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Abstract: Background: Liver cancer is a common cancer that enormously threatens the health of people world-
wide. With the continuous advances of high-throughput gene sequencing technology and computer data mining
technology, researchers can understand liver cancer based on the current accumulation of gene expression data
and clinical information. Methods: We downloaded the TCGA data of liver cancer on the cancer-related website
(https://genome-cancer.ucsc.edu/proj/site/hgHeatmap/), comprising 438 patients and 20,530 genes. After re-
moving some patients with missing survival data, we collected 397 patients’ samples. Our data were collected from
a public database without real patient participation. While matching the patient samples in the gene expression
spectrum, we attained 330 samples with primary tumors and 50 samples with normal solid tissue. Results: After
the 330 tumor tissue samples were randomized into two equal-numbered groups (one is a training set, and the
other is a test set), we selected 26 gene biomarkers from the training set and validated them in the test set. Based
on the selected 26 gene biomarkers, RBM14, ALG11, MAG, SETD3, HOXD10 and other 26 genes were considered
independent risk factors for the prognosis of liver cancer, and genes such as GHR significantly affect human growth
hormone for liver cancer. The findings discovered that low-risk patients survived remarkably better than the high-risk
patients (P<0.001), and the area under the curve (AUC) of receiver operating characteristic curve (ROC) was greater
than 0.5. Conclusion: Our numerical results showed that these 26 gene biomarkers can be used to guide the effec-
tive prognostic therapy of patients with liver cancer.
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Introduction

Liver cancer is a common malignant tumor,
which is classified into primary and secondary.
The liver may be impacted by primary liver can-
cer, which occurs in the liver, or by cancer that
originates from other parts of the body and
then spreads to the liver. But most liver cancer
is secondary or metastatic, indicating that it
originates from elsewhere in the body. Primary
liver cancer occurs in the liver. About 2% of can-
cers in the U.S, but up to half of all cancers in
some undeveloped countries, result from the
epidemic of hepatitis caused by infectious vi-
ruses that is susceptible to liver cancer. In the
U.S., men with primary liver cancer is twice in
number as of women [1]. In China, 2010 saw
358,840 new patients diagnosed with liver

cancerand 312,432 died of this disease. Based
on China’s population at that time, incidence
and mortality rate were 0.0027% and 0.023%,
especially in underdeveloped rural and western
regions. China’s liver cancer incidence and mor-
tality rates are much higher than the world aver-
age [2].

Currently, the etiology and molecular mecha-
nism of primary disease are not yet clear, but it
is known that there are many influencing fac-
tors. Hepatitis B virus infection, aflatoxin intake,
and long-term consumption of unclean water
are the main causes of liver cancer in the world
[3]. With the change of diet habits and neonatal
hepatitis B vaccinations, the exposure of risk
factors is decreasing, but liver cancer incidenc-
es are still increasing [4].
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Medical research and drug development for
liver cancer are of great significance to people
all over the world. Presently, targeted drugs [5]
have wide application prospects in liver cancer
treatment compared with traditional treatment
methods, and they have incomparable advan-
tages by targeting abnormally expressed genes
rather than targeting normally expressed genes
[6, 7]. However, it is important and difficult to
select the safest and most appropriate genes
for targeted gene therapy. In this paper, we
hope to provide some technical support for
selecting the appropriate genome by data min-
ing and analysis of genetic biomarkers of hepa-
tocellular carcinoma.

The advances of gene chip technology and
next-generation sequencing technology [8] as-
sist in mastering liver cancer research from the
genomic perspective and proposing effective
gene biomarkers, which provides effective sci-
entific evidence for drug development and clini-
cal decision-making. In the meantime, the indi-
vidualized medical treatment and precision
medical care have been constantly modified
[9]. Through high throughput gene expression
experiments, we generally find that there are
more observed values than samples, and tradi-
tional statistical methods have higher dimen-
sional problems. This study used least absolute
shrinkage and selection operator (LASSO) to
perform data mining on genomic data to mini-
mize the instability caused by high dimensional
data [10].

At first, the Cancer Genome Atlas (TCGA) data
of liver cancer were obtained from cancer sam-
ples, and 15 high-risk genes and 11 low-risk
genes were calculated by Cox regression analy-
sis. Based on the linear combination of gene
expression and Cox regression coefficient, we
allocated the patients into a high-risk group
and a low-risk group [11-14] by the value of
each patient’s prognosis index. Using survival
analysis, we further verified whether the prog-
nostic genes analyzed by mining can signifi-
cantly distinguish the patients of the two types.

Materials and methods
Data collection
We downloaded the TCGA data of liver cancer

on the cancer-related website (https://genome-
cancer.ucsc.edu/proj/site/hgHeatmap/), com-
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prising 438 patients and 20,530 genes. After
removing some patients with missing survival
data, we collected 397 patients’ samples [15-
17]. All data were collected from a public data-
base without real patient participation.

Data preprocessing

By eliminating 5 incomplete gene data from
397 patients’ samples, the remaining 392
samples were obtained and further divided in-
to tumor tissue (336) and normal tissue (56)
according to the characteristics of clinical data.
After matching the patient samples in the gene
expression spectrum, we attained 330 sam-
ples with primary tumors and 50 samples with
normal solid tissue.

Finally, we equally randomized 330 patient
samples with primary tumors into two groups
(one for a training set, and the other for a test
set) using the “sample” function.

Clinical data analysis

Many factors in clinical variables usually have
an impact on the prognosis of patients with
liver cancer, so many clinical variables should
be considered as influencing factors. Based on
previous research, some risky clinical factors
including age, sex, cancer status, family cancer
history, and pathologic staging were used for
analyzing the clinical factors relevant to the
subsequent data mining analysis [18-21].

Analysis of gene data

First of all, we used the “Limma” package of R
language (version number 3.4.0) to analyze the
gene differential expression of 165 training
set samples and 50 normal tissue samples. In
accordance with the adjusted P value (adj.P.val
<0.001) and fold change (logFC > 1 or logFC <
-1), we screened 5,075 differentially expressed
genes [22, 23].

We then used the “survival” package in R to
carry out Cox regression analysis of 5,075
genes and calculated the Cox coefficient, the
hazard ratio (HR) value, and the P value of each
gene using the Wald test. We screened 475
genes (P<0.05) that had significant correlation
with the survival of the patients [24-26].

Finally, the 475 genes were treated by the
LASSO method again in the R “gImnet” soft-
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Table 1. Clinical information statistics

Statistical methods

Patients  Log-rank test

Factors (Death) Pvalue HR (95% Cl) We analyzed the survival of pa-
Age 0.109 1309 t|en_ts with the use of Kaplqn-
> 63 89/198 [0.9406, 1.821] Meier curve, and performed sig:
’ nificance analysis using the dou-
<63 860/199 ble tail log-rank test. The P value
Gender 0.5742 0.9716 was set to less than 0.05 as a
Male 88/262 [0.6937, 1.361] threshold to judge whether the
Female 261/135 difference was significant [28].
Cancer_status ) o )
Unknown 13/24 0.5608 We did Unlvalrlatg survival analy-
With tumor 82/152 0.0009918 [0.3956, 0.795] sis and multivariate Cox regres-
sion analysis by means of the sur-
Tumor-free 54/221 vival package of R. The ROC curve
Family_cancer_history was pictured with the use of the
Unknown 13/49 0.6195 survival ROC package of R based
Yes 69/137 [0.4415, 0.8693] on its glmnet software package.
No 67/211 0.005174 LASSO analysis was carried out
Pathologic_T by using 90% off cross-validation
Unknown 0/1 and 1000 iteration operation.
0 0/1 Experimental result
X 1/1 1.9636
T1 61/200  7.052e-05 [1.399, 2.756] Statistical analysis of clinical
T2 35/101 variables
3 40/78
T4 12/15 From the clinical materials of 330

ware package to gain more critical genes. After
90% off cross-validation, 26 risk genes, which
closely correlate with survival, were finally ob-
tained [27].

Prognostic index calculation

The prognostic index is an important indicator
of the integration of risk genes, and provides a
prognostic index (PI) value for each patient with
liver cancer. Pl is calculated by linearly fitting
the product of the expression and the coeffi-
cient corrected by LASSO of each gene. The for-
mula of the prognostic index is as follows:

P=B X +*BX, .. +BX+. . +B X (1)

where X indicates the ith gene expression, and
B, is the coefficient corrected by LASSO of the
ith gene.

Dataset verification

After the whole process was carried out on the
training set sample, 26 gene biomarkers were
finally screened out. Then, 165 samples of the
test set were used to verify the feasibility of the
26 gene biomarkers.
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patient samples, we took the
patients’ age, gender, cancer sta-
tus, family history of cancer, and pathologic
staging as the single variable. We carried out
the Cox regression analysis by means of the
“survival” package in R and calculated the P
value of the Log-rank test and the HR value of
each clinical factor (Table 1). Based on the
selected 26 gene biomarkers, 26 genes such
as RBM14, ALG11, MAG, SETD3 and HOXD10
are individual risk factors in the prognosis of
liver cancer, and genes such as GHR signifi-
cantly affect the human growth hormone of
liver cancer. We developed the survival curves
of each group, as shown in Figures 1-3 and
summarized the collected data in Table 2.

Analysis of gene prognostic index

By linear fitting the product of expression and
regression coefficient of the 26 genes in each
sample, we gained the prognostic index (PI) for
each patient and ranked the patient indices
from small to large. In accordance with the
median Pl value, the patients were allocated
into high-risk patients and low-risk patients
(see Figure 4A). We pictured the survival curve
of both groups by Kaplan Meier (Figure 4B).
When we took 5 years as the survival time, we
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Figure 1. Survival curves of tumor and tumor free groups.
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Figure 2. Survival curves of relative family cancer history and without relative family cancer history groups.
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Figure 3. Survival curves of different pathologic stagings.

first drew the ROC curve using the “survival
ROC” package (see Figure 4C). Figure 4D
shows the result of the heatmap of 26 genes in
high- and low-risk patients. We used the 26
genetic biomarkers to validate the test set sam-
ples, so as to further verify their accuracy
(results shown in Figure 5).
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Total survival time(day)

Functional analysis of prognostic genes

For these 26 gene prognostic biomarkers, func-
tions or pathways of these biomarkers were
analyzed using the online gene ontology analy-
sis tool DAVID [29, 30], and the biological func-
tion was shown in Figure 6. We imported these

Am J Transl Res 2021;13(5):4603-4613



Prognostic gene biomarker identification in liver cancer

Table 2. Gene list

Gene name Full name (HR, 95% Cl) Coefficient of Cox P value

Risk gene
RBM14 RNA binding motif protein 14 1.00043 0.048972159 0.000424
ALG11 Alpha-1,2-mannosyltransferase 1.020704 0.042378391 0.002449
MAG Myelin-associated glycoprotein 1.011657 0.026155322 0.005336
SETD3 SET domain containing 3 1.010442 0.025303277 0.04619
HOXD10 Homeobox D10 1.023025 0.023870329 0.000146
NAB1 NGFI-A binding protein 1 1.001622 0.021278692 0.010548
HOXD1 Homeobox D1 1.02395 0.020723858 0.000112
VPS33A Vacuolar protein sorting-associated protein 33A 1.000004 0.02019773 0.016008
SPA17 Sperm autoantigenic protein 17 1.018591 0.01922508 0.007574
FAM18B2 Golgi apparatus membrane protein TVP23 homolog C 1.016758 0.017435934 0.042599
HSD17B12 Hydroxysteroid 17-beta dehydrogenase 12 1.012643 0.017412119 0.04198
AKIRINL Akirin 1 1.007642 0.016965499 0.017409
XPR1 Xenotropic and polytropic retrovirus receptor 1 1.001022 0.016692604 0.004736
ZDBF2 zinc finger DBF-type containing 2 1.000684 0.015541813 0.005524
SETP3 Septin 3 1.005063 0.013854683 0.003262

Protective gene
CFHR3 Complement factor H related 3 0.998525 -0.007495812 0.000474
GHR Growth hormone receptor 0.997015 -0.008937969 0.004232
PSD4 Pleckstrin and Sec7 domain containing 4 0.990101 -0.011994413 0.003506
AHSA2 Activator of heat shock protein ATPase 2 0.997407 -0.014005068 0.017464
PzP Pregnancy zone protein 0.99091 -0.01422213 0.032387
SOCS2 Suppressor of cytokine signaling 2 0.99 -0.014911698 0.000493
MGMT Methylated-DNA--protein-cysteine methyltransferase 0.976306 -0.0179435 1.96E-05
KLRK1 Killer cell lectin like receptor K1 0.9918 -0.018454796 0.01954
VPS39 Vam6/Vps39-like protein 0.988445 -0.021095758 0.032571
C9orf163 Chromosome 9 open reading frame 163 0.981049 -0.024429344 0.021895
LOC285359  Unknown 0.990937 -0.032193194 0.034797

26 genes into the online gene analysis tool
STRING to analyze the related gene functions
(Figure 7). These growth-related signaling path-
ways are strongly correlated with proliferation
and metastasis of cancer cells (Table 3) [32]. In
the analysis of cellular components, we found
that different combinations of genes make up
different cells (Table 4).

Discussion

In this study, diverse statistical analysis meth-
ods, consisting of LASSO regression, univariate
survival analysis, multivariate Cox proportional
risk regression model, and ROC curve analysis,
were used for mining the gene expression pro-
file of liver cancer. In particular, with the use of
the supervised clustering analysis, we screen-
ed the patients with high risk or low risk on the
training set and test set. The results show-
ed that the method in this paper is highly
accurate.
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By linear fitting the product of expression and
regression coefficient of the 26 genes in each
sample, we gained the prognostic index (PI) for
each patient and ranked the patient indices
from small to large. In accordance with the
median Pl value, the patients were allocated
into high-risk patients and low-risk patients,
where a lower Pl value indicated that patients
were at lower risk of death. With the use of
Kaplan Meier, we calculated that the P value of
the Log-rank test was less than 0.001, and HR
was equal to 11.079, indicating that the two
groups of patients have significant differences
in survival time. We judged the merits and
demerits of the model constructed by the 26
gene biomarkers according to the AUC value.
The findings discovered that AUC was 0.912
(AUC > 0.5 means a well-behaved model) indi-
cating that the model constructed by these 26
gene biomarkers performs very well. Based on
the experimental results of the training set
sample data, we found that 26 gene prognostic
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A Validation set

1.0

08

06

survival rate
04

¥, High risk(n=82)

........ Bommm=

02

log rank p=4.851e-06
HR=3.406(1.956~5.93)

0.0

0 500 1000 1500 2000
Total survival time(day)

2500 3000

Figure 5. The accuracy of the test results.

biomarkers could be used to significantly clas-
sify HCC (hepatic cell carcinoma) patients into
two parts: high risk and low risk. Based on
these 26 biomarkers, 165 patients were as-
signed to two groups in accordance with Ka-
plan-Meier, where the P value of the Log-rank
test was less than 0.001, and the risk value of
HR was 3.406. A lower area AUC (0.792) in the
ROC receiver’s curve, indicating that the 26
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gene biomarkers can still separate patients
into high risk and low risk based on the test set
sample.

For these 26 gene prognostic biomarkers, func-
tions or pathways of these biomarkers were
analyzed using the online gene ontology analy-
sis tool DAVID [29, 30]. We found that these 26
gene biomarkers are mainly involved in skeletal
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Figure 6. The analysis of functions or pathways of these biomarkers using

the online gene ontology analysis tool DAVID29FFF.
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system growth, growth hormone receptor sig-
naling pathway, cell response to growth hor-
mone stimulation, regulation of catalytic activi-
ty, vacuolar fusion, growth hormone reaction,
and lysosomal transport in the inner body. To
further understand the relationship between
these biomarkers and the functions or path-

4609

AHSA2

‘ ,ZDBF2

c

PA17

)\)

/\ALGH

,—ﬁMvpsm
‘\Hoxom B

VPS16

ﬂcmm

Figure 7. The analysis of the related gene functions using online gene analy-

ways involved, we imported
these 26 genes into the online
gene analysis tool STRING to
analyze the related gene func-
tions [31]. The A pathway in
Figure 7 includes GH1, GHR,
and SOCS2 genes, which are
closely associated with human
growth hormone that impacts
liver cancer [31]. The B path-
way in Figure 7 includes vps-
16, vpsl8, and vps4l, which
are directly related to the for-
mation of SNARE protein. The-
refore, vpsl6, vpsl8, and vps-
41 may provide a new direc-
tion for the treatment of liver
cancer [31]. The C pathway in
Figure 7 includes HSPO90OAA1
and AHSA2, which are mainly
related to ATPase [32].

The development pathway re-
sults indicate that these ge-
nes are mainly enriched in the
combination of soluble N-ethyl
maleimide sensitive protein re-
ceptors. Other genes mainly
participate in the pathway of
growth hormone receptor and
the cell response pathway sti-
mulated by growth hormone.
These growth-related signal-
ing pathways are strongly cor-
related with proliferation and
metastasis of cancer cells
[32]. In the analysis of cellular
components, we found that
different combinations of ge-
nes make up different cells.
These gene products usually
form a number of protein com-
plexes to adsorb on the cell
membrane and then merge
into the nuclear body.

,-\, HSPY0AA1

According to the results of STRING, GH1, GHR,
and SOCS2 were associated with the epidermal
growth factor receptor, which was related to
liver cancer development [33, 34]. Additionally,
vpsl6, vpsl8, and vps4l were associated with
formation of SNARE. SNARE protein is essential
to the vesicle trafficking between cellular com-
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Table 3. Biological process (GO)

Pathway ID  Pathway description Observed False discovery  Matching proteins in
gene count rate your network (labels)
G0.0035542 Regulation of SNARE complex assembly 3 0.00197 VPS16, VPS18, VPS41
G0.0060396 Growth hormone receptor signaling pathway 3 0.0202 GH1, GHR, SOCS2
G0.0060397 JAK-STAT cascade involved in growth hormone signaling pathway 3 0.0202 GH1, GHR, SOCS2
G0.0071378 Cellular response to growth hormone stimulus 3 0.0202 GH1, GHR, SOCS2

Table 4. Cellular component (GO)

#Pathway ID Pathway description Observed False discovery Matching proteins in your network
gene count rate (labels)

G0.0030897 HOPS complex 4 5.33E-09 VPS16, VPS18, VPS39, VPS41

G0.0005770 late endosome 5 0.00496 VPS16, VPS18, VPS33A, VPS39, VPS41

G0.0031902 Late endosome membrane 4 0.00496 VPS16, VPS18, VPS33A, VPS39

G0.0005765 Lysosomal membrane 5 0.00713 VPS16, VPS18, VPS33A, VPS39, VPS41

G0.0044440 Endosomal part 5 0.0435 VPS16, VPS18, VPS33A, VPS39, VPS41

partments and the plasma membrane, and
the key roles of SNAREs are commonly to lend
specificity for vesicle trafficking and mediate
the membrane fusion process [35-38]. Beca-
use vesicle transport is involved in many impor-
tant cell life events, vps16, vps18, and vps4l
may provide new directions for liver cancer
treatment.

According to string function analysis, we ob-
tained a network of genes including three path-
ways. Apart from our above conclusion descrip-
tion, the results also illustrated that HSPOOAAL
is a molecular chaperone that aids in protein
folding and quality control for many “client” pro-
teins. HSPOOAA1 operates as a dimer and has
intrinsic ATPase activity. In addition, AHSA2 is a
co-chaperone that stimulates HSP90O ATPase
activity, which significantly affects liver cancer
[39-42].

Among the 26 genes screened in this study,
some scholars have confirmed that seven ge-
nes, including MAGG, SETD3, HOXD10, HOXD1,
GHR, SOCS2, and MGMT, are closely related to
liver cancer. For example, if HOXD-AS1 expr-
ession rises, the overall survival of patients
with liver cancer dramatically decreases, which
is an independent prognostic indicator [43].
The miR-224/HOXD10/p-PAK4/MMP-9 signal-
ing pathway makes contribution to metastasis
regulation and cell invasion [44, 45]. HOXD10
restrains the proliferation of HCC cells by limit-
ing ERK signal [46]. However, if SOCS2 expres-
sion in patients with HCC decreases, the prolif-
eration and metastasis of HCC cells will accel-

4610

erate, indicating that SOCS2 is crucial in inhibit-
ing HCC metastasis [47-49]. EGFR-AS1 (target
of GHR) can improve the ability of metastasis
and proliferation of hepatoma cells and accel-
erate further liver cancer development. More-
over, it has been found that EGFR-AS1 can
affect the growth cycle of hepatoma cells, so
EGFR-AS1 (target of GHR) is a very important
prognostic factor and provides a possible treat-
ment for liver cancer [50]. It is possible that
other gene biomarkers screened by this meth-
od have not been reported in the relevant lite-
rature of liver cancer disease, indicating that
these potential targets have not yet been
found. Further experimental exploration and
clinical examination are necessary to under-
stand the role of these gene biomarkers. More
stable genetic markers are expected to be
found by this method, which offers a more sci-
entific reference in support of drug develop-
ment and clinical decision-making.
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