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Abstract12

Background: Cirrhosis is a common clinical chronic progressive liver disease and13

has become one of the main causes of death worldwide. The condition of liver14

cirrhosis is complex and there is also clinical heterogeneity. Identifying liver cirrhosis15

based on molecular characteristics has become a challenge.16

Methods: To reveal the potential molecular characteristics of different types of17

cirrhosis, we divided 79 patients with cirrhosis into 4 subgroups based on gene18

expression profiles. These gene expression profiles were retrieved from the19

comprehensive gene expression database. In addition, these subgroups showed20

different expression patterns. To reveal the differences between subgroups, we used21

weighted gene co-expression analysis and identified six subgroup-specific gene22

co-expression analysis modules.23

Results: The characteristics of WCGNAmodules indicate that TGF - β signaling24

pathway,viral protein interaction with cytokines and cytokine receptors, including a25

variety of chemokines and inflammatory factors, are upregulated in subgroup I,26

indicating that subjects in subgroup I may show inflammatory characteristics; fatty27

acid metabolism, biosynthesis of cofactors, carbon metabolism and protein processing28
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pathway in endoplasmic reticulum were significantly enriched in subgroup II, which29

indicated that the subjects in subgroup II might have the characteristics of active30

metabolism; arrhythmogenic right ventricular cardiomyopathy and Neuroactive31

ligand−receptor interaction are significantly enriched in subgroup IV; we did not find32

a significant upregulation pathway in the third subgroup.33

Conclusion: The subgroups classification of liver cirrhosis cases shows that patients34

from different subgroups may have unique gene expression patterns, which indicates35

that patients in each subgroup should receive more personalized treatment.36

Keywords: liver cirrhosis, gene expression profile, classification of subgroups,37

WGCNAmodule38

1 Introduction39

Liver cirrhosis is a pathological stage characterized by diffuse liver fibrosis,40

pseudolobular formation, and blood vessel proliferation in and outside the liver as the41

characteristics of various chronic liver diseases. Approximately 2 million people die42

of liver disease each year, and 1 million people die from cirrhosis complicated. Liver43

cirrhosis is currently the 11th most common cause of death in the world, bringing a44

serious health and economic burden to the world[1,2]. Liver cirrhosis can cause45

serious life-threatening complications such as bleeding, liver failure, or hepatic46

encephalopathy. Thus far, there is still no clear consensus on the treatment of liver47

cirrhosis. The only way is to control symptoms and complications, in addition to48

slowing down the development of liver cirrhosis. If the liver is severely damaged, the49

only treatment option may be liver transplantation[3].Patients with early liver disease50

usually have no symptoms and may have reached the advanced stage of the disease51

when they are found. Chronic liver disease is characterized by progressive liver52

fibrosis, leading to cirrhosis, HCC, and liver failure. Cirrhosis can lead to irreversible53

damage, but the early stage of chronic liver disease can be reversed to a healthy state.54

Therefore, it is essential to find biomarkers that can identify the early stage of chronic55

liver disease for the prevention of severe liver damage. The discovery of biomarkers56

for liver cancer and liver cirrhosis has promoted the development of sequencing57
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technology, and high-throughput sequencing is one of the representative technological58

innovations in the biological field in recent decades[4].59

With the development of microarray and high-throughput sequencing technology, it60

provides a good opportunity for further understanding of liver cirrhosis. Fan Y et al.[5]61

obtained the microarray data set from the GEO database, used EdgeR software to62

analyze the differential expression of circRNA between NASH cirrhosis samples and63

normal samples, and analyzed the functional enrichment and pathway enrichment of64

target genes, confirming that cyclic ribose abnormal regulation of nucleic acids in65

non-alcoholic steatohepatitis cirrhosis. Bioinformatics analysis shows that the66

abnormal expression of cyclic ribonucleic acid may be related to the occurrence and67

development of NASH liver cirrhosis. Chan KM et al.[6] used gene chip analysis to68

detect and compare the gene expression profiles of cirrhosis and non-cirrhosis, and69

found that compared with non-cirrhotic liver, a total of 213 important genes were70

differentially expressed in cirrhotic liver with more than two-fold changes. And71

further analyzed the signal pathways and main functions of the proteins encoded by72

these differentially expressed genes. The results showed that the liver with cirrhosis73

has a unique gene expression pattern related to inflammation, immune response, and74

cell growth, and may be related to cancer. Zhu M et al.[7] performed exome75

sequencing on the diseased liver samples of 82 patients and found that there were76

complex mutations in liver cirrhosis. And established an in vivo CRISPR screening77

method to study the functional effects of mutant genes. Consistent with the78

sequencing results, the detection of 147 genes once again revealed that the deletion of79

Pkd1, Kmt2d, and Arid1a promoted clonal expansion. Many of the recurrently80

mutated genes that have the greatest impact on regeneration are not often detected in81

liver cancer, and therefore do not seem to promote carcinogenesis. Gong Z et al.[8]82

used the hepatotoxic substance carbon tetrachloride to induce liver fibrosis in animal83

models, and used RNA sequencing to perform genome-wide identification of84

lncRNAs in fibrotic liver tissue compared with carbon tetrachloride untreated liver85

tissue , determined the gene expression pattern in liver fibrosis induced by carbon86

tetrachloride.87
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With the reduction of the cost of high-throughput technology and the development of88

bioinformatics, increasing researches will apply high-throughput technology and89

bioinformatics to reveal the pathogenesis of liver cirrhosis. However, most studies90

only focus on the difference between cirrhosis cases and normal controls, but rarely91

pay attention to the difference between cirrhosis cases. Due to the clinical92

heterogeneity of liver cirrhosis, it has become a challenge to identify liver cirrhosis93

based on transcriptome characteristics. In cancer research, tumor samples are usually94

divided into several subtypes based on gene expression patterns, which can reveal95

heterogeneity between tumors, predict clinical endpoints, and guide treatment[9]. To96

enhance our understanding of the molecular mechanism of liver cirrhosis, we divided97

cirrhosis cases into 4 subgroups based on gene expression profiles, and characterized98

the candidates by annotating the corresponding co-expression functional modules99

with the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway subgroup. The100

objective was to better characterize the differences between cirrhosis cases.101

2 Materials and Methods102

2.1 Data collection103

2.1.1 Download data104

Use R / Bioconductor package geoquery[10] to extract "Gene Expression Omnibus"105

(GEO) objects. First, go to the geo website（ https://www.ncbi.nlm.nih.gov/geo/ ）106

Enter the keyword "cirrhosis", select GEO Dataset Database, after entering the search107

results page, check the series option, and select the expression profiling by array. This108

study is Homo sapiens. The qualified gene chips were included in this study, and their109

platform files and sequence probe matrix files were downloaded, respectively.110

2.1.2 GEO data annotation111

The platform file downloaded from the GEO website is processed with Perl software112

to obtain a text with the row name of the gene name and the column name of the113

sample name, and name it the name of the corresponding gene chip as the data for114

subsequent research. Extract the information about the clinical features in the probe115

matrix file into the newly created EXCEL as the clinical data file for the research.116
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2.2 Removal of batch effect117

Firstly, "limma" package and "sva" package in R / Bioconductor were used to merge118

the expression data, and batch correction was carried out[11]. When merging data, the119

mean value is taken for the data with multiple lines of one gene, only one line is120

reserved, and log2 is taken for the data with large value for conversion. When there is121

a difference between batch effects in the data, ComBat-seq can obtain better statistical122

ability and control the false positive rate compared with other available methods[12].123

Therefore, we choose the combat method to eliminate the batch effect between124

platforms. Finally, the R / ggplot2 package is used for principal component analysis to125

evaluate whether the batch effect is removed.126

2.3 Consensus clustering127

First, we use the "limma" package and "Consensus Cluster Plus" package in the128

R/Bioconductor package to perform consensus clustering[13], and divide the included129

cases of cirrhosis into different subgroups. Clustering is performed using K-means130

algorithm with Spearman distance. Set the maximum cluster number to 10, and the131

final cluster number is determined by the consensus matrix and the cluster consensus132

score (>0.8).133

2.4 extraction of specific upregulated genes in subtypes134

By comparing the cases in a specific subgroup with those in other subgroups, the135

subgroup specific upregulated genes were identified. It should be noted that the136

Wilcoxon ʼ s ‐ sum rank test was used to test the differential expression, the corrected137

p value threshold was < 0.05, and the absolute difference of means >0.2. For a given138

gene, the difference of means was calculated by subtracting the mean of expression in139

normal controls from that in case of the specified subgroup.140

2.5 Gene set enrichment analysis141

Gene Set Enrichment Analysis (GSEA) was used to observe whether the specific142

differential genes in each subgroup were also different from normal samples. Gene set143

enrichment analysis is implemented in GseaPrerank mode in GSEA 4.1.0. The gene144

set file (type-specific gene file) is composed of subgroup-specific upregulated genes.145

The gene list of each subgroup is sorted by the P value of T, which is calculated by146
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comparing the cirrhosis cases of each subgroup with the normal control group.147

2.6 Weighted gene co‐expression network analysis148

Weighted Gene Co‐Expression Analysis (WGCNA) was used to analyze the149

genotyping specific genes in subgroups. WGCNA has been proved to be an effective150

method to detect multiple coexpression modules, which can be used to find clustering151

(modules) of highly related genes[14,15]. Find the optimal power value through the152

power value scatter plot, and calculate the distance between genes. In addition, the153

average method and the dynamic method are used for hierarchical clustering analysis,154

the clustering diagram and the module classification of genes are respectively155

established, and similar modules are merged. We finally determined 6 functional156

modules. At the same time, we use the labeled heat map function option in the157

WGCNA package to draw the heat map, visualize the data, set the low expression of158

the gene as blue, the middle expression as white, and the high expression as red.159

2.7 GO enrichment analysis and KEGG enrichment analysis160

GO enrichment analysis and KEGG enrichment analysis were performed for each161

functional module of WGCNA, in which go was divided into three modules:162

biological process (BP), cellular component (CC), and molecular function (MF)[16].163

KEGG is a reference knowledge base for biological interpretation of genome164

sequences and other high-throughput data. The genome of KEGG pathway is165

downloaded from MsigDB, and the gene species is selected as human[17]. In KEGG166

enrichment analysis, the p-value filter condition was set to < 0.05, and the corrected167

p-value filter condition was 1. The enrichment results were visualized and the bubble168

diagram was drawn.169

3 Results170

3.1 microarray data characteristics171

This study included four independent microarray information, involving four172

independent clinical trials, all from the GEO database, GSE14323, GSE77627,173

GSE123932, GSE128726, a total of 127 samples (including 79 patients with liver174

cirrhosis and 48 healthy subjects). GSE123932 provides clinical information of175
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gender and age.176

3.2 Removal of batch effect by cross‐platform normalization177

To eliminate the batch effect from different platforms and batches, we use ComBat178

method to eliminate the batch effect between data sets. A total of 11152 genes were179

detected by four microarrays.Before the removal of the batch effect, the samples were180

clustered into batches based on the top two principal components (PCs) of181

unnormalized expression values (Figure 1a). In contrast, the scatter plot is based on182

the standardized processing of principal component analysis, and the results show that183

the samples of four batches are mixed, indicating that the batch effect caused by184

different platforms is clearly removed (Figure 1b). The results show that the batch185

effect is successfully eliminated by cross-platform normalization.186

3.3 Consensus clustering of Cirrhosis cases187

Cluster analysis were performed using the expression file after batch effect correction188

and the sample information of the disease group. The 79 patients with cirrhosis were189

divided into subgroups (see section 2.3). According to the consistency scoring190

situation in the data statistics, the consistency cluster analysis of gene expression191

profiles is divided into 4 subgroups, among which the number of cases in subgroups Ⅰ,192

Ⅱ, Ⅲ, and Ⅳ are 21, 30, 18, and 10, respectively. They have significantly different193

expression patterns. On the contrary, based on the consistency matrix, a high degree194

of similarity in gene expression patterns was observed in each subgroup (Figure 2a).195

Generally speaking, the higher the consistency score, the more stable the type. In the196

results of this study, when divided into 2, 3, or 4 groups, the cluster agreement score197

of each subgroup is higher than 0.8 (Figure 2b), which indicates that these198

classifications are more robust than other clusters. When considering more groups199

better, so 79 patients with liver cirrhosis were divided into 4 subgroups.200

3.4 Identification of gene co‐expression modules for each subgroup201

To reveal the transcriptome differences between cirrhotic subgroups, WGCNAwas202

performed under specific upregulated gene expression levels in each subgroup (see203

Section 2.6). Through the pairwise differential expression analysis between each two204

subgroups, 2033, 2134, 804, and 1892 genes that were specifically upregulated in205
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subgroups I, II, III, and IV were determined (the corrected threshold is P<0.05, The206

absolute difference of means >0.2). Differential expression analysis was performed by207

comparing the gene expression profile of each subgroup with the gene expression208

profile of the normal control group. The results of GSEA enrichment analysis showed209

that the specific upregulated genes in the subtypes were also significantly different210

when compared with normal samples (Figure 3a-d, FDR <0.05). It is worth noting211

that, compared with other subgroups, subgroup III has the least subgroup-specific212

upregulated genes, and the number of differentially expressed genes is relatively small213

by comparing the cases of each subgroup with the normal control group. (Table 1).214

Based on the expression levels of a total of 6863 specific upregulated genes in each215

subgroup, a gene heat map expression network was constructed, which identified 6216

WGCNAmodules. The relationship between WGCNAmodules and corresponding217

subgroups is shown in Table 1. The gene of each WCGNAmodule is displayed by218

KEGG enrichment, and the TGF - β signaling pathway,viral protein interaction with219

cytokines and cytokine receptors, including a variety of chemokines and220

inflammatory factors is only enriched in the blue module significantly. At the same221

time, the PI3K/Akt signaling pathway is also significantly enriched in the blue222

module, and there are many upregulated genes. The genes in the blue module are223

upregulated in subgroup I, indicating that subjects in subgroup I may exhibit224

inflammatory characteristics ; fatty acid metabolism, biosynthesis of cofactors are225

only significantly enriched in the brown module, and carbon metabolism and protein226

processing pathways in the endoplasmic reticulum are only significantly enriched in227

the brown and green modules. The genes in the brown and green modules are in228

subgroup II, it is upregulated, indicating that subjects in subgroup II may show229

metabolic activity; arrhythmogenic right ventricular cardiomyopathy and neuroactive230

ligand−receptor interaction pathways are only significantly enriched in the turquoise231

module, and the genes in the turquoise module are upregulated in subgroup IV. We did232

not find a significant upregulation pathway in the third subgroup. These findings233

indicate that each subgroup has its own specific functional modules or pathways that234

can regulate the occurrence or progression of liver cirrhosis. (Figure 4a-b).235
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After GO enrichment analysis (Figure 4c-e), the biological process (BP):the blue236

module mainly involves the regulation of cell−cell adhesion,positive regulation of cell237

adhesion, positive regulation of cell−cell adhesion, blood coagulation and hemostasis;238

the brown module mainly involves small molecule catabolic process, cellular amino239

acid metabolic process, cellular ketone metabolic process, andresponse to240

endoplasmic reticulum stress; the green module mainly involves nucleotide−excision241

repair, respiratory electron transport chain, ATP synthesis coupled electron transport,242

mitochondrial ATP synthesis coupled electron transport, cellular respiration, etc;243

turquoise modules mainly involve axonogenesis, gland development, egulation of trans244

−synaptic signaling, modulation of chemical synaptic transmission,embryonic organ245

development, sensory organ morphogenesis,embryonic organ morphogenesis, etc.Cell246

components (CC): Blue modules were concentrated in focal adhesion, cell−substrate247

junctions, membrane rafts, collagen−containing extracellular matrix, membrane248

microdomain, and endocytosis vesicles; brown modules were concentrated in249

mitochondrial matrix, mitochondrial protein complex, mitochondrial inner membrane,250

focal adhesion, cell−substrate junction, collagen−containing extracellular matrix;251

green modules were concentrated in mitochondrial matrix, mitochondrial protein252

complex, mitochondrial inner membrane, organellar ribosome, respirasome,253

oxidoreductase complex. The turquoise modules were mainly concentrated in254

transmembrane transporter complex, transporter complex, synaptic membrane, neuron255

to neuron synapse, postsynaptic membrane, and ion cha, nnel complex.Molecular256

function (MF): Blue module mainly involves receptor ligand activity, signaling,257

receptor activator activity, DNA-binding, transcription factor binding, etc; the brown258

module mainly involves DNA−binding, transcription factor binding, oxidoreductase259

activity, acting on the CH−OH group of donors, NAD or NADP as acceptor, lyase260

activity, carbon−oxygen lyase activity, electron transfer activity; green module mainly261

involves It involves NADH dehydrogenase activity, NADH dehydrogenase (quinone)262

activity, NADH dehydrogenase (ubiquinone) activity; the turquoise module mainly263

involves signaling receptor activator activity, receptor ligand activity, metal ion264

transmembrane transporter activity, channel activity, neurotransmitter receptor activity,265
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etc.266

4 Discussion267

In this study, we analyzed the gene expression profiles of liver cirrhosis cases and268

normal controls from 4 independent GEO data sets. Eliminates the batch effect of269

different platforms or batches. In addition, we successfully divided 79 patients with270

liver cirrhosis into 4 subgroups based on gene expression profiles. Transcriptome271

classification revealed subgroup-specific functional modules or pathways in further272

analysis. A significant link was observed between clinical characteristics and273

transcriptome classification. Consistent clustering based on large sample size and high274

cluster consensus score (>0.8) shows that our transcriptome classification is robust.275

The motivation of this research is the transcriptome classification of cancer, which276

can identify subgroups based on their gene expression profiles or other omics data.277

The current molecular subtypes guide the diagnosis and clinical treatment of many278

cancer types[18]. For example, gene expression profiles are of great significance to279

our understanding of breast cancer biology. The five molecular subtypes of breast280

cancer show significant differences in incidence, risk factors, prognosis，and treatment281

sensitivity[19]. To study the genetic changes of molecular subtypes of bladder cancer,282

Choi W et al.[20]used the complete TCGARNA-seq data set and developed three283

different classifiers to classify bladder cancer into molecular subtypes.It was found284

that changes involving RB1 and NFE2L2 were enriched in basal cell carcinoma,285

while changes involving FGFR3 and KDM6Awere enriched in intraluminal286

tumors,the results further strengthen the conclusion that the molecular subtypes of287

bladder cancer are different disease entities with specific genetic changes, and have a288

direct impact on the clinical management of bladder cancer patients.In addition to289

cancer research, non-cancerous diseases, such as to reveal the potential molecular290

characteristics of different types of coronary heart disease, Peng XY et al.[21]divided291

352 patients with coronary heart disease into three subgroups based on gene292

expression profiles. Transcriptome classification shows that cases from different293

subgroups may have unique gene expression patterns. Chang Y et al.[22]analyzed the294
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genome-wide blood gene expression of 229 former smokers in the ECLIPSE study295

and determined a new, clinically relevant molecular subtype of COPD. Although these296

studies have certain limitations and confounding factors, these studies have indeed297

improved our understanding of the link between molecular mechanisms and disease298

development.299

Similar to cancer, complex diseases like liver cirrhosis exhibit clinical heterogeneity.300

Unlike previous studies that only studied the gene expression profiles of cirrhosis301

cases, or compared them with the gene expression profiles of normal controls, we302

further divided the cirrhosis cases into subgroups. Compared with previous studies,303

the subgroups are specific sexual function modules and pathways that not only304

confirm the regulatory pathways related to cirrhosis, but also link specific pathways305

with specific subgroups.For example, it is well known that the TGF-β signaling306

pathway plays an important role in the regulation of different cellular processes,307

including proliferation, differentiation, migration or cell death, which are critical to308

the homeostasis of tissues and organs. As far as the liver is concerned, TGF-β309

signaling is involved in all stages of disease progression, from initial liver damage to310

inflammation and fibrosis, to cirrhosis and cancer. TGF-β plays a key role in cell311

growth and apoptosis of hepatocytes and promotes liver differentiation during312

embryogenesis and physiological liver regeneration. However, due to chronic liver313

injury, high levels of TGF-β cause stellate cells to activate myofibroblasts and a large314

number of hepatocytes to die, promoting liver fibrosis and cirrhosis[23].In our study,315

the TGF-β signaling pathway is most significantly enriched in the first subcomponent,316

including the significant upregulation of SMAD7, which is one of I-SMAD and acts317

as an antagonist of TGF-β signaling. An important negative regulator of effective318

TGF-β and bone morphogenetic protein (BMP) signaling pathways. Studies in mice319

have shown that SMAD7 has a protective effect in the fibrosis of various organs by320

inhibiting pro-fibrotic TGF-β signal transduction[24].Overexpression of SMAD7 has321

been shown to antagonize TGF-β-mediated fibrosis, carcinogenesis and322

inflammation[25]. Viral protein interactions with cytokine and cytokine receptors are323

also most significantly enriched in the first subcomponent type, including a variety of324
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chemokines and inflammatory factors, such as chemokines CCL2, CX3CL1, etc, bile325

duct epithelial cells (BEC) Damage to the small bile ducts in primary biliary cirrhosis326

(PBC) shows the characteristics of aging. Senescent BECs showed upregulation of a327

variety of chemokines and chemotactic activities. The expression of CCL2 and328

CX3CL1 in PBC senescent BECs increased, which may promote the infiltration of329

corresponding cells expressing CCR2 and CX3CR1, and further aggravate the PBC330

bile duct Inflammation of the lesion [26,27].At the same time, PI3K / Akt signaling331

pathway is also significantly enriched in subgroup I, and there are many upregulated332

genes. After PI3K / Akt signaling pathway regulates the activation of downstream333

signaling molecules, it plays a key role in regulating the immune response and the334

release of inflammatory factors in vivo and in vitro[28].Combined with the results of335

GO functional enrichment analysis, the first subcomponent mainly involves the336

regulation of cell−cell adhesion,positive regulation of cell adhesion, positive337

regulation of cell−cell adhesion, blood coagulation and hemostasis and other338

biological processes. The combination of cell and extracellular matrix and cell-cell339

adhesion depend on intercellular adhesion molecules. Cell adhesion molecules340

participate in various interactions. They can broadly support fibrosis formation by341

releasing TGFβ, promoting fibrosis, or mediating leukocyte migration. Some342

candidate cell adhesion molecules have been evaluated as targets for preventing343

and/or reversing liver inflammation and fibrosis[29].Anticoagulant mechanisms and344

damages the fibrinolytic system. Inflammatory mediators can increase platelet count,345

platelet reactivity, downregulate the natural anticoagulation mechanism, activate the346

coagulation system, promote the spread of coagulation response, and damage347

fibrinolysis. Similarly, coagulation can increase the inflammatory response by348

releasing mediators from platelets and activating cells, thereby promoting the349

interaction between cells, thereby increasing the inflammatory response[30]. In350

summary, it is indicated that subjects in subgroup I may exhibit inflammatory351

features.Upregulation of metabolism was observed in subgroup II, including fatty acid352

metabolism, biosynthesis of cofactors，carbon metabolism and protein processing353

pathway in the endoplasmic reticulum, combined with the results of GO functional354
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enrichment analysis, subgroup II mainly involves the small molecule catabolic355

process, cellular amino acid metabolic process, cellular ketone metabolic process,356

andresponse of endoplasmic reticulum stress，nucleotide−excision repair, respiratory357

electron transport chain and other biological processes, indicating that subjects in358

subgroup II may exhibit metabolic activity feature. Systems biology studies have359

shown that carbohydrates, amino acids, and lipid-related pathways have changed in360

liver fibrosis and cirrhosis, and further studies are needed to verify the metabolic361

characteristics and determine the therapeutic targets of liver fibrosis[31].362

Arrhythmogenic right ventricular cardiomyopathy and neuroactive ligand−receptor363

interaction pathways are only significantly enriched in subgroup IV. Studies have364

shown that neuroactive ligand−receptor interaction pathways are closely related to the365

occurrence and development, invasion, and metastasis of liver cancer. A variety of366

traditional Chinese medicine and Chinese patent medicine exert their curative effects367

by influencing this signaling pathway[32-34]，but the relationship with liver cirrhosis368

needs further the study. We did not find a significant upregulation pathway in369

subgroup III, which may be related to the small sample size. These results further370

prove that transcriptome classification represents the development stage and intrinsic371

biological characteristics of liver cirrhosis.372

In addition, although our findings suggest that cases from different subgroups may373

have different expression patterns, they also need further prospective validation in the374

population. Because only gse123932 provided clinical information of gender and age,375

and the sample size was small, the correlation between clinical characteristics and376

WGCNAmodule could not be carried out, similar to transcriptome typing in cancer,377

future liver cirrhosis research should also introduce multi omics data to reveal more378

accurate molecular subgroups of liver cirrhosis. In conclusion, inspired by the cancer379

subgroup study, we applied a similar strategy to reveal the molecular subgroup of380

liver cirrhosis. Current studies have shown that cirrhosis cases from different381

subgroups may have their own unique gene expression patterns, which suggests that382

patients in each subgroup should receive more personalized treatment.383
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Table 1:

The number of differentially expressed genes in each subgroup was obtained by

comparing the control group and the case group and the weighted gene co-expression

analysis module.

Subtypes The specific

genes were

compared with

the normal group

Specific genes

compared with

other subgroups

Specific

upregulated

genes in

subgroup

modular

Ⅰ 6021 4848 2033 blue

Ⅱ 3387 3169 2134 brown、green

Ⅲ 3929 2274 804

Ⅳ 6404 6407 1892 turquoise



Figures

Figure 1

Removal of batch effect by crossplatform normalization

Figure 2

Consensus clustering of Cirrhosis cases



Figure 3

Identi�cation of gene coexpression modules for each subgroup



Figure 4

Identi�cation of gene coexpression modules for each subgroup


