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Background: Globally, liver cancer is one of the most common malignant tumors and is the third leading
cause of cancer deaths. RNA-binding protein (RBP) is a general term for a class of proteins that bind to
RINA to regulate metabolic processes. The expression of RNA-binding proteins is related to the prognosis of
liver cancer patients.

Methods: The RBP gene expression data of liver cancer were extracted from the TCGA database. First, the
differentially expressed RBPs (DE RBPs) were selected through enrichment analysis and volcano mapping.
Then, the prognosis-related RBP genes were selected through single-factor Cox regression analysis. The key
prognosis-related RBPs were further screened by multifactor Cox regression analysis, and a formula for the
patient’s risk coefficient was obtained. Finally, based on the patient’s risk score, a nomogram was established
and verified.

Results: We extracted 374 cancer tissue samples and 50 normal tissue samples with the clinical information
from each sample. Through enrichment analysis, we screened 208 upregulated RBPs and 122 downregulated
RBPs. Prognosis-related high-risk genes were EEFIEI, NOP56, UPF3B, SF3B4, SMGS5, CD3EAP, BRCAI,
BARDI, XPOS, CSTF2, EZH2, EXOI, RRP12, PRIM1, LIN28B, NROBI and TCOF1, and the low-risk genes
were MRPL46, RCL1, MRPL54, CPEB3, IFIT5, PPARGC1A, EIF2AK4, SEPSECS, ACOI1, SECISBP2 L and
ZCCHC24. Further multivariate Cox regression analysis was performed on the prognosis-related RBPs,
and the three key prognosis-related RBPs were screened out, which were BARDI, NROBI and EIF2AK4. A
patient risk coefficient calculation formula was obtained: risk score = (1.207xBARDI Exp) + (0.483xNROB1
Exp) + (-0.720xEIF2AK4 Exp). Finally, a nomogram was established based on the risk score to predict the
survival time of patients from 1 to 5 years.

Conclusions: The nomogram has good predictive value for the survival time of liver cancer patients.
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Introduction International Agency for Research on Cancer (IARC),
Globally, liver cancer is one of the most common malignant 905,677 cases of liver cancers were newly diagnosed,
tumors and the third leading cause of cancer deaths. and 830,180 patients died in 2020 worldwide (1).
According to the global malignant tumor statistics of the Although treatments such as surgical resection and liver
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transplantation are intended to cure liver cancer (2), the
postoperative recurrence rate is still high, and the long-term
effect is unsatisfactory for many reasons and the limited
beneficiary groups (3).

With the continuous development of molecular biology,
tumor research has gradually moved from macroscopic
research at the overall organ and tissue levels to microscopic
research at the subcellular structure and molecular levels,
thereby fundamentally seeking a cure for the disease.
Therefore, the study of genes and their related proteins
has become a hot spot in today’s research (4-6). Although
some scholars have studied the relationship between
RNA-binding protein (RBP) and liver cancer, they have
focused on the relationship between genes and immune cell
infiltration (7,8), and there is no reliable prognostic model
to predict patient outcome.

RBP is a general term for a class of proteins that bind
to RNA to regulate metabolic processes. RBPs main roles
are to mediate RNA maturation, transport, positioning and
translation (9). In addition, RBPs can interact with proteins
and various types of RNA (mRNAs, ncRNAs, tRNAs,
snRNAs, snoRNAs, etc.) to form ribonucleoprotein (RNP)
complexes. Therefore, changes in RBP expression or RBP
mutations may lead to cancers or other diseases (10,11).
Studies have shown that RBP dysregulation is related to
the poor prognosis of liver cancer (12-14). Therefore,
a prognostic model can be established through RBP to
predict the outcome of liver cancer patients.

With the rapid development of sequencing technology
and the establishment of TCGA (https://cancergenome.
nih.gov), the production of large-scale tumor genomic
datasets and comprehensive biological information analysis
has become possible (15). This study extracted liver cancer
RBP-encoding gene expression profile data from the
TCGA database to establish a prognostic model of liver
cancer, predict the survival time of liver cancer patients, and
provide a theoretical reference for clinicians. We present
the following article in accordance with the TRIPOD
reporting checklist (available at https://tcr.amegroups.com/
article/view/10.21037/tcr-21-2820/rc).

Methods
Data download and analysis

The TCGA database (https://portal.gdc.cancer.gov/) (15)
was jointly established by the US National Cancer Institute
and the US National Human Genome Research Institute.
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It is the world’s largest cancer gene information database,
incorporating information obtained from various genomic
analysis techniques. TCGA has not only developed a large-
scale genome sequence dataset but also contains rich samples
and information from more than 30 kinds of cancers. Most
importantly, for our purposes, TCGA includes very detailed
prognostic information. In this study, the gene expression
profiles and associated clinical data for liver cancer were
collected from the TCGA-GDC (Genomic Data Commons)
database (up to May 21, 2020), and the PERL language
script was used to handle the raw data. Finally, the clinical
information [including ID (identity document) number,
survival time, survival status, age, sex, clinical installment,
T (tumor) staging, lymph node transfer state, and distant
transfer state] of 374 cancer tissue samples and 50 adjacent
tissue samples was obtained. The sample mutation data were
acquired, analyzed, and visualized using the “maftools” tool
(version 2.8.05, https://github.com/PoisonAlien/maftools) in
the R package [R version 4.0.0 (2020-04-24), https://mirrors.
tuna.tsinghua.edu.cn/CRAN/] (16). Then, the R package
“limma” and the Wilcoxon test were used for differential
analysis to identify the differential expression of RBP
between liver cancer and normal liver tissues. The threshold
was |log2 FC1>0.5, and the adjusted P value was <0.05.

GO and KEGG envichment analysis of differentially
expressed RBPs

GO analysis mainly includes three parts: biological
process (BP), cell compositions (CCS) and molecular
functions (MFS) (17). KEGG enrichment analysis provides
biological interpretation of genome sequences and other
high-throughput data (18). We used the R package
“clusterProfiler” [R version 4.0.0 (2020-04-24), https://
mirrors.tuna.tsinghua.edu.cn/CRAN/] to perform GO and
KEGG enrichment analyses on the differentially expressed
RBPs, and the significance threshold and false discovery
rate (FDR) of P were set to less than 0.05.

Protein-protein interaction (PPI) network construction
and subnetwork enrichment analysis and visualization

After we obtained the differentially expressed genes
through enrichment analysis, we studied the interactions
among these differentially expressed RBPs in the STRING
database (19). Then, based on the data in the STRING
database, we used Cytoscape (version 3.6.1, https://
cytoscape.org/) to construct the PPI network (20) and
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subnetworks.

Screening and visualization of prognosis-related RBPs

First, RBP gene expression in the prognosis-related PPI
network obtained from the TCGA-GDO database was
combined with survival time, and “survival” was used in the
R software package to perform single-factor Cox regression
analysis to determine the differentially expressed RBPs
and prognosis-related RBPs. Then, LASSO regression
analysis was performed, and the P value was set to <0.01.
In addition, we used the R package “glmnet” to screen
RBP genes related to prognosis. Then, the forest map was
visualized through the HR value, and the prognosis-related
RBP genes were obtained.

Model construction and survival analysis of
prognosis-related RBPs

The prognosis-related RBPs obtained from the TCGA
database were divided into a training group and a test
group. The training group was used to construct the
model, and the test group was used to verify the accuracy
of the model. First, the obtained prognosis-related RBPs
were subjected to multivariate Cox regression analysis,
the core prognosis-related RBPs were screened out, and
their standardized regression coefficients were obtained.
In addition, the risk score was calculated by the following
formula: Risk Score=Expression of Gene 1xCoefficient of Gene
1+Expression of Gene 2xCoefficient of Gene 2+...Expression of
Gene NxCoefficient of Gene N (21). The risk value of each
patient was calculated according to the formula of the
expression level of each patient’s gene and the risk value,
and then the patients were divided into high- and low-risk
groups according to the median risk value of the training
group. For patients in the test group, the expression levels
of these genes are also known, and the risk value of each
patient can also be calculated according to the risk value
formula. Then, according to the median risk of the training
group, patients in the test group were divided into high-
risk groups and low-risk groups. The R package “survival”
was used to perform Kaplan-Meier curve analysis to analyze
the difference in survival between the two groups, and
P<0.05 was set as a difference. In addition, the ROC curve
was drawn, and the area under the curve (AUC) value was
calculated using the R software package “survival ROC”
to evaluate the predictive ability (22). If AUC >0.65, it
indicates that the curve has a certain accuracy, and if AUC
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>0.7, the curve has a higher predictive ability. A risk curve
was drawn based on the risk values of the high- and low-risk
groups to further verify the accuracy of the model.

To verify whether the model can be used as an
independent prognostic factor without taking into
account other clinical traits, we performed an independent
prognostic analysis. Single-factor and multifactor prognostic
analyses were performed for the training group and the test
group, respectively.

Nomogram establishment of key prognosis-related RBPs

To predict the score of each patient based on the expression
of the model gene, we then predicted the survival period of
each patient. According to the results of multivariate Cox
analysis, we used the R package “rms” to predict the overall
survival (OS) at 1, 2, 3, 4, and 5 years in the TCGA cohort
of liver cancer patients, and on this basis, a prognostic
nomogram of key prognosis-related RBPs was generated to
predict the patient’s survival time.

Verification of expression level and prognostic significance

We used the online data of the Human Protein Atlas
(HPA) (23) to detect the expression of the central RBP at
the translation level and verify whether the normal tissues
and tumor tissues were different from each other through
immunohistochemical images.

Statistical analysis

The PERL language script was used to handle the gene
expression profiles and associated clinical data for liver
cancer. And the R package “limma” and the Wilcoxon test
were used for differential analysis. The threshold was |log2
FCI1>0.5, and the adjusted P value was <0.05. Also, the R
package was used to perform GO and KEGG enrichment
analyses on the differentially expressed RBPs, and the
significance threshold and FDR of P were set to less than
0.05. The “survival” was used in the R software package to
perform single-factor Cox regression analysis to determine
the differentially expressed RBPs and prognosis-related
RBPs. The multivariate Cox regression analysis was used to
screen out the core prognosis-related RBPs.

Ethical statement

The study was conducted in accordance with the

Transi Cancer Res 2022;11(7):1925-1937 | https://dx.doi.org/10.21037/tcr-21-2820



1928 Apizi et al. A prognostic model of liver cancer by RBPs based on TCGA

B
Volcano
25 Significant
* Down,
20 - * Unchange
° Up
S 15 -
3 :
- 10 4
5 .
0 T T I. T

Figure 1 Identification of DE RBPs in the TCGA database and enrichment analysis. (A) Heatmap of the DE RBPs based on P values and

fold change. Red represents high expression, and green represents low expression. (B) Volcano plot of all DE RBPs between liver cancer

and normal samples. Red: upregulated RBPs; black: unchanged RBPs; green: downregulated RBPs. DE RBPs, differentially expressed RNA

binding proteins.

Declaration of Helsinki (as revised in 2013).

Results
Screening of differentially expressed RBPs

Using the R package “LIMMA” and Wilcoxon tests, we
screened 330 differentially expressed RBP genes between
liver cancer tissues and normal liver tissues, including 208
upregulated RBP genes and 122 downregulated RBP genes
(as shown online at: https://cdn.amegroups.cn/static/public/
ter-21-2820-01.pdf), and there were significant differences
(P<0.05). The heatmap and volcano map are shown in Figure 1.

GO and KEGG functional envichment analyses

To understand which functions the differentially expressed
RBP genes shown in Figure 1 are involved in, we used the R
package to draw a histogram of the differentially expressed
RBP upregulated and downregulated genes to perform GO
enrichment analysis. The results of GO enrichment analysis
of the differentially expressed RBP upregulated genes
are shown (Figure 2A): they are significantly enriched in
RNA splicing, ncRNA processing, catalytic activity, acting
on RNA, RNA splicing, via transesterification reactions
with bulged adenosine as nucleophile, mRNA splicing,
via spliceosome, RNA splicing, via transesterification
reactions, RNA catabolic process, mRNA catabolic process
and spliceosomal complex. The results of GO enrichment
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analysis of the differentially expressed RBP downregulated
genes are shown (Figure 2B). The downregulated genes
are significantly enriched in regulation of translation,
regulation of cellular amide metabolic process, catalytic
activity, acting on RNA, RNA catabolic process, regulation
of mRINA metabolic process, nucleic acid phosphodiester
bond hydrolysis, response to virus, negative regulation of
translation, negative regulation of cellular amide metabolic
process and defense response to virus.

In addition, we also drew a histogram of the differentially
expressed RBP genes for the upregulated and downregulated
genes to perform KEGG enrichment analysis. The results
showed that the differentially expressed RBP upregulated
genes are significantly enriched (Figure 2C) in spliceosome,
RNA transport, mRNA surveillance pathway, ribosome,
ribosome biogenesis in eukaryotes and RNA degradation,
while rarely enriched in homologous recombination; the
downregulated genes of differentially expressed RBP are
significantly enriched in influenza A, RNA degradation,
ribosome biogenesis in eukaryotes and hepatitis C (as shown
in Figure 2D) but rarely enriched in RNA transport.

PPI network and subnetwork

After we obtained the differentially expressed RBP genes,
to understand whether there was a protein interaction
relationship among these differentially expressed genes,
we used Cytoscape software to build a PPI network based
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on the data in the STRING database and visualized it to
understand the upregulation and downregulation of the RBP
genes (shown in Figure 3). In total, the PPI network included
311 nodes and 2942 edges (shown in Figure 34). We used
the MCODE tool to construct a subnetwork and screened
out three hub modules. The results showed that subnetwork
1 (shown in Figure 3B) contains 53 genes and 709 nodes,
including 39 upregulated genes and 12 downregulated
genes. Subnet 2 (Figure 3C) contains 19 genes and 97 nodes,
including 4 upregulated genes and 13 downregulated genes.
Subnet 3 (Figure 3D) contains 27 genes and 134 nodes,
including 16 upregulated genes and 10 downregulated genes.

Prognosis-related RBP screening

To obtain the correlation between RBP genes and survival,
we obtained prognosis-related RBP genes according to
single factor Cox regression analysis and then visualized
the forest map through HR values (Figure 4). The results

© Translational Cancer Research. All rights reserved.

showed that the prognosis-related high-risk genes were
EEFIEI, NOPS56, UPF3B, SF3B4, SMG5, CD3EAP,
BRCAI, BARD1, XPOS, CSTF2, EZH2, EXO1, RRP12,
PRIM]I, LIN28B, NROBI and TCOF1I; the prognosis-related
low-risk genes were MRPL46, RCLI, MRPL54, CPEB3,
IFITS, PPARGC1A, EIF2AK4, SEPSECS, ACO1, SECISBP2
L and ZCCHC24.

Model construction and survival analysis of
prognosis-related RBPs

We performed multivariate Cox regression analysis on
the prognosis-related RBP genes and identified three
key prognosis-related RBP genes, BARDI, NROBI and
EIF2AK4, and the results are shown in Figure 5. Meanwhile,
the formula for calculating the patient risk coefficient was
obtained: risk score= (1.207xBARDI1 Exp) +(0.483xNROB1
Exp) +(-0.720xEIF2AK4 Exp), where BARDI and NROBI
are prognostic-related high-risk factors (HR >1), and
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Figure 3 PPI network of differentially expressed genes and subnetworks. (A) PPI network of differentially expressed genes. (B) PPI
network of subnet 1. (C) PPI network of subnet 2. (D) PPI network of subnet 3. Red: upregulated RBPs; Yellow: unchanged RBPs; Green:
downregulated RBPs. PPI, protein-protein interaction; RBPs, RNA-binding proteins.

EIF2AK4 is a protective factor (HR <1).

We drew a Kaplan-Meier curve to analyze the difference
in survival between the test group and the training group.
The results of the test group (as shown in Figure 6A),
P=3.67¢-03<0.05, were statistically significant; the
results of the training group (Figure 6B) showed that
P=9.671e-07<0.05, which were also statistically significant.
Moreover, both groups showed that the OS of low-risk
patients was significantly longer than that of high-risk
patients (P=3.67e-03; P=9.671e-07). In addition, we drew
an ROC curve to evaluate the predictive ability. The results
of the test group (Figure 6C) showed that AUC =0.740>0.7,

© Translational Cancer Research. All rights reserved.

which is statistically significant, indicating that the model has
good predictive ability; the results of the training group are
shown in Figure 6D, AUC =0.717>0.7, which is statistically
significant, indicating that the model has good predictive
ability.

In addition, we drew a risk curve to show the risk scores
and survival status of the high-risk and low-risk groups
in the TCGA database. The results of the training group
are shown in Figure 7A4,7B, indicating that as the risk
score increases, the number of deaths from hepatocellular
carcinoma (HCC) also increases. Then, a heatmap was
drawn to show the expression levels of the three key genes
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P value Hazard ratio
MRPL46 0.006 0.642 (0.469-0.878)
EEF1E1 0.002 1.593 (1.181-2.148)
NOP56 <0.001 1.828 (1.350-2.474)
UPF3B <0.001 1.836 (1.298-2.599)
SF3B4 <0.001 1.708 (1.313-2.221)
SMG5 <0.001 1.707 (1.285-2.270)
RCL1 <0.001 0.676 (0.553-0.826)
CD3EAP 0.003 2.013 (1.278-3.171)
BRCA1 0.007 1.812 (1.180-2.783)
BARD1 <0.001 1.976 (1.328-2.940)
XPO5 0.006 1.714 (1.168-2.516)
CSTF2 <0.001 1.922 (1.408-2.624)
MRPL54 <0.001 0.531 (0.403-0.700)
EZH2 <0.001 1.923 (1.439-2.570)
EXO1 <0.001 1.852 (1.352-2.537)
RRP12 0.004 1.583 (1.156-2.166)
CPEB3 <0.001 0.583 (0.426-0.798)
PRIM1 0.005 1.433 (1.115-1.841)
IFIT5 0.002 0.560 (0.389-0.805)
PPARGC1A <0.001 0.728 (0.627-0.845)
LIN28B 0.015 1.273 (1.048-1.547)
EIF2AK4 <0.001 0.433 (0.287-0.653)
NROB1 <0.001 1.562 (1.266-1.926)
TCOF1 <0.001 2.211 (1.510-3.239)
SEPSECS <0.001 0.601 (0.460-0.785)
ACO1 0.006 0.730 (0.584-0.914)
SECISBP2L 0.013 0.620 (0.426-0.904)
ZCCHC24 0.004 0.676 (0.518-0.881)
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Figure 4 Forest plot of prognosis-related RBP genes. RBP, RNA-binding protein.
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Figure 5 Forest plot of prognosis-related key RBP genes. RBP,
RNA-binding protein.

in the two groups, as shown in Figure 7C.

To verify the predictive ability of the model, we drew
the risk curve of the test group. The results are shown in
Figure 7D,7E. The OS of the high-risk group was
significantly lower than that of the low-risk group. A
heatmap was drawn to show the expression levels of the
three core genes of the two groups, as shown in Figure 7F.
The results of the training and test groups were comparable,
indicating that our prognostic markers have considerable
stability in predicting the OS of liver cancer patients.

We performed an independent prognostic analysis to
verify whether the model can be used as an independent
prognostic factor independent of other clinical traits.
The results of the independent prognostic analysis of the
training group are shown (Figure 84,8B). The P values
of tumor stage and risk value were all <0.001, which was

© Translational Cancer Research. All rights reserved.

statistically significant, while the P values of patient age, sex
and degree of differentiation were all >0.05, not statistically
significant. The independent prognostic analysis of the test
group also obtained the same result (Figure §C,8D).

Nomogram establishment for the three key prognosis-
related RBP genes

We drew a prognostic nomogram of the prognosis-related
RBP genes to predict the survival time of each patient based
on each patient’s risk score, which was calculated from the
formula we obtained before. The score corresponding to
each gene and the survival time corresponding to the total
score of all genes of the patients are shown in Figure 9.

Verification of the expression level in the HPA database

To verify whether there were differences between normal
tissues and tumor tissues, we collected BARDI and
EIF2AK4 immunohistochemical specimen images for
comparison by using the online data of the HPA (21), but
unfortunately, images of NROBI immunohistochemistry
specimens have not been included so far. The collected
pathological results show that the tissue structures of the
normal tissue and tumor tissue are different, as shown in
Figure 10.
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Figure 8 Independent prognostic analysis of the two groups. (A) Univariate analysis of the training group. (B) Multivariate analysis of the

training group. (C) Univariate analysis of the test group. (D) Multivariate analysis of the test group.

0 10 20 30 40 50 60 70 80 90 100

Points L L L . L L L . L !
BARD1 r T T T T T T T T T T T ,

16 18 20 22 24 26 28 30 32 34 36 38 40
EIF2AK4 ——— T T —T

5.4 5 4.8 4.4 4 3.8 3.4 3 28 24
NROB1 r T T T T T T T T 1

10 15 20 25 30 35 40 45 50 55
Total points T T T T T T T T T |

0 20 40 60 80 100 120 140 160 180
1-year survival T T . r .
0.9 0.8 0.7 0.5 0.3
2-year survival r T T T T 1
0.9 0.8 0.7 0.5 0.3 0.1
3-year survival T . . T . . !
0.9 0.8 0.7 0.5 0.3 0.1 0.01
4-year survival T : . T T T |
0.9 0.8 0.7 0.5 0.3 0.1 0.01
5-year survival I . . . . . .
0.9 0.8 0.7 0.5 0.3 0.1 0.01

Figure 9 A nomogram of liver cancer in the TCGA database.

Discussion

With the rapid development of high-throughput sequencing

technology, bioinformatics technology has become a powerful

© Translational Cancer Research. All rights reserved.

tool for screening biomarkers. Caruso er a/. (24) used this

technology to find the response markers of liver cancer and

determined the genetic changes and gene expression patterns

related to the drug response. Many studies have found a
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Figure 10 Immunohistochemistry of two RBPs using the HPA database. (A) Normal tissue expression of BRADI1. (B) Tumor tissue
expression of BRAD1. (C) Normal tissue expression of EIF2AK4. (D) Tumor tissue expression of EIF2AK4. RBP, RNA-binding protein.

relationship between specific molecular markers of liver
cancer and its treatment and prognosis (25-27). However,
there is no relevant previous research on an RBP prognostic
model of liver cancer. Therefore, the purpose of this study
was to establish an RBP prognostic model for liver cancer to
predict the survival of patients.

First, we used the genes and clinical information in the
TCGA database to obtain 208 upregulated RBP genes and
122 downregulated RBP genes. Then, the related biological
pathways were further analyzed, and a PPI network of RBPs
was constructed. Next, through univariate Cox regression
analysis, we found that a total of 28 prognosis-related RBPs
were significantly related to liver cancer. Afterward, through
LOSSO analysis and multivariate Cox regression analysis,
three key RBP genes (BARDI, EIF2AK4 and NROBI) were
identified. Subsequently, we conducted survival and ROC
curve analysis to further explore their clinical significance.
Finally, we constructed a risk model based on 3 prognosis-
related key RBP genes to construct a nomogram to predict
the survival of liver cancer patients. After verification, we
found that the model is useful for predicting the survival of

© Translational Cancer Research. All rights reserved.

liver cancer patients.

We obtained through GO enrichment analysis that
the upregulated genes are significantly enriched in RNA
splicing, ncRNA processing, catalytic activity, acting on
RNA, RNA splicing, via transesterification reactions
with bulged adenosine as nucleophile, mRNA splicing,
via spliceosome, RNA splicing, via transesterification
reactions, RNA catabolic process, mRINA catabolic process
and spliceosomal complex, while the downregulated genes
are significantly enriched in regulation of translation,
regulation of cellular amide metabolic process, catalytic
activity, acting on RNA, RNA catabolic process, regulation
of mRINA metabolic process, nucleic acid phosphodiester
bond hydrolysis, response to virus, negative regulation of
translation, negative regulation of cellular amide metabolic
process and defense response to virus.

In recent years, many studies have confirmed the role
of RBPs in various diseases (28-30). An RBP is generally
considered to be a protein that binds to RNA through
one or more spherical RNA binding domains and changes
the fate or function of the bound RNA. These effects on
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the RNAs include changing their subcellular localization,
causing alternative splicing, affecting their translation
efficiency, and altering their metabolism, which all play key
roles in RNA dynamics (31).

Fragilexmental retardation protein (FMRP) mainly
plays a role in the nervous system; it plays the role of an
RBP and controls the translation of its target mRNAs (32).
Therefore, circZKSCANI] inhibits the cell stemness of liver
cancer by regulating the function of RBP FMRP, inhibiting
the progression of liver cancer (33).

The analysis of the enriched KEGG pathways showed
that the upregulated genes are significantly enriched
in spliceosome, RNA transport, mRNA surveillance
pathway, ribosome, ribosome biogenesis in eukaryotes
and RNA degradation, while the downregulated genes are
significantly enriched in influenza A, RNA degradation,
ribosome biogenesis in eukaryotes and hepatitis C. On this
issue, there are similar conclusions in the research on colon
cancer (34).

Through univariate Cox regression analysis, we found
28 prognosis-related RBPs, and through multivariate Cox
regression analysis, we identified three key prognosis-
related RBPs, including BARD1, EIF2AK4 and NROBI.

In 1996, Wu ez al. (35) discovered the BARDI gene
while investigating the biological function of the BRCAI
protein, and they also found that BARDI directly interacts
with BRCAI through its N-terminal loop domain and that
the BRCA1/BARDI complex is involved in DNA repair
and centrosome regulation. The centrosome is the main
microtubule organization center in animal cells and is
essential for the formation of the bipolar mitotic spindle.
BRCAI and BARDI are located in the centrosome during
the cell cycle, and BRCA1/BARD1 dimers ubiquitinate
centrosome proteins to regulate centrosome function
and then participate in the process of tumorigenesis (36).
BARDI is considered to be a potential pathogenic gene
in colorectal cancer (37,38), endometrial cancer (39) and
pancreatic cancer (40). However, there is no related research
on BARDI and liver cancer, so multicenter experiments
should be conducted to further confirm its role in liver
cancer.

Mutations in the NROBI gene were first mentioned
in adrenal hypoplasia congenita (AHC) (41). NROBI
has an unusual structure; the carboxy terminal region of
the protein contains 12 helices typical of other nuclear
receptors, while the amino terminal region contains 3.5
repeats, approximately 66—-67 amino acids, and contains the
LXXLL motif (42). NROBI is expressed in progenitor stem

© Translational Cancer Research. All rights reserved.
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cells, where it can inhibit differentiation, thereby allowing
the stem cell population to expand (43). Related to this
process, some mechanism is involved in tumorigenesis.
Zhang er al. (44) found that high expression of NROBI is
associated with a better prognosis in operable node-negative
breast cancer. However, its role in liver cancer needs further
research.

EIF2AK4 gene mutation has been confirmed in
pulmonary vein occlusive disease (PVOD) and pulmonary
capillary hemangioma (PCH) (45,46), but there are no
relevant studies confirming its pathogenesis and prognostic
roles in liver cancer. Huang et a/. (47) also confirmed
through similar studies that CNOT6, UPF3B, MRPL54,
IFITS and PPARGCIA are the key RBP coding genes for
primary HCC and can also predict the survival of patients.
Their results are different from ours, which may be caused
by using different reference databases. Research on genes
related to the prognosis of liver cancer is in the initial stage.
There is no relevant literature to explain the mechanisms of
these genes. Therefore, to verify the pathogenesis of these
genes, more multicenter basic experiments are needed on
prognosis-related genes of liver cancer.

In summary, we obtained prognosis-related RBP genes of
liver cancer through screening. Further screening identified
three key prognosis-related genes of liver cancer, BARDI,
EIF2AK4 and NROBI. Among them, high expression of
BARDI and NROBI is associated with a poor prognosis,
and high expression of EIF24K4 is associated with a better
prognosis. In addition, a nomogram was constructed based
on the risk coefficient calculation formula to predict the
survival of patients from 1 to 5 years. Even though this
research provided reference information for the prognosis
of liver cancer, more basic research is necessary to verify
these outcomes.
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