E-02
SNHG19 ENSG00000260260 0.820 (0.704-0.955) -0.20 1.09E-02
RP11-439L18.1 ENSG00000232618 0.768 (0.603-0.978) -0.26 3.23E-02
LCMT1-AS1 ENSG00000260448 0.609 (0.488-0.76) -0.50 1.18E-05
RP11-451B8.1 ENSG00000239572 1.147 (1.019-1.291) 0.14 2.27E-02
RP11-480A16.1 ENSG00000260261 0.897 (0.807-0.996) -0.11 4.25E-02
RP11-543C4.1 ENSG00000247970 0.742 (0.589-0.936) -0.30 1.18E-02
RP11-80H5.7 ENSG00000240996 0.880 (0.794-0.974) -0.13 1.40E-02
RP5-888M10.2 ENSG00000229484 0.710 (0.571-0.884) -0.34 2.18E-03
TMEM72-AS1 ENSG00000224812 0.662 (0.498-0.882) -0.41 4.79E-03


