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Abstract
Background

Many recent studies have reported the role of WGCNA in liver cancer, and screened out modules related to
the clinical characteristics of liver cancer. The prognostic role of modular genes provides a reference for
the treatment of liver cancer and the study of survival time extension.

Methods

Use edgeR to screen differentially expressed genes, and use weighted gene co-expression network
analysis (WGCNA) method to divide differential genes into modules; combined with clinical data, select
gene modules that are highly related to clinical information to construct a prognostic model. Use
univariate Cox and multivariate Cox regression analysis to predict the value of prognosis. The Kaplan-
Meier method and ROC curves were used to evaluate the value of features of predicting prognosis.

Results

In the co-expression analysis of liver cancer, the two gene modules darkrey and navajowhite2 was highly
correlated with the TNM stag of liver cancer. In addition, they were related to the reduction process and
the activation of speci�c DNA-binding transcription factors. Constructing a risk ratio model with these
two modules shows that the overall survival time of patients in the high-risk group is lower than that of
the low-risk group. In the module, ABLIM2, RP11-109J4.1, TXNRD1, C9orf106, LINC00677, CYP11B2,
AC005550.3 and MIR3945HG belong to the Hub gene, and can also be used as independent prognostic
factors, which may become potential biomarkers for the diagnosis and treatment of liver cancer.

Conclusion

This studies identi�ed and screened the prognostic genes RP11-109J4.1, TXNRD1, C9orf106, LINC00677,
CYP11B2, AC005550.3 and MIR3945HG related to the progression of liver cancer, which can provide a
reference form the diagnosis and treatment of liver cancer.

Introduction
Liver cancer is recognized as the most common fatal malignant tumor. Patients with liver cancer are
usually diagnosed late, leading to a poor prognosis[1, 2]. The mortality rate of liver cancer is relatively
high, and the incidence of liver cancer has continued to rise in the past few decades [3, 4].

Weighted Correlation Network Analysis (WGCNA) can be used to �nd clusters (modules) of highly related
genes, summarize these clusters of central genes in the module, and then correlate the modules with
each other and the traits of external samples, and use them to calculate module membership metrics
Value[5]. Combine
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differentially expressed genes (DEG) and weighted gene co-expression network analysis (WGCNA) to
identify core modules and central genes [6]. It can be used as a key method to detect the pathogenesis of
diseases and explore the gradual carcinogenic process of precancerous lesions to the end of liver
cancer[7, 8].

Competing risks occured commonly in medical research. For example, both treatment-related mortality
and disease recurrence are important outcomes of interest and well-known competing risks to cancer
research[9, 10]. In cancer genomics, gene expression levels provides an important molecular
characteristics for all types of cancer, which for predicting the survival of cancer patients is very useful
[11]. The proportional hazards assumption can be tested by examining the residuals of the model.

Cox regression can be used as one of the most important methods. The Cox model does rely heavily on
the proportional hazards assumption. The most common ways to categorize patients based on their
prognostic risk score and to base predictions on Kaplan-Meier curves for the risk categories[12].
Regression analysis of survival data, and more generally event history data, is typically based on Cox's
regression model. The Cox proportional-hazards regression model has achieved widespread use for the
analysis of time-to-event data onto censoring [13].

As we all know, competitive risk is used in cancer research. For example, treatment-related mortality and
disease recurrence can be used as competitive risk[14, 15]. The cox regression model is a proportional
hazard model (cox's proportional harzard model) that can handle multi-factor survival analysis data, and
then classi�es patients according to their prognostic risk scores and predicts according to the Kaplan-
Meier survival curve of the risk category. The regression analysis of survival data is often inseparable
from the Cox regression model. Establishing a Cox regression model can understand a variety of factors
that affect survival, so as to predict the prognostic factors of cancer[16, 17].

In this article, we hope to construct a co-expression module by analyzing the liver cancer data in TCGA
database. The co-expression modules were combined with clinicopathological features (pathological
stage, TNM, age, gender, family history of liver cancer) to further to analyze the linear relationship
between their expression and survival, �nd out the modules related to liver cancer metastasis, and
analyze the possible functions of hub genes by Gene Ontology (GO) [18, 19]. After Cox regression and risk
assessment of these genes, the prognosis model was constructed, and the important prognostic genes
were screened for. (the study program �ow chart showed as Fig. 1)

Materials And Methods

data acquisition and processing
Liver cancer transcriptome data and related clinical information were downloaded from TCGA
(https://portal.gdc.cancer.gov/) to obtain 50 normal tissues samples and 373 cancer tissue samples.
Clinical information includes pathological stage, TNM, age, gender, survival status and prognosis of
patients.
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WGCNA co-expression networks construction and
signi�cant module identi�cation
Combining gene expression data onto clinical information, the samples needed for co-expression module
were screened. The WGCNA R package (http://www.r-project.org/) was used for data reading and
importing. The data were obtained by removing genes with zero variance between groups and including
the �rst 75% of gene sets with Median Absolute Deviation (MAD) for further analysis. The �ltering
principle of soft threshold was to make the constructed network more consistent with the characteristics
of scale-free network. The weighted adjacency matrix was transformed into a topological overlap matrix
(TOM) to estimate its connectivity in the network. The hierarchical clustering method was used to
construct the clustering tree structure of the TOM. Different branches of the cluster tree represented
different gene modules, and different modules were represented by different colours. Based on their
weighted correlation coe�cients, genes were classi�ed on the grounds of their expression patterns.
Finally, genes were divided into multiple modules according to gene expression patterns

Association with gene modules and clinical features
The main purpose of this analysis are to identify the modules that are signi�cantly related to the
measured clinical characteristics. Find the most important module, the module in genetic and clinical
characteristics (gender, TNM stage, etc.) is highly correlated. Gene signi�cance (GS) is de�ned as the
correlation between genes and traits to quantify the association between individual genes and traits of
interest. For each module, the quantitative value of module membership (MM) was used as the
correlation between module gene and gene expression pro�le. GS and MM measurements were used to
identify gene modules that are important for clinical characteristics.

Gene Ontology (go) analysis of differential genes
Go to includes cell components (CC) that describe cells or extracellular environment, molecular functions
(MF) that describe basic activities of gene products at molecular level, and biological processes (BP)
related to cells, tissues, organs and organ functions. Using Davaid database(https://david.ncifcrf.gov/) to
download the gene ontology (go) data onto the module, and then R for further processing, through go
analysis, we can obtain the biological process, basic molecular function and the role of cell components
involved in the gene in the module. P < 0.05 was considered statistically signi�cant.

Univariate Cox regression analysis.

Univariate Cox model was used to calculate the relationship between the expression level of each gene in
the signi�cant module and the overall survival rate (OS). When p values was less than 0.05, the screened
gene had statistically signi�cant in univariate Cox analysis.

Multivariate Cox risk assessment analysis with ROC curve
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Multivariate Cox risk assessment analysis was used to select gene, which can affect the survival of
patients. and the visual graph of risk score was drawn. Among them, the forest map is drawn by
"survminer" package. Then, based on the sensitivity and 5 speci�city of survival prediction, the receiver
operating characteristic curve (ROC) was drawn with R software "timeROC" package, and the time-
dependent receiver operating characteristic (ROC) curves within 1, 3 and 5 years were drawn to evaluate
the prognosis performance.

Screening of hub gene by Cytoscape
CytoHubba ranks nodes according to their attributes in the network. It provides 11 topological analysis
methods, including Degrre degree, Edge Percolated component edge �ltering component, Maximum
neighborhood component, Density of Maximum Neighborhood Component, Maximal Clique Centrality
and six centralities (Botteleneck, EcCentricity, Closeness, Radiation, Betweenness, Stress) These are
based on the shortest path. For example, MCC is a newly proposed method, which has better
performance in the prediction of key proteins in the yeast PPI network. For example, ranking nodes based
on a given importance concept for network centrality can reveal important information.Studies have
found that proteins with high degrees are more likely to be key proteins.

Install CtyoHubba plug-in, which includes eight network topology algorithms, including Bottlenect,
Closeness, Degree, DMNC, Eccentricity, EPC, MCC, MNC, and screen the hub gene of top30.

Survival prognosis analysis and the test of GEPIA
The survival package of R software was used to draw the Kaplan Meier survival curve to evaluate the
prognosis of low-risk group and high-risk group, and the survival curve of modular genes with signi�cant
prognostic effect (P < 0.05). In order to reexamine the effect of modular genes on survival and prognosis
of patients, GEPIA database was used(http://gepia.cancer-pku.cn/). For further analysis of survival
prognosis, the setting conditions were as follows: | log2fc | > 1, P < 0.05.

Timer database
The TIMER (Tumor Immune Estimation Resource http://cistrome.dfci.harvard.edu/TIMER/) database
also uses high-throughput sequencing (RNA-Seq expression pro�le) data to analyze the in�ltration of
immune cells in tumor tissues, mainly providing B cells, CD4 + T cells, CD8 + T cells, Neutrphils,
Macrophages and Dendritic In�ltration of six kinds of immune cells, including cells. The gene can be
evaluated for immune cell in�ltration.

Statistical analysis
All the differentially expressed data were analyzed by R (version 3.6.3) and Perl (version 5.28.1) software.
Kaplan-Meier survival analysis (log-rank test) was used to indicate the relation between over or
downregulation of RNA, based on median expression with patient’s survival time. ROC curve analysis,
univariate, and multivariate Cox regression analysis were conducted by SPSS v21. P-value < 0.05 was
considered as a signi�cant threshold.
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Results

Screening of differentially expressed genes
Download RNA-seq data using the gene expression of edge R screening difference, based on fold change 
= 1 (P < 0.05) screened to 9314 differentially expressed genes DEGs were (wherein 782 genes were up-
regulated as a threshold in a tcga; 1493 genes were downregulated ). The volcano map made by R
software visualizes these differential genes, where logFC ≥ 1 or logFC≤-1, and the error rate FDR < 0.05
(Fig. 2). A heat map is used to show the expression of 50 genes in 50 normal tissue samples and 373
cancer tissue samples (Fig. 3)

Construction of co-expression networks
Based on the expression data of 9314 differentially expressed genes in 423 liver cancer tissues, the
WGCNA algorithm was used to construct the co-expression module. The function hclust was used for
sample clustering analysis (Figure. 4a), and the weighted co-expression network was constructed, and
then the heat maps of different clinical features were drawn (Figure. 4b). The network construction needs
to perform network topology analysis, and the standard soft threshold power value of scale-free network
was determined by R calculation (Figure. 5), and then the gene modules were divided, and different
modules were marked with color (Figure. 6). Network visualization, randomly select 10,000 genes for
mapping, you can clearly observe the color difference between the modules, and graphically show the
relationship between the modules and the traits (Figure. 7a, b).

Identi�cation of modules
Liver cancer used clinical information about the patients downloaded from the TCGA, trait association
analysis module, and found clinical traits signi�cant correlation module (Figure.8). Pick the modules
(darkgrey and navajowhite2) that are most relevant to TNM staging. Therefore, the module can calculate
the correlation coe�cient (MM) with the gene, and all the continuous traits can also calculate the
correlation coe�cient (GS) with the gene expression value. Finally, the two correlation matrices are
combined, and the modules of interest are formulated for analysis. After comparing the scatter diagrams
of each module, it can be found that the genes in the darkgrey and navajowhite2 gate modules are highly
correlated with traits and modules at the same time (Figure. 9a, b).

Functional analysis of gene module
The GO enrichment analysis was carried out on the modules darkrey and navajowhite2, which are highly
related to TNM, and the main molecular functions of the genes in the modules were observed. The results
showed that the darkgyrey module genes mainly act on the reduction reaction process; The navajowhite2
modular gene mainly acts on the activation of speci�c DNA-binding transcription factors (Fig. 10a, b).
These functions may be related to liver cancer metastasis.

Hub genes in important modules
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The darkgyy module and navajowhite2 were introduced in Cytoscape, and the darkgyy module
CytoHubba algorithm was used to screen the Top30 genes in BottleNect. Analyzed RP11-109J4.1,
TXNRD1, C9orf106, LINC00677, CYP11B2, AC005550.3 belong to the hub gene, in the navajowhite2
module CytoHubba DMNC algorithm screening analysis of Top10 genes, and found that ABLIM2 and
MIR3945HG belong to the central gene (Fig. 11a, b).

Identi�cation and evaluation of prognostic models
Based on the clinical survival information of liver cancer samples, Cox regression was applied to two
modules (darkgrey and Navajowhite2) respectively. AC005550.3, C9orf106, RP11-109J4.1, CYP11B2,
LINC00677, TXNRD1, AKR1B15, SLC5A11, RP11-818F20.5, RP11-276E17.2, CTD-3037G24.4 were
identi�ed in the module darkgrey(Table 1). C9orf106, CYP11B2, LINC00677 are hub genes. Module
Navajowhite2 identi�ed MIR394HG as hub gene (Table 2). According to the expression level of these
genes, the risk score of each sample was established. According to the median risk score, liver cancer
samples were divided into high-risk group and low-risk group. According to the Kaplan Meier survival
curve, the high-risk group had worse overall survival (OS), indicating that the prognostic characteristics of
risk score were obvious (Figure. 12a, b). Heat map of gene expression pro�le in darkgrey in liver cancer
samples (Figure. 13)
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Table 1
genes of top30 based on BottleNeck, Closeness, Degree, DMNC, EcCentricity, EPC,MCC,MNC darkgrey

modules.
Table 1    

Term Count Genes

BottleNeck 30 RP11-143E21.3 SHANK1 CYP11B2 CYP1B1 MEOX2-AS1 RP11-20G13.2
SOX14 GRM5 RP11-65J3.2 TRPC5OS RP11-20G13.3 AHRR RP11-91H12.4
STC2 EGF SRXN1 RP11-818F20.5 AKR1B10P1 RP11-91H12.1 LINC01483
NTNG2 PNLIP UGT2B26P RP11-65J3.3 GRM5-AS1 LINC00677 KRT34 LHX9
MSC-AS1 PIEZO2

Closeness 30 RP11-143E21.3 MEOX2-AS1 CYP11B2 STC2 CYP1B1 AHRR GRM5
LINC00677 SRGAP3-AS2 RP11-20G13.3 RP11-65J3.2 SOX14 RP11-311F12.2
RP11-91H12.4 RP11-20G13.2 RP11-146F11.5 RP11-91H12.1 SHANK1 RP5-
881P19.7 RP11-65J3.3 GRM5-AS1 RP11-818F20.5 TRPC5OS NTNG2 CDKL4
RP11-383J24.1 RP11-766F14.2 ALDH3A1 ANKFN1 LINC01483

Degree 30 RP11-143E21.3 MEOX2-AS1 STC2 GRM5 CYP11B2 AHRR CYP1B1 SRGAP3-
AS2 RP11-91H12.4 RP11-65J3.2 RP11-20G13.3 LINC00677 SOX14 RP11-
311F12.2 RP11-20G13.2 SHANK1 RP11-146F11.5 TRPC5OS RP11-65J3.3
ANKFN1 RP11-818F20.5 RP11-91H12.1 RP5-881P19.7 GRM5-AS1 RP11-
383J24.1 CDKL4 NTNG2 ALDH3A1 LINC01483 RP11-766F14.2

DMNC 30 GRM5-AS1 RP11-766F14.2 LINC00677 CYP1B1 RP11-65J3.2 RP11-91H12.1
RP11-143E21.3 GRM5 RP11-65J3.3 ALDH3A1 EGF RP11-146F11.5 KRT34
PIEZO2 RP11-449J21.5 MRAS RP5-881P19.7 CDKL4 C9orf106 STC2
MEOX2-AS1 SOX14 SRGAP3-AS2 TRPC5OS SHANK1 RP11-383J24.1 RP11-
818F20.5 NTNG2 RP11-20G13.3 RP11-311F12.2

EcCentricity 30 GRM5 RP11-65J3.2 GRM5-AS1 RP11-20G13.3 CYP11B2 LINC00677 AHRR
CYP1B1 SOX14 RP11-143E21.3 STC2 EGF RP11-146F11.5 MEOX2-AS1
PNLIP RP5-1182A14.5 UGT2B26P TRPC5OS RP11-65J3.3 SHANK1 RP11-
20G13.2 KRT34 PIEZO2 CLRN1-AS1 STK32B ALDH3A1 RP11-311F12.2
GLYATL1P3 RP11-91H12.4 SLC13A3

EPC 30 RP11-143E21.3 CYP1B1 MEOX2-AS1 STC2 CYP11B2 LINC00677 RP11-
65J3.2 AHRR SRGAP3-AS2 RP11-91H12.4 GRM5 RP11-20G13.3 SOX14
RP11-20G13.2 RP11-311F12.2 RP11-91H12.1 SHANK1 RP11-146F11.5 RP5-
881P19.7 TRPC5OS RP11-383J24.1 CDKL4 RP11-818F20.5 RP11-65J3.3
GRM5-AS1 NTNG2 RP11-766F14.2 ALDH3A1 MRAS ANKFN1

MCC 30 CYP1B1 RP11-143E21.3 MEOX2-AS1 RP11-65J3.2 LINC00677 GRM5 STC2
SRGAP3-AS2 CYP11B2 RP11-20G13.3 AHRR RP11-91H12.4 SOX14 RP11-
20G13.2 RP11-311F12.2 RP11-91H12.1 SHANK1 TRPC5OS GRM5-AS1
RP11-818F20.5 RP11-146F11.5 RP11-65J3.3 RP11-383J24.1 RP11-766F14.2
NTNG2 ANKFN1 RP5-881P19.7 ALDH3A1 CDKL4 EGF

MNC 30 RP11-143E21.3 STC2 MEOX2-AS1 CYP11B2 CYP1B1 GRM5 AHRR RP11-
91H12.4 RP11-65J3.2 RP11-20G13.3 LINC00677 SRGAP3-AS2 RP11-
20G13.2 SOX14 RP11-311F12.2 TRPC5OS SHANK1 RP11-383J24.1 RP11-
818F20.5 RP11-91H12.1 NTNG2 RP11-65J3.3 GRM5-AS1 ALDH3A1 EGF
RP11-146F11.5 RP11-766F14.2 KRT34 PIEZO2 RP11-449J21.5
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Table 2
genes of top30 based on BottleNeck, Closeness, Degree, DMNC, EcCentricity, EPC,MCC,MNC navajowhite

modules.
Table 2    

Term Count Genes

BottleNeck 30 ATP10B ARR3 FMO8P NDUFA5P6 UMODL1 CEACAM20 TRIM40 RP11-
295G20.2 SLC25A15P3 C5orf67 RP5-965G21.4 NTS RP11-443B7.2 RP11-
756A22.7 ABLIM2 DUOXA2 TRIM31-AS1 PRAC2 CTD-2091N23.1 RP4-
607I7.1 GPC6-AS1 LTF CTA-363E6.6 WNT10B LINC00332 WNT1 RP11-
752D24.2 ALPPL2 MIR3945HG RP11-85I21.1

Closeness 30 ATP10B NDUFA5P6 FMO8P UMODL1 ABLIM2 C5orf67 CEACAM20 WNT1
RP11-295G20.2 SLC25A15P3 RP4-607I7.1 CTA-363E6.6 RP11-752D24.2 LTF
RP11-443B7.2 RP11-756A22.7 ARR3 RP5-965G21.4 NTS DUOXA2 TRIM40
TRIM31-AS1 WNT10B PRAC2 CTD-2091N23.1 GPC6-AS1 LINC00332
ALPPL2 MIR3945HG RP11-85I21.1

Degree 30 NDUFA5P6 ATP10B ABLIM2 ARR3 FMO8P C5orf67 UMODL1 RP11-295G20.2
CEACAM20 SLC25A15P3 WNT1 TRIM40 RP5-965G21.4 NTS RP11-443B7.2
RP11-756A22.7 DUOXA2 TRIM31-AS1 PRAC2 CTD-2091N23.1 RP4-607I7.1
GPC6-AS1 LTF CTA-363E6.6 WNT10B LINC00332 RP11-752D24.2 ALPPL2
MIR3945HG RP11-85I21.1

DMNC 30 ALPPL2 RP11-295G20.2 MIR3945HG RP11-85I21.1 RP5-965G21.4
CEACAM20 NTS RP11-443B7.2 TRIM31 RP11-756A22.7 KISS1 ABLIM2
ARR3 TMEM74 RP11-227L6.1 SLC25A15P3 SPINK1 DUOXA2 TRIM31-AS1
C19orf33 PRAC2 CTD-2091N23.1 RP4-607I7.1 GPC6-AS1 AF127577.8 LTF
U95743.1 BPIFB1 RP11-66H6.4 CTA-363E6.6

EcCentricity 30 ATP10B CEACAM20 ARR3 FMO8P NDUFA5P6 UMODL1 RP11-295G20.2
ABLIM2 SLC25A15P3 RP4-607I7.1 CTA-363E6.6 C5orf67 WNT1 RP11-
752D24.2 TRIM40 RP11-443B7.2 RP11-756A22.7 LTF RP5-965G21.4 NTS
DUOXA2 PRAC2 CTD-2091N23.1 GPC6-AS1 LINC00332 TRIM31-AS1
WNT10B ALPPL2 MIR3945HG RP11-85I21.1

EPC 30 ATP10B UMODL1 FMO8P ABLIM2 NDUFA5P6 C5orf67 WNT1 CEACAM20
RP11-295G20.2 SLC25A15P3 RP11-752D24.2 LTF CTA-363E6.6 RP4-607I7.1
ARR3 RP11-443B7.2 RP11-756A22.7 NTS RP5-965G21.4 TRIM40 DUOXA2
WNT10B TRIM31-AS1 PRAC2 CTD-2091N23.1 GPC6-AS1 LINC00332
ALPPL2 MIR3945HG RP11-85I21.1

MCC 30 NDUFA5P6 ATP10B ABLIM2 ARR3 FMO8P C5orf67 UMODL1 RP11-295G20.2
CEACAM20 SLC25A15P3 WNT1 TRIM40 RP5-965G21.4 NTS RP11-443B7.2
RP11-756A22.7 DUOXA2 TRIM31-AS1 PRAC2 CTD-2091N23.1 RP4-607I7.1
GPC6-AS1 LTF CTA-363E6.6 WNT10B LINC00332 RP11-752D24.2 ALPPL2
MIR3945HG RP11-85I21.1

MNC 30 RP11-295G20.2 RP5-965G21.4 CEACAM20 NTS RP11-443B7.2 RP11-
756A22.7 ABLIM2 ARR3 SLC25A15P3 DUOXA2 TRIM31-AS1 PRAC2 CTD-
2091N23.1 RP4-607I7.1 GPC6-AS1 LTF CTA-363E6.6 FMO8P WNT10B
C5orf67 LINC00332 NDUFA5P6 WNT1 ATP10B UMODL1 RP11-752D24.2
TRIM40 ALPPL2 MIR3945HG RP11-85I21.1

  

ROC curve of survival model
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Univariate Cox regression identi�ed 26 potential predictors (SLC5A11, MPZ, RP11-276E17.2, VASH2,
TRIM16, RP11-552C15.1, AKR1B15, CYP11B2, RP11-109J4.1, MAFG, RP11-311F12.2, LINC00677,
TRIM16L, AKR1B10P1, UNKL, RP11-65J3.2, CTD-3037G24.4, RP11-818F20.5, TXNRD1, C9orf106, GRM5,
LINC00635, ALDH3A1, AKR1B10, AC005550.3, XKRX) Multivariate Cox regression analysis showed that
six genes (RP11-109J4.1, TXNRD1, C9orf106, LINC00677, CYP11B2, AC005550.3) and one gene
(MIR3945HG) in darkgrey were independent prognostic factors for liver cancer (Figure. 14a, b). In order to
compare the sensitivity and speci�city of risk score for prognosis of patients with hepatocellular
carcinoma, time-dependent receptor operating characteristic (ROC) analysis was performed. The area
under the ROC curve (AUC) was 0.8, 0.764, 0.76387 for the 1-year, 3-year, 5-year survival risk score of
darkgrey module and 0.665 for the 1-year, 3-year, 5-year survival risk score of Navajowhite2 module
(Figure. 15a, b), indicating RP11-109J4.1, TXNRD1, C9orf106, LINC00677, CYP11B2, AC005550.3 and
MIR3945HG.The seven genes are highly reliable for the prognosis of liver cancer.

Prognostic analysis of key genes
AC005550.3, C9orf106, CYP11B2, LINC00677, RP11-109J4.1, TXNRD1, MIR3945HG are imported into the
GEPIA database. Except MIR3945HG is not included in the database, all others have records. First,
analyze the expression levels of genes such as AC005550.3, C9orf106, CYP11B2, LINC00677, RP11-
109J4.1, TXNRD1. The liver cancer and threshold (log2FC and q-value) and the difference analysis
method all select the default value, input a single gene one by one, analyze the pancancer of the gene,
and get the expression map with liver cancer (Figure. 16a, b, c, d, e, f).Then the expression analysis of the
above genes in normal tissues and tumor tissues in liver cancer is compared, and the expression box plot
is obtained. (Figure. 17a, b, c, d, e, f). After that, the expression difference of the above-mentioned genes
in different pathological analyses in liver cancer is analyzed to understand the expression changes of a
certain gene with the change of the disease. LINC00677, CYP11B2,AC005550.3 were highly expressed in
stage I, stage II, stage III.RP11-109J4.1,C9orf106 and TXNRD1 were highly expressed in all stages (Figure.
18a, b, c, d, e, f). Finally, the survival analysis of AC005550.3, C9orf106, RP11-109J4.1, TXNRD1 genes in
liver cancer was analyzed (Figure. 19a, b, c, d).

In�ltrating immune correlation of key genes
The time database was used to evaluate the correlation between prognosis gene expression and immune
invasion. The results showed that C9orf106, CYP11B2, TXNRD1 were related to immune invasion (Figure.
20a, b, c).

Discussion
It has been widely used to construct co-expression module by WGCNA algorithm to �nd potential key
genes or genes with prognostic signi�cance[20, 21]. The genes divided into the same module have the
same molecular function[22, 23]. By calculating the correlation between the module and the trait, we can
identify the module that causes the trait and lock in the module gene.
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In this study, we used WGCNA co-expression analysis to �nd genes related to the clinical characteristics
of liver cancer. In order to identify genes related to liver cancer progression, we performed WGCNA
analysis on RNA-seq data from TCGA liver cancer patients.58 effective modules were obtained. The
number of genes in the modules was different. There are a maximum of 1024 genes in the module, but
the minimum is only 35 genes. By combining gene expression data with clinical information of patients,
we can roughly understand the relationship between modules and traits. The selected traits included
TNM. The results showed that there were two modules, darkgrey and Navajowhite2, which were
signi�cantly correlated with TNM. The relevant information of six module genes was extracted. Through
enrichment analysis, we found that these genes may be involved in the metastasis of liver cancer have
important signi�cance, and have guiding signi�cance for the prognosis of liver cancer. In WGCNA
analysis, clinical samples are patient information, and we obtain the gene expression data in liver cancer
tissue[24].

In this study, WGCNA was used to analyze the RNA SEQ data of patients with hepatocellular carcinoma in
TCGA, and signi�cant differential gene modules were screened out. Combined with the correlation
analysis of clinical characteristics, the genes signi�cantly related to TNM staging of hepatocellular
carcinoma was obtained. Univariate and multivariate Cox regression analysis showed that RP11-109J4.1,
TXNRD1, C9orf106, LINC00677, CYP11B2, AC005550.3 and MIR3945HG were highly expressed, and their
survival time was shortened. Based on the risk score of the two modules, the prognosis of these seven
genes was judged. In the GEPIA database, Rp11-109j4.1, TXNRD1, C9orf106, LINC00677 and CYP11B2.
MIR3945HG, which is highly expressed in liver cancer tissues, is not included in GEPIA. LINC00677 and
CYP11B2 have no information about survival time in GEPIA. It is found in the timer database that
C9orf106 and TXNRD1 are related to immunity and may become potential biomarkers for the diagnosis
and treatment of liver cancer. In short, after using bioinformatics methods to identify RP11-109J4.1,
TXNRD1, C9orf106, LINC00677, CYP11B2, AC005550.3, MIR3945HG, we can predict that these seven
genes are related to the occurrence and development of liver cancer.

The literures showed that MIR3945HG was identi�ed as optimal diagnostic lncRNA biomarkers for lung
adenocarcinoma and lung squamous cell carcinoma[25]. TXNRD1 Is an Unfavorable Prognostic Factor
for Patients with Hepatocellular Carcinoma[26, 27]. Interestingly, through the above research, we found
that RP11-109J4.1, C9orf106 and LINC00677, CYP11B2, AC005550.3 lack relevant reports, which are
worthy of our further study.

Conclusion
By analyzing the RNA SEQ data of liver cancer in TCGA database, we found that darkgrey and
Navajowhite2 modules were highly correlated with clinical characteristics, and RP11-109J4.1, TXNRD1,
C9orf106, LINC00677, CYP11B2, AC005550.3 and MIR3945HG in the modules had signi�cant prognostic
value[28, 29]. They can be used as prognostic indicators of liver cancer, and also provide new targets for
the treatment of liver cancer.
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In conclusion, this study provides a new insight into the potential mechanism of occurrence, development
and prognosis of cervical cancer, and provides a new potential way for cancer treatment.
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Figure 1

Study program �ow chart.
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Figure 2

Volcano map of differentially expressed genes in hepatocellular carcinoma. Red and green dots represent
DEGs with high and low expression, respectively.
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Figure 3

Heat maps of expressed genes in hepatocellular carcinoma. The expression of 50 genes in 50 normal
tissue samples and 373 cancer tissue samples were shown by thermography.
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Figure 4

The function hclust was used to cluster the samples.(a) Cluster analysis of 373 cancer samples by
hclust.(b) The weighted coexpression network was constructed.

Figure 5

Analysis of network topology for various soft-thresholding powers. The left panel shows the scale-free �t
index. The right panel displays the mean connectivity.
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Figure 6

Clustering dendrogram of genes, with dissimilarity based on topological overlap, together with assigned
module colors.
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Figure 7

Eigengene adjacencies of heat map. Red shows high adjacency and blue shows low adjacency.(a)
Mapping the correlation between genes in different modules.(b) Heat map between modules and traits.
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Figure 8

Module-trait associations. Each row corresponds to a module eigengene, column to a trait. Each cell
contains the corresponding correlation and P-value. The table is color-coded by correlation according to
the color legend.
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Figure 9

Speci�c analysis of genes related to traits and modules.A scatterplot of Gene Signi�cance (GS) for
stage_M vs. Module Membership (MM) in the darkgrey and navajowhite2 module. There is a highly
signi�cant correlation between GS and MM in this module.

Figure 10

GO analysis of genes in darkgrey and navajowhite2 module.(a) Darkgrey module gene is mainly involved
in the reduction process.(b) Navajowhite2 module gene is mainly involved in the activation of speci�c
DNA binding transcription factors.

Figure 11

Network of genes in darkgrey module and navajowhite2 module.
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Figure 12

The association between seven genes and overall survival in discovery and two validation groups.
Kaplan‐meier survival curves were plotted to estimate the overall survival probilities for the low‐ and high‐
risk group in the discovery group.(a) Survival curves of Genes in darkgrey module by Kaplanmeier
formula.(b) Survival curves of Genes in navajowhite2 module by Kaplanmeier formula.

Figure 13

Heat map of gene expression pro�le in darkgrey in liver cancer samples
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Figure 14

Independent prognostic factors in patients with hepatocellular carcinoma.
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Figure 15

ROC curve of 1-year, 3-year and 5-year OS.

Figure 16

The expression pro�les of six genes in cancer and paracancerous samples in GEPIA dataset.(a)
AC005550.3 expression pro�les in the GEPIA dataset.(b) C9orf106 expression pro�les in the GEPIA
dataset.(c) CYP11B2 expression pro�les in the GEPIA dataset.(d) LINC00677 expression pro�les in the
GEPIA dataset.(e) RP11-109J4.1 expression pro�les in the GEPIA dataset. (f) TXNRD1 expression pro�les
in the GEPIA dataset.
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Figure 17

The Normal and cancer coparison of six genes in cancer and paracancerous samples in GEPIA dataset.
(a) AC005550.3 normal and cancer controls in the GEPIA dataset.(b) C9orf106 normal and cancer
controls in the GEPIA dataset.(c) CYP11B2 normal and cancer controls in the GEPIA dataset.(d)
LINC00677 normal and cancer controls in the GEPIA dataset.(e) RP11-109J4.1 normal and cancer
controls in the GEPIA dataset.(f) TXNRD1 normal and cancer controls in the GEPIA dataset
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Figure 18

Cancer staging pro�les of six genes in cancer and paracancerous samples in GEPIA dataset.(a)
AC005550.3 staging landscape of cervical cancer in the GEPIA database. (b)C9orf106 staging landscape
of cervical cancer in the GEPIA database.(c) CYP11B2 staging landscape of cervical cancer in the GEPIA
database.(d) LINC00677 staging landscape of cervical cancer in the GEPIA database.(e) RP11-109J4.1
staging landscape of cervical cancer in the GEPIA database. (f) TXNRD1 staging landscape of cervical
cancer in the GEPIA database.
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Figure 19

Survival curve of six genes in GEPIA.(a) AC005550.3 Km curves in GEPIA.(b) C9orf106 Km curves in
GEPIA.(c) RP11-109J4.1 Km curves in GEPIA. (d)TXNRD1 Km curves in GEPIA.
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Figure 20

The correlation between gene expression and immune invasion was evaluated.(a) C9orf106 is associated
with immune in�ltration.(b) CYP11B2 is associated with immune in�ltration.(c) TXNRD1 is associated
with immune in�ltration.


