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ABSTRACT

Background: Emerging evidence suggeststhat long non-coding RNA (IncRNA) plays a crucial part in the
developmentand progressof hepatocellularcarcinoma(HCC)The objective was to develop novel molecular
clinicopathologicalprediction methodsfor overall survival(OS)andrecurrenceof HCC.

Results:An 8-IncRNAbasedclassifierfor OSand a 14-IncRNAbasedclassifierfor recurrencewere developedby
LASS@OXregressionanalysis,both of which had high accuracy. ThetdROCof OSnomogramand recurrence
nomogram indicates the satisfactory accuracyand predictive power. The classifiersand nomograms for
predicting OSand recurrenceof HCGwere validatedin the Testand GECcohorts.

Conclusions: These two IncRNAbased classifiers could be independent prognostic factors for OS and
recurrence.Themoleculeclinicopathologicalnomogramsbasedon the classifierscould increasethe prognostic
value.

Methods: HCAncRNAexpressionprofiles from the cancergenomeatlas (TCGAere randomly divided into 1:1
training and test cohorts. Basedon least absolute shrinkage and selection operator method (LASSOYCO’
regressionmodel, IncRNAbased classifierswere establishedto predict OSand recurrence,respectively.OS
nomogram and recurrencenomogram were developed by combining IncRNAbased classifiers and
clinicopathological characterizationto predict OS and recurrence, respectively. The prognostic value was
accessedy the time-dependentreceiveroperating characteristictdROC)ynd the concordancandex (Gindex).

INTRODUCTION reasons for the high mortality rate of HCC; most
importantly, in many parts of the world, patients are

Hepatocellular carcinoma (HCC) is one of the leading diagnosed at an advanced stdgg Thence, it is of

causes of canceelated mortality worldwide [1]. great clinical implication to identify effective tumor

Considerable progress has been achieved in the markers and explore their role ihet occurrence and

prevention, monitoring, early screening, diagnosis and development of HCC.

treatment of HCC over the past few decades. However,

in many countries, the incidence and specific mortality ~ Next-generation sequencing (NGS) is a powerful

of HCC continue to risd¢2]. There are a maber of platform for highthroughput sequencing of different
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genetic factors, which helps researchers to obtain more
accurate and comprehensive data of gene varifdion
The rich and standardized clinical data and abundant
samples for different types of cancer generated by the
Cancer Genome Atlas (TCGA) enabled a joint analysis
of multiple influencing factors associated with tumor
oncogenesi#, 5].

Long noncoding RNAs (IncRMs) which contain
more than 200 nucleotides is a type of the-ooding
RNAs (ncRNAs)[6]. For a long time, IncRNA is
considered as a kind of ndanctional RNA, but
emerging research has proved that these RNAs were
important regulators of gene expressioetworks[7,

8]. Their functions contain controlling nuclear
architecture and mRNA stability, participating in the
transcription, translation and pesanslational
modifications, which involve all aspects of cellular
gene expressiofd, 10]. In recent resarches, many
IncRNAs have seemed as biomarkers of early
detection and prognosis of HIC but these studies
only involved minority IncRNA and lack a large
number of clinical samples for analy$isl, 12]

In current study, we collected a large cohort of GHC
patients who contained clinical information and
complete sequencing results in the TCGA database.
Thereaafter, we performed least absolute shrinkage and
selection operator method (LASSO) COX select model,
a method that could be applied to high dimensional
regression prediction, to establish and validate two
multi-lIncRNA-based classifiers which have high
veracity of predicting overall survival (OS) and
recurrencén HCC patients.

RESULTS
Data processing

The workflow of this article is shown in Figure h

the expression profiles of HCC tumors compared with
the samples from normal tissues, we identified 669
differentially expressed IncRNAs (DEIncNRAs) of
| log Fold Change|] O 2
Table 1 and Figur@A). Of which, 595 IncRNAs were
downregulated and 74 IncRNAs were -upgulated.

As shown in Figure 2B, significant differential
expression was detected between the tumor and
the adjacent normal groups. Subsequently, the
DEIncRNAs with P <0.05 were select by univariate
COX regression analysis. Therefore, a total of 191
OSrelated IncRNAs and 86 recurrencelated
IncRNAs were reserved for further study (Figure 2C).
After taking the intersection with GSE76427 and
GSE116174, 21 recurrencelated IncRNAs ad

85 OSrelated INcRNAs were finally obtained for

classifier development. A total of 312 patients with
OS data were randomized 1:1 into two groups, the
training cohort (n=156) and the test cohort (n=156).
The GSE116174 (n=64) was reservedaaslidation
cohort for predicting OS. Meanwhile, a total of 269
patients with recurrence data were randomly divided
equally into two groups, the training cohort (n= 130)
and the test cohort (n=139). GSE76427 (n= 81) was
used as a validation cohort to validate recocee
related models. LASSO COX selection method was
applied to training cohort to develop a prediction
model (OS: Figure3A, 3B; recurrence: 3F, 3G). As
shown in Supplementary Talsle2, 8 OSrelated
DEINncRNAs and 14 recurrengelated DEINCRNAs
were identifed by the LASSO COX selected model

Multi -IncRNAs-based classifier

In order to contrive mukincRNAs-based classifiers for
predicting OS and recurrence in HCC, LASSO COX
selection method was performed with the 85 OS related
IncRNAs and 21 recurrencelated INcCRNAs expression
data. An 8iIncRNA-based classifier for OS (Figure 3A
and 3B) and a HhcRNAsbased classifier for
recurrence were constructed by training cohort (Figure
3E, 3F). All those IncRNAs are listed 8upplementary
Table 2. 8ncRNAsbasd classifier = 0.0299*EXP
(AC090921.1) + 0.0125*EXP (AC096637.2) + 0.1838*
EXP(AP002478.1) + 0.2221*EXP (C100rf91)+ 0.0437*
EXP (LINCO1116) + 0.0251*EXP (LINC01224) +
0.0137*EXP (MAFGDT) -0.1168*EXP(SERTAD4
AS1); 14IncRNAsbased classifier =-0.0255*EXP
(AC004477.1)+0.1647*EXP(AC010307.4)+0.0416*EX
P(AC034229.4)+0.1580*EXP (AC209154.0)3958*
EXP(C100rf91)+0.0233*EXP(CDKN2MAT)+0.0037*
EXP(CDKN2B-AS1)+0.00057*EXP(FIRRED.1140*
EXP(LINC01549)+0.1813*EXP (LINCO1572)+
0.0958*EXP(MAFAASL)+ 0.1348*EXP(MAFGDT)-
0.365*EXP (MIR93HG)0.0761*EXP (SNHG25). All
patients were divided into low and high risk groups
according to the optimal cafff value calculated by X
TILE. The optimal cutoff value for the O@®lated
classifier was 0.2, and for the recurrenelaed classifier

a n dwag0.1.<The Kap@Meiersag gapK testnilestratee that

there were significant differences in OS and recurrence in
the training cohort (Supplementary Figure 1A, 1E), the
test cohort (Supplementary Figure 1B, 1F), the TCGA
cohort (Supplementa Figure 1C, 1G), and the GEO
cohort (Supplementary Figure 1D, 1H).

Patient characteristics

Since the training cohort and test cohort were equally
randomly grouped, there was no significant difference
or deviation between themSgpplementary Tablegi

11, Tablel).
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Figure 1. The workflow of this work.
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Overall survival 0.968), HBV infection (P = 0.080), HCV infection (P =
0.139), alcohol consumption (P = 0.287), Chidgh

In the training cohort, 156 patients were enrolled. As classification (P= 0.068), AJCC pathological stage (P =

shown in SupplementaryTable 9, there were no 0.521) and gender (P = 0.849).

significant differences were detected in the distribution

of age (P = 0.598), neoplasm histologic grade (P = In the test cohort, the distribution of data was similar to

0.179), vascular invasion (P = 0.872), performance the training cohort. The proportion of patients with

status (P = 0.155), TNM T stage (P=0.523), TNM M performance status (2 + 3) (P = 0.018), TNM N stage

stage (P = 0.298), adjacent hépaissue inflammation (N1) (P = 0.031) andneoplasm histologic Grade

(P = 0.656), liver fibrosidshak score category (P = (G3+G4) (P = 0.027) in the higlisk group was higher

0.923), family history (P = 0.922), race category (P = than the low risk group.

A
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Figure 2. Prognostic DEINcRNAs identification proc€ssVolcano plot of differentially expressed IncRNAs in FTAGAdataset (B)
Hierarchical clustering of HCC with or without tumor using 669 differentially expressed IncRNAs using Euclidean distaecagenihkage
clustering; ¢ Venn diagram of prognostic DEINcRNAs in prognostic IncRNAs (OS/recurrence neiltiaxiap < 0.05) and
DEIncRNAs(|logFC| >2 and padj < 0.058);\enn diagram of INcRNAs related to OS/recurrence. TCGA, The Cancer Genome AtlagrLICH, L
hepatocellular carcinoma; HCC, hepatocellular carcinoma; DEINCRNA, differentially expressedhioodingp RNA; OS, overall survival;
LASSO, least absolute shrinkage and selection operator method.
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In the TCGA cohort, 312 patients were included for
further study. The proportion of patients with
performance status (23) (P = 0.8),tumorgrade (G3

+ G4) (P = 0.012)andHBYV infection (P = 0.043) in the
high-risk group was higher than the low risk group.

In the GSE116174 cohort, 64 patients were enrolled. As
shown in SupplementaryTable 9, there were no
significant differencesvere detected in the distribution
of age (P = 0.516), gender (P = 0.418), vascular
invasion (P = 0.612), HBV infection (P = 0.849), HCV
infection (P = 0.139), Alcohol consumption (P = 0.167),
and AJCC pathological stage (P = 0.754).

As shown in Supplemeaty Figure2Ai 2D), the AJCC
pathological stage, performance status, HBV infection
and neoplasm histologic grade are significantly
correlated with the 8hcRNAs-based classifier. The-8
IncRNAsbased classifier scores for the performance
status (2 & 3 & 4), stage (Il & Iy, HBV positive,
and tumor grade (G3 & G4) groups were higher than
those of the performance status (0 & 1), stage (I & II),
HBV negative, and tumor grade (G1 & G2) groups.

Recurrence

In the training cohort, 130 patients were enrolled. As
shown in Supplenentary TablelO, the proportion of

Partial Liweihood Deviance
n
i

patients with performance status (2 + 3) (P=0.026),
Child-Pugh classification (C&D) (P=0.030), TNM T
stage (T3 + T4) (P=0.006), and AJCC pathological
stage (Il & IV) (P=0.023) in the highisk group was
higher than théow risk group.

In the test cohort, the proportion of patients with tumor
grade (G3 + G4) (P=0.006) in the highk group
was higher than the low risk group. The remaining risk
factors were not significantly different in distribution
compared to the aining cohort $upplementary
Table D).

In the TCGA cohort, a total 269 patients were
enrolled. As shown irSupplementary Tabl&0, The
proportion of patients with tumor grade (G3 + G4)
(P = 0.005), HBV infection (P = 0.001), TNM T
stage (T3 + T4) (P = 0.029), TNM N stage (N1)
(P = 0.023), and AJCC pathological stage (lll & V)
(P = 0.007) in the highisk group was higher than the
low risk group.

In the GSE76427 cohort, 81 patients were enrolled. As
shown in Supplementary TablelO, there were no
significant differences were detected in the distribution
of age (P = 0.960), AJCC pathological stage (P = 0.303)
and gender (P = 0.117).

Figure 3. Development and verification oflBcRNAshased and 14ncRNAs-based classifiers(d) LASSO coefficient profiles of
the 86 Significant difference IncRNAs in OS set. A vertical line is drawn at the value chosdaldyrb8svalidation; B) Tentime cross
validation for tuning parameter selection in the LASSO hd@eD) Timedependent ROC curves and calibration curveslotBNAdased

classifier;H TimeRS LISy RSy i wh/ OdzNBSa

27T

[ AR LASSO caeflice profilesSoRthe 2 SighifcahSdifiérdnde & dz

INcRNASs in recurrence set, Artical line is drawn at the value chosen byfd@ crossvalidation; ) Tentime crossvalidation for tuning
parameter selection in the LASSO modkl; Timedependent ROC curves and calibration curves efn@dBNAsased classifier. LASSO,
least absolute shrinkage and selection operator method; INcRNA, longcadimg RNA; OS, overall survival; ROC, receiver operating

characteristic.
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Tablel. Univariate and multivariate COX analysestbé IncRNAbased classifier forecurrence.

Prognostic parameer

Univariate analysis

Multivariate analysis

HR 95% ClI P value HR 95% ClI P value
Training Cohort
RiskScore 4.434 2.8606.874 0.001 6.210 3.09212.474 0.001
Age 0.980 0.6131.566 0.932
M 5.661 1.32524.179 0.019 1.957 0.3889.871 0.416
N 6.040 0.79445.943 0.082
Stage 2.392 1.3644.196 0.002 4.872 2.02311.732 0.001
T classification 2.486 1.4694.207 0.001
Bilirubin 1.140 0.9081.430 0.259
Child-Pughclassification 0.744 0.2622.111 0.579
Performance Status 1.766 1.2762.445 0.001
Family History 0851  0.5081.428 0.542 1119 0.7401.692 0.595
Fraction Genome Altered 2.187 0.67%17.133 0.194
Grade 0.650 0.3831.104 0.111
Adjacent hepatic tissue 1.098 0.7041.712 0.681
inflammation
HBV 0.403 0.2330.705 0.001
HCV 1.463 0.8452.530 0.173 0.782 0.4021.984 0.782
Alcohol 1.063 0.6391.769 0.814
Liver fibrosislshakscore 1.077 0.88%1.308 0.453
category
Mutation Count 1.001 1.0001.002 0.085
Platelet count 1.000 1.0001.000 0.452
Race Category 1.123 0.8931.413 0.320
Albumin 1.067 1.0141.123 0.013
Gender 1.252 0.7452.103 0.386 1.008 0.9531.065 0.792
Vascular Invasion 0.785 0.5091.211 0.273
BMI 0.979 0.9361.024 0.363 0.536 0.29%0.987 0.045
AFP 0.992 0.9381.050 0.792
Test Cohort
RiskScore 1.448 1.06G1.977 0.020 1.448 0.9032.324 0.125
Age 0.829 0.5261.320 0.430
M 1.000 1.000
N 0.845 0.1176.134 0.868
Stage 0.001 1.5303.945 0.001 0.658 0.0518.531 0.749
T classification 2.232 1.4053.547 0.001 2.311 0.19627.305 0.506
Bilirubin 1.045 0.9481.152 0.379
Child-Pughclassification 3.187 1.2188.338 0.018 2.516 0.6369.949 0.188
Performance Status 1.922 1.47%2.513 0.001 1.494 0.8022.784 0.206
Family History 0.929 0.5661.526 0.772
Fraction Genome Altered 2.598 0.8088.350 0.109
Grade 1.509 0.9662.373 0.075
Adjacent hepatic tissue 1.386 0.8802.181 0.159
inflammation
HBV 0.537 0.3140.918 0.023 0.793 0.3951.592 0.514
HCV 1.578 0.8642.882 0.138
Alcohol 1.104 0.7001.742 0.670
Liver fibrosisIshakscore 0.989 0.8421.161 0.891
category
Mutation Count 1.002 1.0001.004 0.118
Platelet count 1.000 1.00061.000 0.260
GO 6P-GAFA2Y MH @AM ! DLb D



Race Category 0.995 0.7851.259 0.964

Albumin 0.986 0.9371.038 0.592
Gender 0.962 0.6121.512 0.866
Vascular Invasion 1.101 0.7391.640 0.637 0.953 0.5161.761 0.878
BMI 1.004 0.9821.027 0.712
AFP 1.042 0.9881.097 0.127
TCGA Cohort
RiskScore 2.065 1.6252.626 0.001 2.043 1.4582.863 <0.001
Age 0.903 0.6501.255 0.543
M 7.067 2.19722.730 0.001 7.520 2.25025.14 0.001
N 1.648 0.4056.701 0.485
Stage 2.405 1.6833.435 0.001
T classification 2.320 1.6433.277 0.001 1.646 0.3747.247 0.510
Bilirubin 1.060 0.9741.153 0.180
Child-Pughclassification 1.323 0.6582.661 0.433
Performance Status 1.863 1.5202.283 0.001 1.770 1.3762.276 <0.001
Family History 0.901 0.6301.288 0.568 '
Fraction Genome Altered  2.356 1.0265.411 0.043 1177 0.3683.765 0.784
Grade 1.034 0.7401.445 0.845 ’
Adjacent hepatic tissue 1.222 0.89%1.676 0.213
inflammation
HBV 0.457 0.3110.671 0.001 0.849 0.5101.414 0.530
HCV 1.453 0.9712.172 0.069 '
Alcohol 1.074 0.7681.504 0.676
Liver fibrosisIshakscore 1.028 0.9081.164 0.660
category
Mutation Count 1.001 1.0001.002 0.031
Platelet count 1.000 1.00G1.000 0.189
Race Category 1.054 0.8951.241 0.530
Albumin 0.999 0.9941.004 0.700
Gender 1.078 0.7691.512 0.663
Vascular Invasion 0.908 0.67F+1.217 0.517 0.951 0.6561.397 0.790
BMI 0.998 0.9751.021 0.853 '
AFP 1.016 0.9781.056 0.403
GSE76427 Cohort
RiskScore 1.433 0.9202.232 0.112
Age 1.069 0.5861.951 0.828
Gender 0.613 0.2691.394 0.243
Stage 1.279 0.6082.693 0.517
HR, Hazard ratio; ClI, confidence interia¢RNAlong norrcoding RNA
As shown in Supplementary Figure 22D), the AJCC Prognosis value of the IncRNAbased classifiers
pathological stage, performance status, HBV infection
and neoplasm histologic graderere significantly Additionally, we assessed the prognostic value of
correlated with the 14ncRNAsbased classifierThe IncRNA-based classifiers.

14-IncRNAsbased classifier scores for the performance

status (2 & 3), stage (lll & IV), HBV positive, and Overall survival

tumor grade (G3 & G4) groups were higher than those

of the performance status (0 & 1), stage (1% HBV Cox univariate analysis showed that the Performance
negative, and tumor grade (G1 & G2) groups. Status, the tumor stage, TNM T classification, HBV
addition, we also investigated the relationship between a infection, and the -+cRNA-based classifier were
total of 20 IncRNAs. The results are shown in correlated with OS, wheth in the training cohort, test
Supplementary Table 9. cohort, or the TCGA cohort. After multivariable
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adjustment by these variables, Performance Status (HR:

2.589, 95% CI: 1.358.947; P = 0.004), TNM M stage
(HR: 7.703, 95% CI: 1.6037.021; P = 0.011), and the
IncRNA-based dssifier (HR: 15.483, 95% CI: 6.149
38.989; P < 0.001) remained to be powerful and
independent factors for OS in the TCGA Cohort
(Supplementary Table 1) In addition, multiple
IncRNAsbased classifier wastill an independentisk
factor in the validatiomohort (GSE116174).

In the timedependent ROC curve, thell&@RNAs
based classifiers can effectively predict thgear, 3
year, and Sear survival rates, and their AUC is 0.801,
0.789 and 0.755, respectively (Figure 3C). The average
predicted probabily (predicted survival rate) and
KaplanMeier estimated (observed survival rate) were
plotted, and the dotted line indicated the ideal reference
line corresponding to the predicted survival rate and the
actual survival rate. The calibration curve ef 3 and
5-year survival probability based on-lIBcRNAs
classifier were in good agreement with the actual
observed values. The-iBdex of tyear, 3year, and 5
year were 0.797, 0.751 and 0.746 respectively,
indicating that the prediction model dhigh accurag
(Figure 3D). Compared with tdROC of liao et §l.3] a
larger AUC indicatd that our model hé a good
prediction ability (Supplementary Figure #4C).

Recurrence

Cox univariate analysis showed that Performance
Status, the tumor stage, TNM T stage, TNMMstage,
HBV infection, and the 14ncRNA-based classifier
were correlated with recurrence, whether in the training
cohort, test cohort, or the TCGA cohort. After
multivariable  adjustment by these variables,
Performance Status (HR: 1.608, 95% CI: 1:211381; P

< 0.001), TNM M stage (HR: 5.782, 95% CI: 1.631
20.501; P = 0.007) and the IncRNyased classifier
(HR: 2.076, 95% CI: 1.452.957; P < 0.001) remained
to be powerful and independent factors for recurrence in
the TCGA cohort (Tablé).

In the timedependent ROC curve, the -ItERNAs
based classifiers can effectively predict thgear, 3
year, and S/ear survival ratesith AUC of 0.800,
0.686 and 0.789, respectively (Figure 3G). The average
predicted probability (predicted survival rate) and
KaplanMeier estimated (observed survival rate) were
plotted, and the dotted line indicated the ideal reference
line corresponding to the predicted survival rate and the
actual survival rate. The calibration curve ef & and
5-year survival probability basedn 14IncRNAs
classifier are in good agreement with the actual
observed values. The-i@dex of tyear, 3year, and 5
year were 0.759, 0.717 and 0.719 respectively,

indicating that the prediction model dagood
performance (Figure 3H). Compared with tdROC o
liao et al.,[13] a larger AUC indicatd that our model
had a good prediction ability. (Supplementary Figure
4Di 4F)

Construction and evaluation of the nomogram

Subsequently, we constructed a getieical nomogram
(Figure 4A, 4B) by multivariate coregression analysis
(Supplementary Tablell, Table 3, combined with
clinical characterization and IncRNAmsed classifier.
TNM M stage, Performance Status and andRNAs
based classifier were included in the gelieical
nomogram of OS, while TNM M age, Performance
Status and HhcRNAsbased classifier were included
in the genelinical nomogram of recurrence.
Nomograms can visually predict the prognosis of
patients according to their genes and clinical
information, and accurately predict the suafivand
recurrence of patients at,13-, and 5 years. Moreover,
the score of the nomogram was retained for
development and validation of the performance of the
nomogram risk score (Supplementary Tal3eand 4).
The risk score of O8omogram = 1445.629*Jassifier

- 47*M - 16*Performance Status + 134.689). The risk
score of recurreneeomogram = 1/20*Classifier -
43*M -17.3*Performance Status + 94.7). And the
accuracy of the nomogram in 1, 3 and 5 years was
analyzed by tdROC, and the corresponding catlibn
curve was drawn (Figure 4).

Overall survival

The OSnomogram based on an-Il&RNAsbased
classifier combined with the TNM M stage and
Performance Status has an AUC of 0.898, 0.834, and
0.814 for predicting 1, 3, and 5 years of OS,
respectively. Th Gindex of 1, 3, and 5 years was
0.878, 0.838, and 0.828, respectively (Figurd 4K).
The results indicated that the combination of the
IncRNA-based classifier models, TNM M stage and
Performance Status could enhance the capability to
predict the progrsis of survival. KaplaiMeier curve
analysis showed that the two groups dividedchipff
value (0.006953) calculated by -the were still
statistically significant in OS (Supplementary Figure
3Ai 3C).

KaplanMeier curve showed that patients in the
training cohort, the test cohort and the TCGA cohort
distributed by IncRNAbased classifiers with
Performance Status had significantly different
prognosis (p < 0.0001, Figure 5BC). As shown in
Supplementary Table 5, the tests were performed by
log rank test beteen groups.
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Recurrence

The tdROC showed that the@ecurrencenomogram
based on classifier, TNM M stage and Performance
Status has an AUC of 0.786, 0.711, and 0.752 for
predicting 1, 3, and 5 years of recurrence, respectively.
The Gindex of 1, 3, and 5ears was 0.719, 0.692, and
0.692, respectively (Figure 4@J). The KaplarMeier
curve analysis also indicated that the prognosis of
patients stratified by cutoff value (0.01470) calculated
by X-tile was significantly different (Supplementary
Figure 3D 3F). The IncRNAbased classifiers with
TNM stage could distinguish patients in the training
cohort, the test cohort and the TCGA cohort into the
different risk of recurrence (p< 0.0001, Figurei5B).

As shown in Supplementary Table 6, the tests were
performedby log rank test between groups.

A B

Points. Points

Parformance Status M

M —_—

GSEA identifies KEGG signaling pathway

In order to investigate different activated KEGG
signaling pathways in HCC, GSEA was performed on 8
OSrelated IncRNAs and 14 recurrencdated
IncRNAs expression datasets. We considered the
di fference as statisticall
NOM p-value <0.01 and FDR -gal <0.25. All
significant enrichment pathways were listed in
Supplementary Tables 7 and 8. Figure 6 showed the
most significant KESG pathway function enrichment of
8-OSrelated IncRNAs. Figure 7 showed the most
significant KEGG pathway function enrichment of-14
recurrenceelated INcCRNAs. The results showed that
Aminoacyl TRNA biosynthesis, Arginine and proline
metabolism, Basal traaription factor, Base excision
repair, Bladder cancer, Cytoplasmic DNA sensing
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Figure 4. Bvelopment and verification of OShomogram and recurrencénomogram. (A) OSnomogram based on -8
IncRNAsbhased classifier, TNM M classif@nd Performance StatusBj recurrencenomogram based on hcRNAsbased classifier,
TNM M classifier and Performance Statu3;H) The 1, 3, and-§ear Timedependent ROC curves compare the prognostic accuracy of
the OSnomogram; F) 1, 3, and 5 year calition curve and @ndex of the OShomogram; Gi'l) The 1, 3, and-§ear Timedependent
ROC curves compare the prognostic accuracy of the recurreanegram; ) 1, 3, and 5 year calibration curve andn@ex of the
recurrencenomogram. OS, overall survivalincRNA, long noooding RNA; ROC, receiver operating characteristiindéx,

concordance index.
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Figure 5. KaplasMeier analysis in the training, validation and whole cohorts according to the IncRid8ed classifiers
stratified by clinicopathologicatisk factors.(Ai C) KaplaaMeier survival curves of LIHC patients with combinations of Inef¢aifier

and TNM T classifier in the trainirtgst and TCGA cohorts for O8j F) KaplarMeier survival curves of LIHC patients with combinations of
IncRNAclassifier and TNM stage in the training, test and TCGA cohorts for OS. IncRNA, londingrRNA; OS, overall survival; LIHC, Liver
hepatocellular carcinoma.
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