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Abstract: Studies have demonstrated that long non-coding RNAs (IncRNAs) play important roles in cancer develop-
ment and progression. However, associations between the expression patterns and prognostic roles of IncRNAs in
hepatocellular carcinoma (HCC) have not been comprehensively described. In this study, we established a prognos-
tic model of IncRNA expression using public datasets of HCC from The Cancer Genome Atlas (TCGA) and adopted
the International Cancer Genome Consortium (ICGC) as an independent cohort to validate the stability of our model.
Cox regression analysis was used to explore the independent prognostic factor in both training and validation co-
horts. Additionally, we explored the functional roles of IncCRNAs using bioinformatic analyses. According to INCRNA
consensus clusters, we resolved the distribution of molecular and clinical data and observed that individual IncRNA
could function as prognostic biomarkers in HCC. Furthermore, the novel INcRNA molecular subtypes were statisti-
cally significant for predicting HCC status, which was validated by nested cross-validation. We found that IncRNA
subtypes were partially related to gender, histological grade, and mutations within TP53. The IncRNA subtypes were
also consistent with mRNA-based subtypes, and pathway enrichment analysis identified the involvement of multiple
signaling pathways. In addition, we observed that upregulated DANCR was significantly associated with poor progno-
sis in HCC patients. In conclusion, our model based on INcCRNA expression is statistically significant as a diagnostic
and prognostic indicator for patients with HCC.
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Previous studies have shown that ncRNAs can
modulate target gene expression in cancer [5].
Competing endogenous RNA (ceRNA) networks
have been identified as critical regulators in a
variety of cancers, including HCC [8, 9]. For

Introduction

Hepatocellular carcinoma (HCC) has an extre-
mely poor prognosis and is one of the most
common malignancies worldwide [1, 2]. Despite

recent progress made with surgery and target-
ed therapy, recurrence, distant metastasis, and
drug resistance remain clinical challenges that
cause poor overall survival (0S) in HCC patients
[3, 4]. Thus, it is critical to explore the molecu-
lar mechanisms underlying HCC tumorigenesis
and progression, and to identify new predictive
biomarkers and therapeutic targets for improv-
ing HCC patient outcomes.

Increasing evidence has revealed that non-cod-
ing RNAs (ncRNAs), including microRNAs, long
non-coding RNAs (IncRNAs), and circular RNA,
play essential roles in tumorigenesis [5-7].

example, Wang et al. [10] found that IncRNA
MCM3AP-AS1 could play an oncogenic role in
promoting HCC progression through the miR-
194-5p/FOXA1 axis, and could be a novel prog-
nostic biomarker and therapeutic target for
HCC. However, associations between the ex-
pression and functional roles of IncRNAs in HCC
are still under investigation.

LncRNAs, defined as transcripts of over 200
nucleotides in length, are broadly transcribed in
the human genome [11]. Growing evidence sug-
gests that IncRNAs are a category of non-cod-
ing RNAs that play essential roles in numerous
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biological processes, including gene transcrip-
tion and mRNA splicing, cancer carcinogenesis
and progression, signal transduction, and RNA
activation and stability [12, 13]. Deregulated
IncRNAs have been implicated in a variety of
malignant tumors including breast, bladder,
and colorectal cancers, osteosarcoma, glio-
blastoma, and HCC, illustrating the broad in-
volvement of IncRNAs in tumorigenesis and
cancer progression [7, 14, 15]. However, a
greater understanding of the significance of
IncRNA expression patterns as diagnostic and
prognostic biomarkers remains to be establi-
shed.

In the present study, we explored the expres-
sion of IncRNAs and assessed their association
with the outcomes of HCC patients. Additionally,
we defined novel IncRNA-based HCC subtypes
and ascertained their prognostic value. An
independent cohort was adopted to validate
our model. Moreover, Cox regression analysis
was used to explore the independent prognos-
tic factor in both training and validation co-
horts. Collectively, our findings reveal a novel
approach for prognostic prediction in HCC
based on INCRNA expression.

Materials and methods
Patient cohorts

We collected the Liver Hepatocellular Carcino-
ma (LIHC) dataset from the data portal of The
Cancer Genome Atlas (TCGA) (https://gdc.can-
cer.gov), as described previously [16, 17]. After
excluding samples with a survival time of less
than 30 days, the TCGA-LIHC cohort included
278 cases with clinical information and expres-
sion of IncRNAs available for further analysis.
Additionally, we obtained 212 cases from the
International Cancer Genome Consortium (IC-
GC) with similar data available [18] (https://
dcc.icgc.org/projects/LIRI-JP). After excluding
samples with a survival time of less than 30
days, the ICGC-LIHC cohort included 212 cases
available as an independent validation cohort.
Furthermore, GEPIA (http://gepia.cancer-pku.
cn/) database was adopted to detect the
expression and function of DANCR.

Subtype discovery and further validation

We adopted an unsupervised learning approa-
ch for subtype discovery, and then utilized
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K-medoids clustering algorithm. Our optimal
number of cluster (k = 2 to 10) was adopted,
and we observed that k = 2 was selected utiliz-
ing a weighted silhouette index. The results of
the clustering algorithm are described in Table
S1 and Figure S1, with protocols described pre-
viously [19].

Probably Approximately Correct (PAC) method
was a non-deterministic architecture for infor-
mation retrieval, applied to determine and cor-
rect the optimal cluster number. M is used to
calculate the consensus moment. This PAC-
learning method extracts the data of the lower
triangle of the consensus matrix, and then we
use this correction method to generate a curve
fit to calculate the area between 0.1 and 0.9.
The minimum area corresponding to k is the
optimal k, which was k = 2 (Table S1).

Nested cross-validation and IncRNA subtype

We adopted a 10-fold cross-validation on our
data, and the training and test datasets were
divided randomly for each round as described
previously [20, 21]. We first adopted an unsu-
pervised learning method on the training set,
and utilized labels to train the random forest
model. Similar methods were performed on the
test dataset to validate our model.

Clustering of mMRNA expression data

A clustering scheme similar to the IncRNA
expression-based subtype identification was
used for mRNA expression data clustering. We
removed samples with read counts equal to
zero and used a log2 read count value to nor-
malize the data. Consistent clustering of
genomic information identified that k was a
robust cluster varying between 2 and 10 clus-
ters. For each value of k, we performed Monte
Carlo subsampling 1,000 times on the samples
and features. We then aggregated the cluster-
ing labels of different subsampling rounds to
establish a consistent matrix, and clustered
samples based on this matrix. Similar to the
IncRNA subtype identification, PAC method was
used to find the optimal cluster number in the
MRNA expression data set, in which k = 2.

Statistical analysis

All data are shown as the mean % standard
deviation (SD). Chi-squared tests were per-
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Table 1. Description of TCGA-LIHC cohort

Number of patients 278
Sex
Male 193 (69.42%)
Female 85 (30.58%)
Age
Median (range) 59 (18-82)
aged < 60 141 (50.72%)
AJCC stage
| 139 (50.00%)
Il 67 (24.10%)
11 69 (24.82%)
v 3 (1.08%)
Invasion
Invasion 77 (27.70%)
None 201 (72.30%)
Mutations
APOB 34 (12.23%)
CSMD3 33 (11.87%)
MUC16 65 (23.38%)
MUC4 43 (15.47%)
PCLO 38 (13.67%)
RYR2 37 (13.31%)
TP53 89 (32.01%)

formed for association analyses. Statistical sig-
nificance was calculated with R software ver-
sion 3.6. Kaplan-Meier analysis was performed
to analyze the correlation between IncRNA
expression and survival time. Univariable and
multivariable Cox regression models were
adopted to analyze independent prognostic
factors. A two-sided P < 0.05 was identified as
statistically significant.

Results

Characteristics of IncRNA in TCGA-LIHC cohort

To characterize IncRNA expression in the TCGA-
LIHC cohort, we utilized RNA sequencing and
the MiTranscriptome database to annotate
IncRNAs. Two subtypes of IncRNA were discov-
ered based on expression in 278 cases of HCC
using the consensus cluster method. This was
validated in another independent cohort (ICGC-
LIHC). A description of the notated and evalu-
ated characteristics within the TCGA-LIHC
cohort is shown in Table 1. The distribution of
molecular and clinical data through an analysis
of the IncRNA consensus clusters is also includ-
ed (Figure 1).
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Individual IncRNA as a prognostic biomarker
in HCC

We next explored the extent to which individual
IncRNA were related to the outcomes of HCC
patients in the TCGA-LIHC cohort. Univariate
Cox regression models were adopted for indi-
vidual IncRNA using time on-study as the time
scale, adjusting for age, sex, tumor grade,
tumor metastasis, and mutation status of
APOB, CSMD3, MUC16, MUC4, PCLO, RYR2,
and TP53 as covariates in the models. We
found that 45 IncRNAs could serve as prognos-
tic biomarkers of overall survival (OS) in HCC
with statistical significance (Figure 2). After
analyzing the data in the ICGC-LIHC cohort for
validation, six IncRNAs (LINC0O0324, LINCO15-
54, MIR99AHG, DNMBP-AS1, SNHG22, and
DANCR) were found to be statistically signifi-
cant (Eigure S2), and DANCR was the only inde-
pendent risk factor in two cohorts. Taken
together, our results indicated that these
IncRNAs could serve as novel biomarkers for
prognostic prediction.

Novel molecular subtypes and prognostication
based on IncRNA expression in HCC

To further resolve the role of IncRNAs in HCC,
we investigated whether subgroups of HCC
cases in the TCGA-LIHC cohort shared common
multivariate INcCRNA expression levels. We dis-
covered two distinct INncCRNA subtypes using an
unsupervised learning approach based on
IncRNA expression profiles. Results of consen-
sus clustering revealed a high degree of co-
clustering of subjects within these two groups
(Figure S1). This demonstrated that patients
from the TCGA-LIHC cohort could be divided
into two distinct subtypes according to IncRNA
expression. We next explored the prognostic
value of the IncRNA subtypes with respect to
HCC patient OS. Kaplan-Meier analysis con-
cluded that there was a significant difference in
the prognostic value for the two IncRNA-based
subtypes, with Group 1 (n = 131) having a
worse survival outcome than Group 2 (n = 147)
(Figure 3A). To validate the prognostic value of
these INcRNA subtypes, we analyzed the inde-
pendent ICGC-LIHC cohort and again found the
IncRNA subtypes to be statistically significant,
with patients in Group 2 (n = 99) having a bet-
ter OS (Figure 3B). Moreover, multivariable Cox
proportional hazards models were established
for both the TCGA-LIHC (Figure 3C) and ICGC-
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Figure 1. Distribution map of molecular and clinical data based on IncRNA consensus clustering. Four subtypes
were identified based on IncCRNA expression patterns, clinicopathological factors, and somatic mutations.

LIHC (Figure 3D) cohorts using the identified
IncRNA prognostic factors, with both models
providing statistically significance prognostic
values.

Assessing the reproducibility of novel IncRNA
HCC subtypes

To verify the consistency of the two IncCRNA sub-
types for HCC, we adopted a training set for a
nested cross-validation experiment and an
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independent test set for model evaluation with
respect to the prognostic value as described
[22]. The overall correct classification rate
based on test set cases was 0.9, as showed in
Figure 4A. We concluded that the IncRNA sub-
types were reliable as prognostic factors.

To further evaluate the reproducibility of these
novel IncRNA HCC subtypes, we established a
random forest model for subtype classifica-
tion using an independent trained ICGC-LIHC
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INcRNA p value HR (95%Cl) TCGA-LIHC
FAM225B 0.00010 1.317(1.146-1.531) —-—

MIMTA 0.00027 1.380(1.161-1.641) —
FAM225A 0.00081 1.283(1.109-1.484) ——
LINC00324 0.00156 0.675(0.529-0.861
LINC01554 0.00195 0.904(0.848-0.964 [

HCG27 0.00232 0.709(0.569-0.885)
LINC00200 0.00274 1.207(1.067-1.366 —

FLJ36000 0.00343 1.236(1.072-1.424 —e——
A1BG-AS1 0.00466 0.743(0.604-0.913
BX255923-2 0.00476 1.481(1.128-1.945
LINC00839 0.00606 1.616(1.043-1.291) —e—i

RAPGEF4-AS1 0.00738 1.421(1.099-1.838) —

LINC01018 0.00876 0.929 0.880-0.982} o

HPN-AS1 0.01199 0.837(0.729-0.962 ——

C9orfl163 0.01405 0.763(0.615-0.947) ——
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DNMBP-AS1 0.01558 0.853(0.750-0.970 —e—i
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LBX2-AS1 0.03131 0.744(0.569-0.974 ——

NDUFB2-AS1 0.03133 1.406(1.031-1.918) -
SNHG15 0.03172 1.210(1.017-1.440 —
SNHG22 0.03217 0.815(0.676-0.983 =

FIRRE 0.03404 1.191 §1 .013-1.400 [ ———
ST7-AST 0.03549 0.820(0.682-0.987) —e—i
VLDLR-AS1 0.03562 1.1 64%1 .010-1 .342; ———
LINC00731 0.03787 1.181(1.009-1.381 —
LINC00426 0.03800 0.826(0.689-0.990) ——s
LINC00861 0.03913 1.153(1.007-1.320) ——

AL391244-1 0.03975 0.675(0.464-0.982 —e——

RMRP 0.04017 0.859(0.743-0.993 T
DHRS4-AS1 0.04038 0.811(0.664-0.991 —
DANCR 0.04038 1.187(1.008-1.397) ——

DICER1-AS1 0.04266 0.799(0.643-0.993 ——]

AC010931-2 0.04336 1.202(1.006-1.438 | E—

AC005224-4 0.04357 1.125(1.003-1.262 |

AL359313-1 0.04767 1.140(1.001-1.297) ———
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Figure 2. Multivariate time-to-event analysis (overall survival) of individual IncRNAs (adjusting for established risk
factors) in the TCGA-LIHC cohort, and validation of 45 prognoses of INcRNAs which correlated with overall survival.

cohort. Based on IncRNA expression in 212
cases by the consensus cluster method, we
discovered two subtypes (Figure 4B). In the
ICGC-LIHC cohort, the prognostic value of the
two IncRNA subtypes was similar to TCGA-LIHC,
and the OS of patients in Group 2 was signifi-
cantly longer (Figure 3C). Moreover, we estab-
lished a model based on multivariable Cox pro-
portional hazards, including age, sex, and the
prognostic factors above from TCGA clinical
and mutation data (Figure 3D). The value of
this established model was confirmed to be
remarkably significant (P < 0.05).

LncRNA subtypes were partially related to HCC
pathological factors

We next performed association studies to de-
termine whether the IncRNA subtypes were
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related to clinical characteristics and known
genes mutation within HCC. Using the ICGC-
LIHC cohort, we found a significant difference
between the two IncRNA subtypes (Table 2).
We observed that number of stage | pa-
tients in Group 1 was significant more than
Group 2 (P =0.0082), while number of stage lll
patients in Group 2 were significant more
than Group 1 (P = 0.0124). These results were
consistent with the findings that Group 1 had
poorer OS. Additionally, we observed that
TP53 mutations were strongly linked with the
IncRNA subtypes, in that Group 1 contained a
higher percentage of TP53 mutations (41.98%)
and poorer prognosis compared with Group 2.
In summary, IncRNA subtypes could provide
additional levels of stratification for HCC
patients.
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Figure 3. Multivariate survival analysis (Cox proportional hazards model) of IncRNA subtypes, including clinicopatho-
logical factors and mutations, for the TCGA-LIHC and ICGC-LIHC cohorts. LncRNA expression level and the roles
for IncRNA-associated survival in HCC are exhibited in (A and B). LncRNA expression-based subtypes and overall
survival (0S) in the TCGA-LIHC and ICGC-LIHC cohorts are illustrated in (C and D).
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Figure 4. HCC model validation through the ICGC-LIHC cohort. A. Nested cross-
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fied several significant path-
ways involved (Figure 5A),
including “HPV infection”
and “Neuroactive ligand-re-
ceptorinteraction”. Gene on-
tology (GO) analysis into mo-
lecular function in cellular
processes showed involve-
ment in “Transmembrane
transporter activity”, “Cata-
bolic process”, and “Synap-
se and channel complex”
(Figure 5B-D).

0 Group1
m Group2

validation cluster analysis was utilized to validate the cohort. B. Consensus

clustering and unsupervised classification for profiling matrix for two groups in

ICGC-LIHC (model selection results for k = 2).

Pathway analysis of genes associated with In-
CRNA subtypes

To demonstrate which genes were related to
the IncRNA subtypes, we integrated mRNA into
our bioinformatic analysis. Kyoto Encyclopedia
of Genes and Genomes (KEGG) analysis identi-
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Consistency between In-
CRNA and mRNA subtyping

To assess the degree that IncRNA subtypes
were consistent with mRNA subtypes, we per-
formed an identical unsupervised learning
method to evaluate mRNA expression clusters
similar to the IncRNA analysis, and divided
MRNA expression into two groups. Despite a
few cases that appeared to cross groups, most

Am J Transl Res 2020;12(5):1873-1883
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Table 2. Description of ICGC-LIHC cohort

IncRNAs predict OS in HCC

Cluster Group 1 (%) Group 2 (%) p-value (Chi-squared test) Significance
Patients 131 (47.12%) 147 (52.88%)

Sex
Male 66 (50.38%) 127 (86.39%) 1.8273e-10 whk
Female 65 (49.62%) 20 (13.61%)

Age
Median (range) 57 (18-81) 61 (41.50%) 0.8276
aged > 60 55 (41.98%) 86 (58.50%)

AJCC stage
| 54 (41.22%) 85 (57.82%) 0.0082 i
Il 34 (25.95%) 33 (22.45%) 0.5881
Ml 42 (32.06%) 27 (18.37%) 0.0124 *
I\ 1 (0.76%) 2 (1.36%) 0.9200

Invasion
Invasion 41 (31.30%) 36 (24.49%) 0.2055
None 90 (68.70%) 111 (75.51%)

Mutations
APOB 12 (9.16%) 22 (14.97%) 0.1965
CSMD3 17 (12.98%) 16 (10.88%) 0.7243
MUC16 35 (26.72%) 30 (20.41%) 0.2719
MUC4 21 (16.03%) 22 (14.97%) 0.9371
PCLO 13 (9.92%) 25 (17.01%) 0.1233
RYR2 19 (14.50%) 18 (12.24%) 0.7065
TP53 55 (41.98%) 34 (23.13%) 0.0012 o

Abbreviations: “P < 0.05, “*P < 0.01, ""*P < 0.001.

belonged to the same group (Figure 6A). These
results showed that there was a significant
relationship between the two models, demon-
strating consistency between the mRNA and
IncRNA expression profiles.

High DANCR expression correlates with HCC
patient prognosis

Considering that DANCR was the only indepen-
dent risk factor in the TCGA and ICGC cohorts,
we investigated the expression and function
of DANCR in HCC. As shown in Figure 6B, we
observed that DANCR expression was signifi-
cantly elevated in HCC tissues compared to
normal tissues. Moreover, we found that the
expression of DANCR was much higher in
advanced TNM staging (Figure 6C). Kaplan-
Meier analysis showed that OS of HCC patients
was significantly worse with high dancer DANCR
expression than low expression (Figure 6D).
Collectively, our results demonstrated that
DANCR expression was elevated and contrib-
uted to poor prognosis in HCC patients.
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Discussion

A growing number of studies show that poor
outcomes in HCC can be attributed to late diag-
nosis, tumor recurrence, and unsatisfactory
treatment [23]. Therefore, it is urgent to devel-
op powerful diagnostic and novel therapeutic
strategies to improve the diagnosis and treat-
ment of HCC. Studies have shown that expres-
sion levels of INncRNAs could regulate mRNA
expression and act in critical roles to regulate
HCC pathogenesis [9]. HOXD-AS1, MCM3AP-
AS1, CASC2, and RMRP were found to promote
HCC progression [10, 24-26], providing novel
insight into prognostic biomarker exploration.
Emerging evidence shows that cancer-related
IncRNAs could be diagnostic or predictive bio-
markers to predict OS in HCC patients [27, 28],
but the functional roles of cancer-related
IncRNAs has not been fully characterized for
HCC.

In the present study, we characterized IncRNA
expression by accessing the TCGA database to
analyze a TCGA-LIHC cohort of 278 HCC pa-

Am J Transl Res 2020;12(5):1873-1883
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tients in order to ascertain if particular IncRNAs
correlated with HCC status, and if prognostic
subtypes of HCC-based IncRNAs could be delin-
eated. Our findings were then validated in a
separate ICGC-LIHC cohort. DANCR was found
to be the only independent risk factor in two
cohorts [29-31]. Similar to our findings, studies
have shown DANCR as a potential cancer-relat-
ed IncRNA in different malignancies, including
hepatocellular carcinoma. Yuan et al. [32]
found that DANCR was overexpressed in stem-
like HCC cells, and could function as a prognos-
tic biomarker in HCC.

In the TCGA-LIHC cohort, we observed that 45
individual IncRNA could serve as independent
prognosticators of OS in HCC. In previous stud-
ies, it has been determined that gene expres-
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sion characteristics and prognostic models
based on molecular features that drive patho-
genesis were an effective means for predicting
clinical outcomes [33-35]. There is increasing
evidence that IncRNAs possess the potential to
offer critical forecasting in the survival of HCC
patients, with more IncRNAs thought to affect
the evolution of HCC through their own molecu-
lar mechanisms [36, 37]. Through our explora-
tion of RNA sequencing data from the TCGA
database, 23 IncRNAs were found to be of good
predictive value for HCC prognosis. Further vali-
dation in the ICGC-LIHC cohort confirmed the
value of IncRNAs as a new prognostic biomar-
ker.

Our study also identified two robust IncRNA
subtypes as prognostic indicators of HCC 0S. In
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Figure 6. LncRNA and mRNA model validation and DANCR analyses. A. Sankey diagram of the relationship between
mRNA-defined (right) and IncRNA-defined (left) subtype classifications. B. DANCR expression was significantly el-
evated in HCC tissues in a TCGA data analysis. C. LACTB expression was much higher in advanced TNM stages.
D. Kaplan-Meier analysis showing that HCC patient OS is significantly worse with high DANCR expression than low

expression.

both the TCGA-LIHC and ICGC-LIHC cohorts,
the survival time in Group 2 was longer than
Group 1, illustrating the consistency of this sub-
type discovery and predictive modeling. We
also trained a random forest model based on
the TCGA data for subtype classification to
assess the reproducibility of newly discovered
HCC subtypes. Our analysis showed that
INcCRNA subtypes were consistent with mRNA
subtypes, indicating that there may be a corre-
lation between IncRNA and mRNA subtypes to
be leveraged for diagnostics and treatment.
Furthermore, the related pathways were identi-
fied through KEGG and GO analysis, indicating
that IncRNAs may play special roles through
specific signaling pathways in HCC. Further
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investigation into these signaling pathways
could provide support toward the discovery of
novel HCC targets.

In summary, by taking advantage of public
databases to probe IncRNAs from TCGA-LIHC
and ICGC-LIHC cohorts, we created a valid pre-
dictive model and identified IncRNA-based
subtypes of HCC which could become novel
prognostic biomarkers. Further investigation
beyond this study is required to prove the clini-
cal potential of its findings. In addition, the
molecular mechanisms and biological func-
tions of these newly identified IncRNAs must be
explored further through in vitro and in vivo
experiments.
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Conclusions

In this study, we detected the expression of
IncRNAs and assessed their association with
the OS of HCC patients. We defined novel HCC
subtypes based on IncRNA and ascertained
their prognostic value. An independent cohort
was also utilized to validate our model. Addi-
tionally, Cox regression analysis was used to
explore the independent prognostic factors in
both training and validation cohorts. Collec-
tively, our findings reveal a novel approach of
predicting HCC status based on IncRNA ex-
pression.
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Table S1. Different K values and values of

probably approximately correct (PAC)

Value of PAC
0.042750
0.460665
0.408903
0.286367
0.258136
0.216269
0.208763
0.194634
0.187596
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Figure S1. Consensus matrix for clustering.

IncRNA  pvalue HR (95%CIl) TCGA-LIHC ICGC-LIHC

p value HR (95%Cl)

FAM225A 0.00081  1.283(1.109-1.484) .28302 0.139(0.004-5.100)
LINC00324 0.00156  0.675(0.529-0.861) 0.03536 0.392(0.163-0.938)

LINCO0200 000274 1.207(1.067-1.366) 060143  1.135(0.706-1.822)
FLJ36000 000343 1.236(1.072-1.424)

LINC00839 0.006806 1.616(1.043-1.291)
RAPGEF4-AS1 0.00738  1.421(1.099-1.838)

C9orfl163 0.01405 0.83(0.615-0.947) 0.96039 0.956(0.163-5.624)
MIR99AHG 0.01497  0.850(0.746-0.969) 0.01831 0.328(0.130-0.828)

LINC00652 0.01865 1.388(1.056-1 ,82) 0.92060 0.941(0.286-3.102)
HHPN1-AS1  0.01890  1.252(1.038-1.510) 0.48163 1.542(0.462-5 149)

LINCO0304  0.02253  1.335(1.042-1 711) 022891  0.137(0.005-3 487)
PDXDC2P 002528  0.795(0.650-0.72)

NDUFB2—S1 003133 1 .(1 ,031- 818)
0.03172  1.210(1.017-1.440) 1.062(0.738-1.528)

ST7-AS1 003549  0.820(0.682-0 987) 1.114(0.524-2.370)
VLDLR-AS1 0.03562  1.164(1.010-1.2342)

LINC00661 003913  1.153(1.007-1.320)
AL391244-1 0.03975  0.675(0.464-0.68

DANCR 0.04038  1.187(1.008-1.397) 0.00957 0.541(1.111-2.138)
DICER1-AS1  0.04266  0.799(0.643-0 993 0.33575 0.806(0.510-1.274)

AL359313-1 0.04767  1.140(1.001-1.297)
LINC01138 0.04777  1.265(1.002-1.597) 0.87692 1.108(0.302-4 0686)
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Figure S2. Survival analysis of individual IncRNA (adjusting for established risk factors) in the TCGA-LIHC (left and
red) and ICGC-LIHC cohort (right and blue).



