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Abstract
Background

Liver cancer is the sixth most common diagnosed cancer, and the fourth most common cause of cancer
death in the world. Currently, the most commonly used diagnostic marker in clinical practice is alpha-
fetoprotein(AFP), but its diagnostic accuracy is low. At the same time, the prognosis of liver cancer
patients is of great signi�cance to the determination of the diagnosis and treatment of liver cancer and
the improvement of the quality of life of the patients. Therefore, the purpose of this paper is to �nd new
diagnostic markers and prognostic markers of liver cancer and to explore the pathways and biological
functions related to the prognosis of liver cancer.

Methods

We �rstly obtained the GSE25097 dataset and the the Cancer Genome Atlas(TCGA) datasets respectively
and then analysed the differentially expressed genes(DEGs). To study the potential biological function of
DEGs, we conducted enrichment analysis of GO biological functions and the Reactome pathway with R
language. We used protein-protein interaction network analysis to identify the relationship among these
common DEGs(Common DEGs), and further screened out the hub genes among these Common DEGs.
We used ROC curve analysis to screen the hub genes to determine the genes that could be used as
diagnostic markers of liver cancer. Kaplan-Meier analysis and Cox proportional hazards model were used
to screen genes associated with prognosis of liver cancer, and further single-gene GSEA(gene set
enrichment analysis) was performed on the prognosis genes to explore the mechanism affecting the
survival and prognosis of liver cancer patients.

Results

We obtained 790 DEGs and 2162 DEGs respectively from the GSE25097 and TCGA LIHC data sets, and
get 102 Common DEGs by overlapping the two DEGs. We screened 22 hub genes from 102 Common
DEGs. We used ROC curve and survival curve to analyze these 22 Hub genes, and found that there were
16 genes with the AUC > 90%, among which the expression levels of ESR1,SPP1 and FOSB genes were
closely related to the survival time of liver cancer patients. We revealed all the related pathways of ESR1,
FOSB and SSP1 genes by using single-gene GSEA analysis, and found three common pathways of ESR1,
FOBS and SPP1 genes, seven common pathways of ESR1 and SPP1 genes, and four common pathways
of ESR1 and FOSB genes.

Conclusion

we found that ten genes with high expression in the liver cancer, including SPP1, AURKA, NUSAP1,
TOP2A, UBE2C, AFP, GMNN, PTTG1, RRM2 and SPARCL1, and six genes with low expression, including
CXCL12, FOS, DCN, SOCS3, FOSB and PCK1, can be used as markers of liver cancer diagnosis, among
which FOBS and SPP1 genes can also be used as prognostic markers of liver cancer. Activation of the
cell cycle-related pathway, PANCREAS BETA CELLS pathway, and the estrogen signalling pathway in
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LIVER CANCER patients, while inhibition of the HALLMARK HEME METABOLISM pathway, HALLMARK
COAGULATION pathway, and the fat metabolism pathway may promote the prognosis in LIVER CANCER
patients.

Background
According to the Global Cancer Statistics 2018 report, liver Cancer became the sixth most common
diagnosed cancer and the fourth leading cause of cancer death in the world in 2018[1]. The highest
incidence (mortality) of liver cancer is in East Asia, accounting for 35.5% of the global total. The main risk
factors for liver cancer are chronic hepatitis B virus (HBV)[2-4], hepatitis C virus (HCV)[5-7], a�atoxin-
contaminated food[8], heavy alcohol consumption[6, 9, 10], obesity[11], smoking[12] and type 2
diabetes[13, 14]. According to statistics, the risk factors of liver cancer formation are different in 53
countries and regions in the world. In most high-risk areas such as China and East Africa, chronic HBV
infection and a�atoxin exposure are the main determinants of liver cancer. In contrast, HCV infection is
the leading cause of liver cancer in Japan and Egypt [15, 16]. Mongolia has the highest incidence of liver
cancer in the world, HBV and HCV virus infection, HBV co-infection with HCV or hepatitis virus, and
alcoholism are all the reasons for the high incidence in Mongolia[17]. For low-risk liver cancer areas, the
increase in obesity rates is the cause of the increase in liver cancer incidence.

The internationally recognised TNM cancer staging method divides cancers into stage I, stage II, stage III
and stage IV[18]. People divide cancer into early, middle and late stages, if corresponding to TNM stage,
phase I is early-stage, phase II and III are middle-stages, and phase IV is late-stage. Most cancers are
diagnosed at the late stage, especially liver cancer. According to Traditional Chinese medicine, the liver is
the "O�cer Of General"[19], playing a general role in the body and allocating the functions of various
parts of the body. Liver as a "general", must have a strong ability to resist pressure, the daily task is heavy,
with a variety of pressure, minor illness and pain must not be shown. Modern medical research has
shown that there is no pain sensation in the liver, and even if the liver disease had happened, the body
does not feel it. Therefore, no matter from the perspective of traditional Chinese medicine or modern
medicine, the clinical manifestation of liver disease is very slight, Therefore, in clinical practice, most
patients with liver cancer are diagnosed at a late stage[20-23]. The cure rate of early-stage liver cancer is
very optimistic, so if we can make a diagnosis in stage III, stage II or even stage I, then the treatment of
tumour will not be as desperate as it is now.

Alpha-fetoprotein(AFP) is currently the only clinically used biomarker for early diagnosis of liver cancer.
AFP was discovered more than 50 years ago and is a less accurate diagnostic biomarker for liver cancer.
32% and 59% of liver cancer patients have normal AFP levels[24]. Therefore, �nding new diagnostic
biomarkers of liver cancer is of great signi�cance for the accurate diagnosis of liver cancer. For cancer
patients, the prognosis and survival time of cancer is of great signi�cance for improving the quality of life
of patients, as well as the diagnosis and treatment scheme adopted. Currently, the therapeutic indications
for the treatment of liver cancer are more concerned with tumour size and number of nodules and less
concerned with its aggressiveness[25]. Compared with a small and aggressive liver cancer node, patients
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with multiple large but not aggressive liver cancer nodules may have a better prognosis, hence the current
prognostic criteria are not accurate. Therefore, if we can �nd the genes related to the prognosis of liver
cancer, it is of great signi�cance for both treatment and improvement of patients' quality of life. In this
paper, the data of liver cancer patients in TGCA and GEO databases were taken as objects to search for
diagnostic biomarkers and prognostic biomarkers of liver cancer through data mining, to improve the
accuracy of early diagnosis of liver cancer, achieve early detection and treatment, and reduce mortality. At
the same time, through the accurate judgment of the prognosis of liver cancer patients, adjuvant
treatment to determine the plan.

Methods
Microarray data

Liver Cancer dataset was obtained from TCGA(https://portal.gdc.cancer.gov/), including 50 normal liver
tissue samples, 371 samples of liver cancer, coupled with the clinical data. Another gene expression
pro�ling datasets (GSE25097), including information of 243 normal samples and 268 tumour samples,
were downloaded from Gene Expression Omnibus(GEO, https://www.ncbi.nlm.nih.gov/geo/database),
and measured in this array(Platform: GPL10687 Rosetta/Merck Human RSTA Affymetrix 1.0 microarray,
Custom CDF).

Data processing

The original microarray data of GSE25097 dataset and TCGA LIHC dataset were respectively analysed
with R language to screen the differentially expressed genes (DEGs), and adj.p-value < 0.05 and |logFC|>2
were used as the cut-off criteria. We used The Draw Venn Diagram online
tool(http://bioinformatics.psb.ugent.be/webtools/Venn/) to calculate the intersection of two differentially
DEGs derived from two different datasets, which was common differentially expressed genes(the
Common DEGs).

Volcanic maps and heat maps of DEGs obtained from GEO and TCGA databases

We used packet pheatmap, packet ggplot2 and other R packets to draw heat maps and volcanic maps of
DEGs.

Gene Ontology and Reactome pathway analysis

GO analysis of the obtained DEGs was carried out using the package clusterPro�ler. The package
ReactomePA was used for enrichment analysis of the obtained DEGs in the Reactome pathway. P < 0.05
was considered as statistically signi�cant.

Protein-protein interactions network

https://portal.gdc.cancer.gov/
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The Retrieval of Interacting Genes/Protein(STRING) is an online protein interaction tool (https://string-
db.org/) that can integrate known protein-protein correlation data to build upstream and downstream
relationships between proteins[26]. We put the Common DEGs into STRING software to build and
visualise the protein-protein interaction (PPI) network. Also, we applied the cytoHubba in Cytoscape
software (Cytoscape_v3.6.1) to screen hub genes. Top 22 genes with connection degree>5 were selected
as hub gene.

Draw the ROC curve of hub gene

Using the package pROC, Receiver Operating Characteristic(ROC) curve analysis is performed on 22 hub
genes. AUC > 90% is set as a cutoff value to determine the diagnostic signi�cance of hub genes.

Survival and statistical analysis

For survival analysis, gene expression values were divided into low and high expression groups by using
the R language. The hazard ratio (HR) was determined via a Cox regression model, and survival curves
were plotted from Kaplan‐Meier estimations. P<0.05 was considered to indicate a statistically signi�cant
difference.

Hub gene expression

The package ggpubr was used to draw boxplot to observe the distribution of hub genes in liver cancer
tissue and normal liver tissue.

Gene set enrichment analysis

Gene set enrichment analysis (GSEA) is a computational method that assesses whether a priori de�ned a
set of genes shows statistically signi�cant, concordant differences between two biological states[27]. To
investigate the role of ESR1, SPP1 and MYH11 gene in liver cancer, we used the package clusterPro�ler to
conduct single-gene GSEA analysis. p-value < 0.05 and p.adjust < 0.05 were regarded as the cut-off
criteria.

Results
Identi�cation of DEGs

The GSE25097 dataset was processed with R, DEGs with adj.p value <0.05 and |logFC| > 2, including 790
genes were screened for further investigation(Figure 1, Supplement table 1). The TCGA LIHC dataset was
analysed with R ×64 3.6.1, using the package DEGseq2, adj.p value <0.05 and |FC| > 2 were regarded as
the cut-off criteria. We got 2162 genes that met the standards(Figure 1, Supplement table 2). To con�rm
the reliability of DEGs in liver cancer, we obtained Common DEGs of the two datasets, including 102
genes (Figure 1, Table 1). The volcano map (Figure 2A, Figure 2C) and heat map (Figure 2B, Figure 2D)
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were drawn based on the differential genes obtained from data set GSE25097 and TCGA LIHC,
respectively..

GO and Reactome pathway analysis of the DEGs

We used GO analysis and Reactome Pathway analysis to conduct enrichment analysis of 102 Common
DEGs. GO analysis includes biological process(BP) analysis, cellular component(CC) analysis and
molecular function(MF) analysis(Figure 3a). BP analysis showed that liver cancer had changes in
hormone metabolism(Cellular hormone metabolic process, Hormone metabolic process), cell reaction to
copper, cadmium ions and inorganic substances, and detoxi�cation function(Cellular response to
cadmium ion, Cellular response to metal ion, Cellular response to inorganic substance, Cellular response
to copper ion, Detoxi�cation of copper ion, Detoxi�cation). CC analysis showed that the Collagen trimer
and Collagen-containing extracellular matrix of liver cancer cells was changed. Moreover, the MF analysis
showed that the patients with liver cancer had an abnormal expression of oxidoreductase activity and
molecular binding function(Glycosaminoglycan binding Cytokine receptor binding iron ion binding
extracellular matrix binding carbohydrate binding). The results showed that the changes of cellular
collagen were observed at the cellular level, the changes of hormone metabolism, reaction to metal ions
and detoxi�cation were observed at the biological function, and the changes of molecular binding and
oxidoreductase activity were observed at the molecular level.

Through Reactome enrichment analysis(Figure 3B), we found that liver cancer changes in biological
oxidations, reactions and conjugation ability to metal ions(phase II-conjugation of compounds,
metallothioneins bind metals, response to metal ions), and also affects growth hormone receptor
signalling.

Comparing the results of the two enrichment analyses, we found that the information obtained by the two
enrichment analyses was consistent, that is, the two analyses were enriched with changes in hormone
metabolism, biological oxidation, cell reaction to metal ions and other aspects in patients with liver
cancer.

PPI network analysis and screening for hub Genes

102 the DEGs were input into STRING to build PPI network (Figure 4A). Then the PPI network diagram
was imported into Cytoscape(3.2.1). CytoHubba of app plug-in was used to calculate the Degree Value
and other parameter values(Supplement table 3). Genes whose Degree Value is greater than or equal to 5
are taken as Hub genes, and a total of 22 Hub genes were obtained(Table 2). See Figure 4B for the
relationship between 22 Hub genes.

Expression of Hub genes in patients with liver cancer

The expression of 22 Hub genes in liver cancer and normal liver tissues was analysed, and it was found
that SPP1, AURKA, NQO1, NUSAP1, TOP2A, UBE2C, AFP, GMNN, PTTG1, RRM2, UBE2T, GPC3, SPARCL1
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etc.(Figure 5A) 13 genes were highly expressed in liver cancer tissues. However, ESR1, CXCL12, FOS, DCN,
EGR1, SOCS3, CYP1A2, FOSB, PCK1 etc. 9 genes were low expressed in liver cancer tissues(Figure 5B).

ROC curve analysis of Hub genes

ROC curve analysis was performed on 22 Hub genes using the package pROC. AUC > 90% was taken as
the cutoff value, and it was found that 16 of the 22 Hub genes with AUC > 90% were SPP1, AURKA,
CXCL12, FOS, NUSAP1, TOP2A, UBE2C, AFP, DCN, GMNN, PTTG1, RRM2, SOCS3, FOSB, PCK1, SPARCL1
respectively. The expression level of these genes has high accuracy in distinguishing normal tissue from
liver cancer tissue, and could be a potential "tumour biomarker". At the same time, it can be used as a
biomarker for the diagnosis of liver cancer, which has important signi�cance for the accurate diagnosis
of liver cancer(Figure 6).

The survival curve of Hub genes

Survival curves were plotted from Kaplan-Meier estimations(Figure 7), The Cox regression model was
used to calculate Hazard Ratio(HR) of Hub genes for liver cancer patients. The results showed that
among these Hub genes, the expression levels of ESR1, SPP1 and FOSB genes were closely related to the
survival time of liver cancer patients, with statistically signi�cant differences(p<0.05). HR values were
0.88, 1.1 and 0.88, respectively, that is, ESR1 and FOSB were low-risk factors, while SPP1 was a high-risk
factor.

GSEA revealed the biological function that affects the survival time of liver cancer

Single-gene GSEA was used to investigate biological pathways and biological functions related to
survival time(Figure 8). Figure 8A shows all the related pathways of ESR1, FOSB and SSP1 genes. Figure
8B shows the commonly related pathways of ESR1, FOSB and SSP1 genes. Figure 8B a1, b1 and c1 are
the three common pathways of ESR1, FOBS and SPP1 genes. Figure 8B a2 and c2 are the seven common
pathways of ESR1 and SPP1 genes, and Figure 8B a3 and b3 are the four common pathways of ESR1
and FOSB genes.

The three common pathways enriched by ESR1, FOBS and SPP1 genes are HALLMARK MYC TARGETS
V1, HALLMARK G2M CHECKPOINT and HALLMARK E2F TARGETS pathways(Figure 8Ba, b, c). According
to the information in Figure 8B, we can �nd that high expression of ESR1 and FOBS can activate these
three pathways, while high expression of SPP1 can inhibit these three pathways. However, in liver cancer
tissues, ESR1 and FOBS genes were low in expression, while SPP1 genes were high in expression (see
Figure 5). Therefore, changes in the expression levels of ESR1, FOBS and SPP1 genes in liver cancer
inhibited all three pathways.

Seven common pathways were obtained by enrichment analysis of ESR1 and SPP1 genes. They are
HALLMARK PANCREAS BETA CELLS, HALLMARK ESTROGEN RESPONSE LATE, HALLMARK
ADIPOGENESIS, HALLMARK FATTY ACID METABOLISM, HALLMARK BILE ACID METABOLISM,
HALLMARK XENOBIOTIC METABOLISM and HALLMARK PEROXISOME pathway, the high expression of
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ESR1 gene can activate the HALLMARK PANCREAS BETA CELLS and HALLMARK ESTROGEN RESPONSE
LATE pathways. Five pathways, namely, HALLMARK ADIPOGENESIS, HALLMARK FATTY ACID
METABOLISM, HALLMARK BILE ACID METABOLISM, HALLMARK XENOBIOTIC METABOLISM, and
HALLMARK PEROXISOME, were inhibited, while SPP1 gene was just opposite to ESR1 gene (Figure 8Ba2,
c2). In liver cancer, the ESR1 gene is a low expression, while the SPP1 gene is a high expression (see
Figure 5). Therefore, changes in ESR1 and SPP1 gene expression in liver cancer activated the HALLMARK
ADIPOGENESIS, HALLMARK FATTY ACID METABOLISM, HALLMARK BILE ACID METABOLISM,
HALLMARK XENOBIOTIC METABOLISM, and HALLMARK PEROXISOME pathway. While both the
HALLMARK PANCREAS BETA CELLS and HALLMARK ESTROGEN RESPONSE LATE pathway were
suppressed.

The four common pathways enriched by ESR1 and FOSB genes are respectively HALLMARK MYC
TARGETS V2, HALLMARK HEME METABOLISM, HALLMARK COAGULATION and HALLMARK UV
RESPONSE DN pathways. High expression of ESR1 and FOSB can activate the HALLMARK MYC
TARGETS V2 pathway and inhibit the three pathways, including HALLMARK HEME METABOLISM,
HALLMARK COAGULATION and HALLMARK UV RESPONSE_DN(Figure 8B a3, b3). However, in liver
cancer, both ESR1 and FOBS genes were low expressed(see Figure 5). Therefore, changes in the
expression levels of ESR1 and FOBS genes in liver cancer inhibited HALLMARK MYC TARGETS V2
pathway, while HALLMARK HEME METABOLISM, HALLMARK COAGULATION, HALLMARK UV
RESPONSE_DN three pathways were activated.

Discussion
The incidence and mortality of liver cancer are both high, especially in East Asia, where the
incidence(mortality) accounts for more than 1/3 of the world[17]. The most patients with liver cancer do
not seek medical treatment until they have symptoms in the late stage of the liver cancer, so the early
diagnosis of liver cancer is of great signi�cance for the treatment of liver cancer. At present, alpha-
fetoprotein(AFP) is a diagnostic biomarker used in the clinical diagnosis of liver cancer. AFP was
discovered 50 years ago as a diagnostic biomarker of liver cancer, and there are problems of inaccurate
diagnosis. According to investigations, 32% to 59% of liver cancer patients have normal AFP levels[24].
Therefore, we need to �nd new and more accurate biomarkers for liver cancer diagnosis. Also, the
prognosis of cancer patients is of great signi�cance to the quality of life and treatment of patients.
Therefore, the search for prognostic biomarkers is also of great signi�cance for tumour patients. In order
to achieve this goal, this paper uses data mining analysis to �nd diagnostic biomarkers and prognostic
biomarkers of liver cancer.

First, we obtained liver cancer data sets from the TCGA database, including 50 normal liver tissue
samples and 371 liver cancer samples. The GSE25097 dataset was obtained from the GEO database,
consisting of 243 non-tumour tissue samples and 268 liver cancer samples. After DEGs analysis, 102
Common DEGs were obtained from TCGA and GSE25097 data sets, Then GO analysis and Reactome
Pathway analysis were used to conduct enrichment analysis on 102 Common DEGs, The results showed
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that liver cancer showed changes in collagen at the cellular level, changes in hormone metabolism and
reaction to metal ions at the biological function, and abnormalities in molecular binding and
oxidoreductase activity at the molecular level (Figure 3)

PPI network was constructed for 102 Common DEGs to �nd the correlation between genes, and 22 Hub
genes were screened from 102 Common DEGs based on Degree value(Table 2). ROC curve is a curve
re�ecting the relationship between sensitivity and speci�city, which is of great signi�cance for accurate
diagnosis of diseases[28]. We used ROC curve to analyse 22 Hub genes with AUC greater than 90% as the
threshold, and obtained 16 Hub genes, namely, SPP1, AURKA, CXCL12, FOS, NUSAP1, TOP2A, UBE2C,
AFP, DCN, GMNN, PTTG1, RRM2, SOCS3, FOSB, PCK1 and SPARCL1. The expression levels of the 16 Hub
genes in liver cancer can accurately distinguish normal liver tissue from liver cancer, so the 16 genes can
be used as diagnostic biomarkers of liver cancer for the early diagnosis of liver cancer, including AFP,
which is currently used in clinical practice. At the same time, we observed the effect of the 22 Hub genes
on the survival time of liver cancer patients and calculated the risk coe�cient, and found that the
expression levels of ESR1, SPP1 and FOSB genes in the 22 Hub genes had a signi�cant impact on the
survival time of liver cancer patients p<0.05 , with HR values of 0.88, 1.1 and 0.88, respectively,
indicating that ESR1 and FOSB are low-risk genes, while SPP1 is high-risk genes. However, the AUC value
of ESR1 is 68.7%(Figure 6a), which showed that the accurate diagnosis rate of ESR1 gene is low, not
suitable for use as diagnostic biomarkers. As a result, only the FOSB gene and SPP1 gene are suitable for
use as prognostic biomarkers of liver cancer, the FOSB is a low-risk gene, while the SPP1 is a high-risk
gene. In other words, the survival rate of liver cancer patients with high expression of FOSB is higher than
that of patients with low expression. In comparison, the survival rate of patients with high expression of
SPP1 is lower than that of patients with low expression.

Finally, single-gene GSEA analysis was performed on the three prognostic genes, ESR1, SPP1 and FOSB,
that affect the survival time of liver cancer patients (Figure 8), to explore the mechanism affecting the
prognosis of liver cancer patients. Through analysis, we found that there were three pathways closely
related to ESR1, FOBS and SPP1 genes (Figure 8B a1, b1, c1), seven pathways closely related to ESR1
and SPP1 genes (Figure 8B a2, c2), and four pathways closely related to ESR1 and FOSB genes (Figure
8B a3, b3).

The three common pathways related to ESR1, FOBS, and SPP1 genes are respectively HALLMARK MYC
TARGETS V1, HALLMARK G2/M CHECKPOINT, and HALLMARK E2F TARGETS. Among them, high
expression of ESR1 and FOBS genes can activate these three pathways, while high expression of SPP1
gene inhibits these three pathways (Figure 8a1, b1, c1). At the same time, since ESR1 and FOBS genes
are low-risk factors, high expression of ESR1 and FOBS genes can activate these three pathways, SPP1
gene is a high-risk factor high expression of SPP1 can inhibit these three pathway(Figure 8 a, b, t). Hence
activation of these three pathways is conducive to improving the survival time of liver cancer patients.
MYC TARGETS V1 pathway is a new anticancer target[29-31], which is closely related to cell proliferation,
differentiation and cell cycle. In contrast, the G2/M CHECKPOINT pathway[32] and HALLMARK E2F
TARGETS pathway are all closely related to the cell cycle[33], that is, the three pathways are cell cycle-
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related pathways. That is to say, patients with liver cancer whose cell cycle pathway is activated have a
better prognosis.

The seven common pathways related to ESR1 and SPP1 genes are respectively HALLMARK PANCREAS
BETA CELLS, HALLMARK ESTROGEN RESPONSE LATE, HALLMARK ADIPOGENESIS, HALLMARK FATTY
ACID METABOLISM, HALLMARK BILE ACID METABOLISM, HALLMARK XENOBIOTIC METABOLISM and
HALLMARK PEROXISOME. Among them, the high ESR1 gene expression can activate the HALLMARK
PANCREAS BETA CELLS and HALLMARK ESTROGEN RESPONSE LATE pathways, Inhibiting the �ve
pathways of HALLMARK ADIPOGENESIS, HALLMARK FATTY ACID METABOLISM,HALLMARK BILE ACID
METABOLISM, HALLMARK XENOBIOTIC METABOLISM, HALLMARK PEROXISOME. In contrast, SPP1
gene was just opposite to ESR1 gene(Figure 8 a2, c2). Similarly, the ESR1 gene is low-risk factors, SPP1
genes are high-risk factors, so the liver cancer patients that HALLMARK PANCREAS BETA CELLS and
HALLMARK ESTROGEN RESPONSE LATE pathway activated, and The HALLMARK ADIPOGENESIS,
HALLMARK FATTY ACID METABOLISM, HALLMARK BILE ACID METABOLISM, HALLMARK XENOBIOTIC
METABOLISM and HALLMARK PEROXISOME pathway inhibited have a better prognosis. By analysing
these pathways, we �nd that these seven pathways can be divided into four aspects in terms of function:
1. The prognosis of liver cancer patients that HALLMARK PANCREAS BETA CELLS pathway activated is
better than that of liver cancer patients with this pathway inhibited. HALLMARK PANCREAS BETA CELLS
pathway is restrained and Islet cell dysfunction are the important cause of type 2 diabetes, this also
means that patients with liver cancer complicated with type 2 diabetes have a poor prognosis. Patients
with type 2 diabetes are also at high-risk population of liver cancer. This conclusion is consistent with the
conclusion of the epidemiological investigation of liver cancer[17]. 2. The prognosis of liver cancer
patients that HALLMARK ESTROGEN RESPONSE LATE pathway activated is better. Clinically, "Palmar
Erythema" and "spider nevus" appear in the palms of some patients with cancer[34] and severe liver
dysfunction[35]. These manifestations are caused by the decreased metabolism of estrogen in the liver,
resulting in excessive estrogen[36] in the blood and stimulation of capillary arterial congestion and
dilation. In other words, the presence of "Palmar Erythema" and "spider arachnoid" is a manifestation of
inhibition of estrogen pathway, and the prognosis of liver cancer patients with " Palmar Erythema " and "
spider nevus " is poor. Also, in clinical practice, some male liver cancer patients due to the inhibition of
estrogen metabolism lead to the increase of estrogen level in the blood, resulting in their breast
development, the prognosis of this kind of liver cancer patients is not good[37]. 3. The prognosis is better
in patients with liver cancer whose fat metabolism-related pathways(HALLMARK ADIPOGENESIS,
HALLMARK FATTY ACID METABOLISM, HALLMARK BILE ACID METABOLISM, HALLMARK
PEROXISOME) are inhibited. Epidemiological investigation shows that obesity is one of the important
factors causing liver cancer, so for the prognosis of liver cancer patients, the prognosis of patients with
fat metabolism-related pathways being inhibited is better. 4. Patients whose HALLMARK XENOBIOTIC
METABOLISM is inhibited have a good prognosis.

Four common pathways related to ESR1 and FOSB genes are activation of HALLMARK MYC TARGETS
V2, inhibition of HALLMARK HEME METABOLISM, HALLMARK COAGULATION and HALLMARK UV
RESPONSE DN pathways, respectively. Both ESR1 and FOSB genes were low-risk factors, so the patients
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whose HALLMARK MYC TARGETS V2 pathway was activated, and the HALLMARK HEME METABOLISM,
HALLMARK COAGULATION and the HALLMARK UV RESPONSE DN pathway were suppressed had a
better prognosis. HALLMARK E2F TARGETS V2 pathway is closely related to the cell cycle, that is to say,
the prognosis of liver cancer patients with activated cell cycle pathway is better, which is consistent with
the conclusion we got before. Also, HALLMARK HEME METABOLISM pathway regulates HEME
METABOLISM, and the main product of HEME METABOLISM is bile pigment, which includes many
compounds such as bilirubin, biliverdin, bilinogen and choline. Under normal circumstances, bile pigment
is mainly excreted with bile. Bilirubin is the main pigment in bile, which is orange-yellow. The metabolic
disorder of bilirubin is closely related to clinical hepatobiliary diseases. If the HALLMARK HEME
METABOLISM pathway is activated, the heme will be massively metabolised into bilirubin, resulting in
excessively high concentration in plasma and diffused into tissues, resulting in jaundice (easily seen in
sclera, skin, etc.). According to the conclusion of data analysis in this paper, patients with inhibited
HALLMARK METABOLISM pathway have a good prognosis. In contrast, those with activated HALLMARK
METABOLISM pathway have a poor prognosis. After activated HALLMARK METABOLISM pathway,
patients will have jaundice symptoms, so liver cancer patients with jaundice have a poor prognosis.
Patients with suppressed HALLMARK COAGULATION pathway have a good prognosis, The HALLMARK
COAGULATION pathway mainly regulates the COAGULATION function. Abnormal COAGULATION function
in liver cancer patients is a common clinical symptom, mainly related to the lack of COAGULATION factor,
thrombocytopenia and increased vascular permeability. The results of data analysis in this paper show
that the prognosis of patients with inhibited blood clotting function is better than that of patients with
this function activated.

Through analysis, we found that the prognosis of liver cancer patients is mainly related to the following
functions: 1. It is closely related to the regulation of the cell cycle, and the patients with activated cell
cycle have a good prognosis. 2. Liver cancer patients with activated HALLMARK PANCREAS BETA CELLS
pathway have a good prognosis, while liver cancer patients with type 2 diabetes have a poor prognosis. 3.
Patients with activated hepatocellular estrogen pathway have a good prognosis, and those with "liver
palm", "spider nevus" and abnormal breast development have a poor prognosis. 4. Liver cancer patients
whose fat metabolism-related pathways are inhibited have a good prognosis. 5. Liver cancer patients
whose HALLMARK XENOBIOTIC METABOLISM pathway is inhibited have a good prognosis. 6. The
prognosis of liver cancer patients is good if HALLMARK HEME METABOLISAM pathway is inhibited, and
poor if liver cancer has "jaundice". 7. Liver cancer patients whose HALLMARK COAGULATION pathway is
inhibited have a good prognosis.

Conclusions
SPP1, AURKA, NUSAP1, TOP2A, UBE2C, AFP, GMNN, PTTG1, RRM2, SPARCL1 genes that are highly
expressed in liver cancer tissues, CXCL12, FOS, DCN, SOCS3, FOSB, AND PCK1 genes that are low
expressed in liver cancer tissues can be used as biomarkers of a liver cancer diagnosis. Among them,
FOBS and SPP1 genes can also be used as prognostic biomarkers of liver cancer. FOBS is low-expressed
in liver cancer, with HR value of 0.88, which is a low-risk gene, while SPP1 is high-expressed in liver
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cancer, with HR value of 1.1, which is a high-risk gene. Activation of the cell cycle-related pathway,
PANCREAS BETA CELLS pathway, and the estrogen signalling pathway in liver cancer patients, while
inhibition of the HALLMARK HEME METABOLISM pathway, HALLMARK COAGULATION pathway, and the
fat metabolism pathway may improve the prognosis of liver cancer patients.
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Figure 1

To con�rm the reliability of DEGs in liver cancer, we obtained Common DEGs of the two datasets,
including 102 genes
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Figure 2

The volcano map (Figure 2A, Figure 2C) and heat map (Figure 2B, Figure 2D) were drawn based on the
differential genes obtained from data set GSE25097 and TCGA LIHC, respectively.
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Figure 3

The results showed that liver cancer showed changes in collagen at the cellular level, changes in
hormone metabolism and reaction to metal ions at the biological function, and abnormalities in
molecular binding and oxidoreductase activity at the molecular level
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Figure 4

102 the DEGs were input into STRING to build PPI network (Figure 4A). Then the PPI network diagram
was imported into Cytoscape(3.2.1). CytoHubba of app plug-in was used to calculate the Degree Value
and other parameter values(Supplement table 3). Genes whose Degree Value is greater than or equal to 5
are taken as Hub genes, and a total of 22 Hub genes were obtained(Table 2). See Figure 4B for the
relationship between 22 Hub genes.
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Figure 5

Therefore, changes in the expression levels of ESR1, FOBS and SPP1 genes in liver cancer inhibited all
three pathways
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Figure 6

At the same time, it can be used as a biomarker for the diagnosis of liver cancer, which has important
signi�cance for the accurate diagnosis of liver cancer
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Figure 7

Survival curves were plotted from Kaplan-Meier estimations
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Figure 8

Single-gene GSEA analysis was performed on the three prognostic genes, ESR1, SPP1 and FOSB, that
affect the survival time of liver cancer patients
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