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Abstract
Background  The present study explored the regulatory mechanisms and functional roles of iron
metabolism-related long non-coding RNAs (lncRNAs) in hepatocellular carcinoma (HCC) and their
potential impact on prognosis of HCC patients.

Methods RNA-seq data and clinical information of HCC samples and normal samples were downloaded
from The Cancer Genome Atlas (TCGA) database and International Cancer Genome Consortium (ICGC)
portal. Iron metabolism-related genes were downloaded from Reactome database and AmiGo2 database.
Differential expression and correlation analysis were performed to identify iron metabolism-related
differentially expressed lncRNAs (DElncRNAs). Moreover, Kaplan-Meier (KM) survival and receiver
operating characteristic (ROC) analysis were used to screen the possible prognostic and diagnostic
biomarkers of HCC.

Results: A total of 20 differentially expressed and iron metabolism-related genes (DEIMRG) were
identi�ed by overlapping 3746 differentially expressed genes (DEGs) and 86 IMRGs. Next, ARHGAP11B,
LINC00205, LINC00261 and SNHG12 were screened through Univariate Cox regression. Kaplan-Meier
survival curves indicated that ARHGAP11B, LINC00205, LINC00261 and SNHG12 were related to overall
survival (OS) in HCC patient in TCGA database. ARHGAP11B, LINC00205 and LINC00261 were �nally
identi�ed as prognostic DEIMRGs related with OS of HCC patients after validate the survival results in
ICGC portal. ARHGAP11B, LINC00205 and LINC00261 all achieved an AUC value of >0.80 in ROC curve
analysis. Furthermore, LINC00205 was identi�ed as independently prognostic factor by multivariate Cox
analysis combined with clinicopathological factors. Moreover, a ceRNA network including 25 DEmRNAs,
15 DEmiRNA and 3 DElncRNAs was successfully constructed, based on prognostic DElncRNAs and key
target miRNAs and mRNAs of them predicted by starBase database and miRwalk. The PPI network
illustrated that CDC25A, CHEK1, CCNE2 and ANLN proteins interact more with other proteins.

Conclusions: In the present study, we identi�ed iron metabolism related LINC00205 as a prognostic and
diagnostic biomarker and constructed a metabolism-related ceRNA network, which may contribute to the
treatment of HCC.

Introduction
Hepatocellular carcinoma (HCC) is still one of the most common cancer and leading cause of cancer
mortality worldwide, especially in China[1, 2]. In china, the major risk causes of HCC, including chronic
infection with hepatitis B virus (HBV), hepatitis C virus (HCV), excess alcohol consumption, continued to
drive the increasing burden of HCC over the past decades[3, 4]. Despite remarkable improved the 5-year
survival, the rate of detection and diagnosis of HCC at early stage was relatively low in China[5] .
Moreover, most of patients were diagnosed as advanced-stage HCC at the time of presentation[6].
Although effective therapeutic approaches had been achieved, the prognosis of HCC remains poor[7].
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Therefore, identi�cation of novel biomarkers for predicting the prognosis and improving the diagnosis of
HCC patients was urgent for the personalized treatment of HCC. 

Long noncoding RNAs (lncRNAs), whose lengths are more than 200 nucleotides, have been revealed to
have essential roles in different biological functions and process[8, 9] . Especially, lncRNAs plays a critical
role in the occurrence and development of various types of cancers [10, 11]. Iron as one of the most and
essential elements in human body, is involved in several pathological and physiological processes like
including cellular respiration, DNA repair and synthesis, cell death, energy metabolism, and oxygen
transport [12-14]. Researches have suggested that a few lncRNAs can regulating the development of
cancers by regulating iron metabolism[15]. For example, Liu et al. suggested that fetal-lethal noncoding
developmental regulatory RNA (FENDRR) as an anti�brotic long noncoding RNA can reduced pulmonary
�brosis by inhibiting �broblast activation by reducing iron concentration, which may act as a potential
therapeutic target for pulmonary �brosis[16] . Aberrant expression of lncRNAs related with iron
metabolism has been participated in regulating critical physiological functions which were linked to
different types of cancer in present studies[17-19]. Moreover, a review revealed that hepatic iron
accumulation can lead to �brotic responses, and the signi�cance and potential of iron-related proteins in
the progression and development of liver �brosis[20] . On the other hand, Miyanishi et al. demonstrated
that abnormal iron metabolism leading to hepatocyte injury which may lead to accelerate the incidence
rate of hepatic in�ammation[15] . However, the role of iron metabolism-related lncRNAs in HCC was still
unclear.

In this study, we employed the bioinformatics approach to identify the differentially expressed genes
between HCC and normal tissues from The Cancer Genome Atlas (TCGA) database and International
Cancer Genome Consortium (ICGC) portal. Two original microarray datasets, from Reactome database
and AmiGo2 database were also downloaded for overlapping iron metabolism-related genes. Additionally,
we �ltered DElncRNAs as prognostic biomarkers for HCC using Kaplan-Meier (KM) survival and receiver
operating characteristic (ROC) analysis. An iron metabolism-related ceRNA network was also constructed.
The aim of this study will screen underlying survival biomarkers and discuss the potential molecular
mechanism of iron metabolism related with HCC.

Methods

Data acquisition
The RNA-seq data (3 levels) and clinic information of 369 HCC tissue samples with the following-up data
and 50 paracancerous tissue samples were downloaded from TCGA (https://portal.gdc.cancer.gov/)
database. At the same time, RNA-seq data and clinical information of another 231 tumor samples and
202 normal samples were obtained from the International Cancer Genome Consortium (ICGC) portal
(https://dcc.icgc.org/projects/LIRI-JP). Besides, the iron metabolism-related genes were downloaded
from Reactome database (https://reactome.org) and AmiGo2 database (http://amigo.geneontology.org)
using the following search terms were: “Homo sapiens,” and “cellular iron ion homeostasis”. After careful
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screening by overlapping iron metabolism-related genes (IMRGs) from the Reactome database and the
AmiGo2 database, 85 IMRGs were selected for subsequent analysis.

Differential expression analysis
The “edgeR” package was utilized to identifying differentially expressed genes (DEGs), miRNA
(DEmiRNAs), and lncRNAs (DElncRNAs) between HCC tissue samples and paracancerous tissue samples
in the TCGA cohort [21]. The thresholds were set as |log2 foldchange (FC) | >1.0 and P < 0.05.
Differentially expressed iron metabolism-related genes (DEIMRGs) were identi�ed by overlapping DEGs
and IMRGs. In addition, volcano plots and heatmap were drawn respectively by “ggplot2 3.3.2” and
“pheatmap 0.7.7” package in R were used to show the expression of DEIMRGs and DElncRNAs.

Functional enrichment analysis
To explore the functions related to biological process (BP), cellular component (CC) and molecular
function (MF) of DEIMRGs, GO (Gene Ontology) function and KEGG (Kyoto Encyclopedia of Genes and
Genomes) pathway enrichment analyses of the DEIMRGs were performed through “clusterPro�ler”
package in R[22]. Adjust P < 0.05 were set as the cutoff criteria.

Correlation analysis
Based on the purpose of investigating the relationship of DEIMRGs and DElncRNAs, pearson correlation
analysis was performed by “cor.test()” function and the result of correlation analysis was visualized with
heatmap drawed by the “ggplot2” package. DElncRNAs with correlation coe�cient more than 0.4 and P
value lower than 0.05 were selected and de�ned as iron metabolism-related DElncRNAs for subsequent
analysis.

Survival Analysis
Cox proportional-hazards regression model was a standard method for modelling censored life-time data
with covariates, having achieved widespread be used in the analysis of time-to-event data[23]. Hence,
univariate Cox regression analysis was performed to screen possible prognostic DElncRNAs from the iron
metabolism-related DElncRNAs by the “survival” package in the TCGA cohort[24] with a P-value < 0.05.
Then, Kaplan-Meier (KM) plots were applied to assess the differences in survival between the high- and
low- expression groups based on the median expression value of each lncRNA. In addition, we also
further validated the expression levels in HCC vs. non-tumor liver tissues of the possible prognostic
DElncRNAs using log-rank tests and employed survival analysis of these possible prognostic DElncRNAs
in the ICGC database.

Identi�cation of the diagnostic biomarkers
Receiver operating characteristic (ROC) analysis was carried out to evaluate the sensitivity and speci�city
of the prognostic DElncRNAs for HCC diagnosis using the ‘pROC’ R package[25]. An area under the curve
(AUC) value was calculated and used to test the diagnostic effectiveness.
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The clinical signi�cance of the possible prognostic and
diagnostic biomarkers
To explore the clinical signi�cance of the prognostic and diagnostic DElncRNAs, we further compared the
expression levels of prognostic and diagnostic DElncRNAs in different clinical features of the TCGA
cohort through log-rank tests. A value of P < 0.05 was considered to indicate a statistically signi�cant
difference.

Independent prognostic analysis
In order to further investigate whether prognostic and diagnostic DElncRNAs could be used as
independent prognostic factors, univariate Cox regression analysis integrating prognostic and diagnostic
DElncRNAs and clinic pathological parameters was �rstly carried out to screen independent prognostic
factors in the TCGA cohort, with the screening condition was P-value < 0.05. Subsequently, multivariate
Cox regression analysis further was performed to further screening. Finally, the results of univariate and
multivariate Cox analysis were shown by forest maps.

Construction of competing endogenous (ce)RNA regulatory
network
To further explore the regulation mechanism of prognostic and diagnostic DElncRNAs, StarBase
datebase (http://starbase.sysu.edu.cn/) and miRwalk was used to predict the targeting miRNAs and
mRNA. Next, by overlapping predictive miRNA and DEmiRNAs which were oppositely expressed
compared to lncRNAs, and predictive mRNA and DEmRNAs which were oppositely expressed compared
to miRNAs, key miRNAs and mRNNAs were selected for constructing a ceRNA network. Finally, a ceRNA
regulatory network was constructed by integrating the key lncRNA-miRNA and miRNA-mRNA regulatory
relationships via Cytoscape[26]. Besides, the genes in the constructed ceRNA regulatory network were
used for GO and KEGG function analysis to identify the important biological process and signaling
pathways. Ultimately, a protein-protein interaction networks (PPI) was constructed to show the interaction
of these genes with the help of STRING (https://string-db.org/) and Cytoscape[27].

Statistical analysis
Univariate and multivariate Cox regressions analyses were conducted by using the “survival” package in
R. The OS of the high- and low-expression subgroups were compared using the Kaplan–Meier method
with a log-rank test. A p-value of less than 0.05 was considered to be statistically signi�cant.

Results

Differential Expression Analysis
A total of 3746 DEGs (1064 down-regulated and 2682 upregulated genes) and 135 DElncRNA (10
downregulated and 125 upregulated mRNAs) were identi�ed between HCC tissue samples and normal
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tissue samples in the TCGA cohort (Figs. 1A and 1B).

In addition, 20 DEIMRGs including 11 down-regulated and 9 upregulated IMRGs, were identi�ed by
overlapping DEGs and IMRGs from the Reactome database and the AmiGo2 database. The expression
levels of 20 DEIMRGs were shown by volcano plot and heatmap (Figs. 1C and 1D).

GO an KEGG functional enrichment analysis of DEIMRGs
In order to explore the biological function of DEIMRGs, GO functional annotation and KEGG pathway
enrichment analysis were performed by “clusterPro�ler” package in R. As shown in the (Fig. 2A), the GO
biological process analysis suggested that most of these genes were mainly associated with iron ion
transport, cellular transition metal ion homeostasis and cellular transition metal ion homeostasis.
Moreover, these genes were mainly related to the vacuolar proton-transporting V-type ATPase complex,
proton-transporting V-type ATPase complex and proton-transporting two-sector ATPase complex as
revealed by GO cellular component analysis. GO molecular function analysis showed these genes were
mainly involved in proton-exporting ATPase activity, phosphorylative mechanism, ATPase activity,
coupled to transmembrane movement of ions, rotational and mechanism, and proton-transporting
ATPase activity, rotational mechanism. Furthermore, KEGG pathway analysis of DEIMRGs revealed that
these DEIMRGs were mainly involved in ferroptosis, synaptic vesicle cycle and oxidative phosphorylation
etc pathways (Fig. 2B). In a word, these results suggested that iron metabolism-related genes play a key
role in the occurrence of HCC.

Identi�cation of the iron metabolism-related DElncRNAs
To screen iron metabolism-related DElncRNAs from DElncRNAs, pearson correlation analysis was
performed by “cor.test()” function. The results showed that TFR2, HPX and TF were signi�cantly
negatively correlated with most DElncRNAs, while ATP6V1C2, ATP6V1C1, FLVCR1 and ATP6V1B1 were
positively correlated with most DElncRNAs (Fig. 3). In addition, a total of 33 iron metabolism-related
DElncRNAs were identi�ed for subsequent analyses based on their high correlation with the DEIMRGs (|R|
> 0.4, p < 0.05).

Survival Analysis
To further assess the prognostic signi�cance of 33 iron metabolism-related DElncRNAs, univariate Cox
regression analysis was used to evaluate the associations between the expression levels of 33 iron
metabolism-related DElncRNAs and the OS of HCC patients from the TCGA cohort. The results of
univariate Cox regression analysis showed that four iron metabolism-related DElncRNAs including
ARHGAP11B, LINC00205, LINC00261 and SNHG12 were related to the OS of HCC patients (Table 1).
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Table 1
univariate Cox regression analysis showed that four iron

metabolism-related DElncRNAs
Gene HR HR.95L HR.95H coxPvalue

ARHGAP11B 2.408171 1.275171 4.547851 0.006742

LINC00261 0.985387 0.972071 0.998885 0.033954

LINC00205 1.229129 1.095746 1.37875 0.000431

SNHG12 1.132282 1.034761 1.238993 0.00686

Table 1. univariate Cox regression analysis showed that four iron metabolism-related DElncRNAs

Interesting, the Kaplan-Meier survival curves also showed that ARHGAP11B, LINC00205, LINC00261 and
SNHG12 were associated with the OS of HCC patients. Obviously, higher expressions of ARHGAP11B (HR
1.43 [1.01–2.03], P = 0.04), LINC00205 (HR 1.44 [1.02–2.04], P = 0.036), SNHG12 (HR 1.63 [1.15–2.3], P = 
0.005]) were related to the worse OS in HCC patients (Figs. 4A-C),while a low expression of LINC00261
(HR 0.61 [0.43–0.86], P = 0.005) was associated with better outcome in HCC (Fig. 4D). The red lines
represented the high expression of iron metabolism-related DElncRNAs in HCC, and the green lines
represented low expression of iron metabolism-related DElncRNAs.

Notably, consistent with the results of TCGA cohort, the results of survival and expression analysis using
ICGC data (HR 2.13 [1.16–3.9], P = 0.017) also suggested that ARHGAP11B also was differentially
expressed and related to the OS of HCC patients (Figs. 4E and 4F). However, the SNHG12 was not
associated with the OS of HCC patients (HR 1.49 [0.81–2.74], P = 0.194) (Fig. 4G). Moreover, as for the
resting two lncRNAs, we could not �nd them in the expression matrix of ICGC database. Therefore,
ARHGAP11B, LINC00205, LINC00261 were selected as the prognostic biomarkers.

Identi�cation of diagnostic biomarkers
To further explored the diagnostic value of the prognostic biomarkers, we performed the ROC curve
analysis in the TCGA cohort to evaluate their sensitivity and speci�city for the diagnosis of HCC. As
shown in the (Fig. 5A-C), all of the three prognostic biomarkers (ARHGAP11B, LINC00205 and
LINC00261) achieved an AUC value of > 0.80, demonstrating that these DElncRNAs have high sensitivity
and speci�city for HCC diagnosis. Hence, these results suggested that ARHGAP11B, LINC00205 and
LINC00261 could be used as biomarkers for the diagnosis of HCC.

The clinical signi�cance of the possible prognostic
DElncRNAs
To con�rm the clinical value of the prognostic biomarkers, �rstly, we compared the expression levels of
these three DElncRNAs in different sugroup strati�ed by molecular subtypes, age (over or under 60 years),
sex (male/female), pathological stage (stage III, IV/stage I, II), T stage (stage III, IV/stage I, II), N stage
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(presence of lymphatic metastasis or not) and M stage (presence of distant metastasis or not) in the
TCGA database, separately. As shown in the (Fig. 6), the expression of ARHGAP11B was signi�cantly
different in patients with different clinical features such as age, gender, T stage and pathological stage,
while the expression levels of LINC00205 were associated with gender and pathological stage. Clearly,
the patients under 60 years old, females, stage with III, IV and T stage with III, IV inclined to have higher
expression level of ARHGAP11B compared with those patients with the older age, males, stage with I, II
and T stage with I, II. In addition. the expression level of LINC00205 was higher in females than males.
Besides, the expression levels of LINC00205 in stage III, IV subgroup were higher compare with stage I, II
subgroup.

Independent prognostic analysis
Integrating the possible prognostic DElncRNAs and clinic pathological parameters, three DElncRNAs
including ARHGAP11B, LINC00205, stage and T stage were identi�ed to be associated with prognosis by
univariate Cox regression analysis (Fig. 7A). Finally, LINC00205 was independently associated with the
prognosis (Fig. 7B).

ceRNA regulatory network construction and analysis
To explore the regulatory mechanism of the diagnostic and prognostic DElncRNAs, we �rstly screened 91
predictive miRNAs regulated by ARHGAP11B. Then, after overlapping down-regulating DEmiRNAs
(because of the up-regulating ARHGAP11B in cancer samples, Supplementary Fig. 1), 3 key down-
regulated miRNAs which might be regulated by ARHGAP11B were selected. Subsequently, 13 key mRNA
which might be regulated by 3 key down-regulated miRNAs were identi�ed through the analyses of the
expression, starBase database and miRwalk (Fig. 8A). Similarly, we also identi�ed the target key miRNAs
and mRNAs of LINC00205 and LINC00261. Finally, the ceRNA regulatory network including 3 lncRNAs, 15
miRNAs and 25 mRNAs was constructed as shown (Fig. 8A). In addition, GO and KEGG pathway function
analysis was performed to assess the biological process of the genes in the constructed ceRNA
regulatory network and the results illustrated that steroid hormone mediated signaling pathway, steroid
hormone receptor activity and nuclear division etc biological processes and cell cycle, cellular senescence
and p53 signaling pathway etc signaling pathways were signi�cant enriched (Figs. 8B and 8C).
Ultimately, a protein-protein interaction networks (PPI) was constructed to show the interaction of these
genes. As shown(Fig. 8D), CDC25A, CHEK1, CCNE2 and ANLN proteins interact more with other proteins.

Discussion
The homeostasis of iron metabolism is crucial in biological systems. Alterations in iron metabolism is
associated with a number of pathologies to hepatic carcinogenesis that can be ultimately fatal[28].
Evidence continues to accumulate that disorder of iron metabolism in the hepatocytes is closely
associated with progression and development of hepatic in�ammation as well as hepatocellular
carcinoma [29]. There is a positive correlation between the risk of HCC and increased iron level in
hepatocytes [30].
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Furthermore, several researches suggest that gene-lncRNA module involved in iron metabolism is an
important risk factor for the pathogenesis and progression of different diseases. Up till now, few lncRNAs
related with iron metabolism have been identi�ed in HCC[31].

In my present study, we �rstly identify 3 iron metabolism-related lncRNAs as the prognostic and
diagnostic biomarkers of HCC. Long intergenic non-protein coding RNA 205 (LINC00205), which is
located at chromosome 21, NC000021.9, has been revealed to act as a novel biomarker for pancreatic
cancer and lung cancer[32]. In our study, we further reveal that LINC00205 may be associated with the
occurrence of HCC and affect the prognosis of HCC. Consistent with our results, LINC00205 can inhibit
the proliferation and migration of liver cancer cells, which may �nally lead to a better prognosis by
modulating the miR-184/EPHX1 pathway in HCC patients[33]. It has been reported that overexpression of
LINC00261 can inhibit cell proliferation, cell colony formation, cell invasion and EMT process in HCC cells
by activating the DNA damage response[34] [35]. Marta Florio et al [36]. demonstrate ARHGAP11B
ampli�es basal progenitors and is capable of causing neocortex folding in mouse.

Moreover, we construct an iron metabolism-related ceRNA network. RACGAP1 as a hub gene may be
involved in the carcinogenesis, invasion or recurrence of HCC, which promotes proliferation of HCC cells
by reducing activation of the Hippo and YAP pathways [37]. Zhang et al. identify several novel mutated
genes including GNAL may play key roles in liver tumorigenesis[38] .

The PPI network of target genes in the ceRNA network suggest that CDC25A, CHEK1, CCNE2 and ANLN
proteins interact more with other proteins. As an oncogene, higher expression of CDC25A is detected in
various types of cancer, which is signi�cantly associated with progress of tumor differentiation and
invasion [39, 40]. The inhibition of CHEK1 may result breast cancer cell apoptosis and enhancing
replication stress in breast cancer cells expressing RNF126[41]. Overexpression of CHEK1 may induce
HCC progression in vitro and accelerate tumor formation in nude mice,which is identi�ed as a target gene
of miR-330-5p[42].The key �ndings of one study demonstrate that positively regulation of the expression
of CCNE2 as the target of miR-577 via circ-CSPP1 may promoted HCC cell colony formation, invasion and
migration in vitro[43] .

Several important KEGG pathways are identi�ed,among them the most signi�cantly activated pathways
are cell cycle, cellular senescence and p53 signaling pathway. A study demonstrated that Cyclin D1, a
protein involved in G1-phase of cell cycle, are overexpressed in the iron-overloaded liver[44]. In human
hepatoma SMMC7721 cells the reduction of the cellular iron content induces alterations of p53-p27-p21
signaling to arrest the cell cycle at S phase[45].In mouse ageing hepatic tissue, researchers reveal that
iron storage levels provided a robust biomarker of cellular senescence, for associated iron accumulation
and for resistance to iron-induced toxicity [46]. p53 regulated iron metabolism through the transcriptional
regulation of ISCU (iron-sulfur cluster assembly enzyme), which may play a key role in the maintenance
of iron homeostasis in hepatocellular carcinogenesis[47] .

Go enrichment analysis is performed to demonstrated that hub genes enriched in steroid hormone
receptor binding and steroid hormone receptor activity illustrated ceRNA regulation network played an
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essential role in iron metabolism[48, 49]. Excess intracellular iron can damage DNA via reactive oxygen
species (ROS) accumulation when the toxicity of ROS is at a sublethal level, resulting in cellular
senescence as well as cell death[50, 51]. Cancer is linked to cytotoxicity due to iron-mediated ROS,
ischaemia-reperfusion injury during transplantation and ageing-related neurodegenerative diseases[52]
.In mice model,Zhu et al. reveal that knockdown of ANLN in hepatocytes may blocks cytokinesis promote
tumorigenesis and inhibits development of liver tumors[53] .

Conclusions
However, our study still has several limitations. First, although independently prognostic related lncRNA
involved in iron metabolism was identi�ed and validated in various independent datasets, further studies
should be conducted to provided new insight into the mechanisms of HCC. Moreover, the ceRNA network
was identi�ed in three online datasets, further experimental study was urgent to verify the results of the
present study. Moreover, all the results are based on bioinformatics models, more clinical cases are
critical to verify the �ndings. Future experiments of the role of iron metabolism in the progression of HCC
also needs to be further studied and discussed.

In the present study, we identify iron metabolism related LINC00205 acted as a prognostic biomarker and
constructed a mRNA-miRNA-lncRNA ceRNA network. It offers potential therapeutic targets and new
challenges to progression of liver tumor pathogenesis and invasion related with iron metabolism.
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Figure 1

Differential expression analysis The red dots represented the upregulation of lncRNAs (log2FC > 1and
adjusted P < 0:05). The blue dots represented the downregulation of lncRNAs (log2FC < -1 and adjusted P
<0:05) A A volcano plot of DElncRNAs identi�ed between HCC tissue samples and normal tissue samples
in the TCGA cohort B) Heat map of DElncRNAs identi�ed between HCC tissue samples and normal tissue
samples in the TCGA cohort C) A volcano plot of the expression levels of 20 DEIMRGs in HCC patients D)
The expression levels of 20 DEIMRGs shown heatmap in HCC patients
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Figure 2

GO an KEGG functional enrichment analysis of DEIMRGs A) GO functional annotation of DEIMRGs in
HCC B) KEGG pathway of DEIMRGs in HCC

Figure 3
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Identi�cation of the iron metabolism-related DElncRNAs by pearson correlation analysis

Figure 4

Kaplan-Meier survival curves of iron metabolism-related DElncRNAs from the TCGA cohort in HCC and
validate the survival results in ICGC portal in ICGC A  Kaplan-Meier survival curves of ARHGAP11B from
the TCGA cohort B  Kaplan-Meier survival curves of LINC00205 from the TCGA cohort C  Kaplan-Meier
survival curves of SNHG12 from the TCGA cohort D  Kaplan-Meier survival curves of LINC00261 from the
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TCGA cohort E  Expression analysis of ARHGAP11B using ICGC data F  Kaplan-Meier survival curves of
ARHGAP11B using ICGC data G  Kaplan-Meier survival curves of SNHG12 using ICGC data The red lines
represented the high expression of iron metabolism-related DElncRNAs in HCC,and the green lines
represented low expression of iron metabolism-related DElncRNAs

Figure 5

ROC curve analysis of three iron metabolism-related DElncRNAs in TCGA cohort in HCC A) ROC curve
analysis of ARHGAP11B in the TCGA B) ROC curve analysis of LINC00205 in the TCGA C) ROC curve
analysis of LINC00261 in the TCGA The X-axis represented the total survival time (year) and the Y- axis
represented the survival rate.
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Figure 6

the expression of the possible prognostic DElncRNAs in different subgroups according to different
clinicopathologic feature



Page 21/22

Figure 7

univariate and multivariate Cox regression analysis of iron metabolism-related DElncRNAs and
clinicopathological parameters A) univariate Cox regression analysis of iron metabolism-related
DElncRNAs and clinicopathological parameters B)multivariate Cox regression analysis of iron
metabolism-related DElncRNAs and clinicopathological parameters

Figure 8
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ceRNA regulatory network based on iron metabolism-related DElncRNAs and functional analysis A)
Construction of the ceRNA regulatory network B) GO function analysis of the genes in the constructed
ceRNA regulatory network C) KEGG pathway function analysis of the genes in the constructed ceRNA
regulatory network D) protein-protein interaction networks of the genes in the constructed ceRNA
regulatory network


