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Abstract

Background: Liver fibrosis arises from chronic liver injury and remains a major clinical
challenge due to its progression toward cirrhosis and hepatocellular carcinoma, as well
as the absence of approved antifibrotic therapies. This study aimed to characterize the
transcriptomic behavior of the EGR1-FOS axis in liver fibrosis and its evolution into hep-
atocellular carcinoma, and to identify genes shared between liver fibrosis and cirrhosis.
Methods: An integrated bioinformatics approach was applied to GEO transcriptomic
datasets. Differentially expressed genes in hepatic fibrosis were identified using GSE139602,
GSE84044, and GSE49541, with GSE62232 as control when needed, while GSE14323 and
GSE89377 were used to detect genes common with cirrhosis. GEPIA, TIMER, and TISCH2
were used to assess the involvement of the EGR1-FOS axis in hepatocellular carcinoma.
External validation of EGR1 expression dynamics and its coregulation with FOS was per-
formed using the GSE135251 dataset. Results: Eleven hub genes were identified, with
emphasis on the EGR1-FOS axis. EGR1 expression fluctuated across liver fibrosis etiologies,
whereas FOS was predominantly downregulated. A strong correlation between EGR1 and
FOS (r = 0.77) was observed, remaining stable across fibrosis stages (all p < 0.001) and in
hepatocellular carcinoma (r = 0.698, p = 1.81 × 10−55). Despite overall downregulation,
both genes increased progressively with advancing fibrosis (EGR1: p = 0.0008–0.0035; FOS:
p = 0.0001–0.0188). Four genes were shared between fibrosis and cirrhosis (SOX9, CD24,
CXCR4, and CYP2C19). Conclusions: The EGR1-FOS axis acts as a dynamic regulator of
liver fibrosis and its progression, and both this axis and the four shared genes identified
may serve as valuable biomarkers and potential therapeutic targets.
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1. Introduction
Liver fibrosis (LF) is a response to chronic damage originating from various sources. It is

marked by the abnormal deposition of the extracellular matrix (ECM) driven by hepatic stellate
cell (HSC) activation, which is the key component of its development and progression [1,2].
The activation of HSCs in response to pro-inflammatory molecules released by different cell
types plays a central part in the pathogenesis of LF. Understanding the mechanisms of this
activation and the genes that participate in it is essential for the development of innovative
therapies [3]. Globally, it represents a major public health issue because of the life-threatening
nature of the disease, as it progresses to advanced stages such as liver cirrhosis (LC), which
itself evolves into hepatocellular carcinoma (HCC) [4]. LC is a complication of advanced
hepatic fibrosis with a global mortality rate of 2.4%. It is categorized as compensated cirrhosis,
due to the absence of symptoms and complications, and decompensated cirrhosis, which
represents the symptomatic phase [5]. Despite progress in understanding the mechanisms
implicated in LF and cirrhosis, as well as their progression to HCC, the management of these
conditions is still limited to the management of symptoms and complications, and further
investigations are required to explore the molecular framework in order to identify new
biomarkers and innovative therapies [6].

The identification of gene candidates and pathways in LF in previous bioinformatic
analyses was influenced by the use of single datasets and, in some studies, by the integration
of human and animal data, which may reduce the direct translational relevance for human
biomarker discovery. Although murine models are essential for mechanistic studies, impor-
tant interspecies differences exist in hepatic gene expression and regulatory programs, and no
single murine model fully reproduces the etiologic and molecular complexity of human LF.
Therefore, to reduce cross-species bias and improve clinical relevance, we focused exclusively
on human transcriptomic datasets in the discovery phase of this study [7,8]. The complexity
of LF and its progression to hepatic cirrhosis requires further bioinformatics-driven and exper-
imental studies to identify novel molecular biomarkers that could improve management and
therapeutic interventions. The use of bioinformatic analyses allows researchers to analyze pub-
lic datasets from repositories such as Gene Expression Omnibus (GEO). Integrating microarray
and mRNA sequencing data from multiple studies helps gain a deeper understanding of liver
diseases and overcome their limitations.

In our bioinformatic analysis, we used three public datasets (GSE139602, GSE84044,
and GSE49541) for LF to identify the differentially expressed genes (DEGs) in LF compared
to normal liver samples. Because two LF datasets lacked internal controls, platform-
matched controls from the GEO dataset GSE62232 were used. The protein–protein inter-
action network was employed to screen for hub genes. The Gene Expression Profiling
Interactive Analysis (GEPIA) platform was used to assess EGR1-FOS axis expression and
its association with overall survival in HCC. To better understand its biological relevance,
we explored immune infiltration and single-cell expression patterns of EGR1 and FOS
using the Tumor IMmune Estimation Resource (TIMER) and TISCH databases. To validate
the fluctuations in EGR1 and FOS expression and evaluate their coregulatory potential
during different stages of LF, an external validation was performed using the GEO dataset
GSE135251. Two datasets (GSE14323 and GSE89377) for LC were used to identify genes
common to both LF and LC as the second objective of our study (Figure 1).
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Figure 1. Workflow of our bioinformatic analysis. DEGs: differentially expressed genes, PPI: protein–
protein interaction, GO: Gene Ontology, KEGG: Kyoto Encyclopedia of Genes and Genomes, GEPIA:
Gene Expression Profiling Interactive Analysis.

We believe this is the first study to examine how EGR1 and FOS behave together
across the different stages of liver fibrosis and whether the EGR1-FOS axis shows stage-
and etiology-dependent activity. We identified 11 hub genes (MYC, FOS, CEBPB, CEBPD,
DUSP1, NR3C1, NFKBIA, EGR1, MCL1, FOXO3, and CD4) and four genes shared between
fibrosis and cirrhosis (SOX9, CD24, CXCR4, and CYP2C19). Notably, EGR1 exhibited
dataset-dependent regulation, upregulated in GSE49541 but downregulated in GSE84044
and GSE139602, whereas FOS showed consistent downregulation. Both genes demon-
strated a strong positive correlation, suggesting coregulation during hepatic fibrogenesis.
Analysis via TIMER further supported EGR1’s association with immune infiltration and its
strong correlation with FOS in HCC. External validation using GSE135251 confirmed a sig-
nificant, stage-dependent increase in both genes during fibrosis progression, underscoring
their coordinated function as a dynamic regulatory axis in liver fibrogenesis.
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2. Materials and Methods
2.1. Data Processing and Normalization

We used the GEO database to explore mRNA expression levels and clinical data
related to LF, cirrhosis, and normal samples (accessed 20 May 2025). We downloaded
the following datasets for LF: GSE139602 [9], GSE84044 [10], and GSE49541 [11]. For
LC, we used GSE14323 [12] and GSE89377 [13]. All microarray datasets were im-
ported into R for downstream analysis. The corresponding platforms were GSE139602
(GPL13667, Affymetrix Human Genome U219 Array), GSE84044 (GPL570, Affymetrix
Human Genome U133 Plus 2.0 Array), GSE49541 (GPL570, Affymetrix Human Genome
U133 Plus 2.0 Array), GSE14323 (GPL571, Affymetrix Human Genome U133A 2.0 Array),
and GSE89377 (GPL6947, Illumina HumanHT-12 v3.0 expression beadchip). The external
validation dataset GSE135251 was generated by RNA sequencing on GPL18573 (Illumina
NextSeq 500). For this dataset, stage-specific analyses were performed according to the
fibrosis-stage annotation available in the GEO sample metadata. Because these datasets
originated from different studies, they were not merged into a single global expression
matrix. Instead, each dataset was analyzed independently, considering its own platform
and preprocessing status. For GSE139602, GEO provided processed Affymetrix expression
values with RMA-based preprocessing. GSE49541 was analyzed as GC-RMA-processed
Affymetrix data. Additionally, for the stage-based analysis of EGR1 and FOS expression,
fibrosis grouping in GSE49541 was based on the original dataset metadata, in which sam-
ples were classified as mild (fibrosis stage 0–1) or advanced (fibrosis stage 3–4). GSE14323
was analyzed using the GPL571 processed Affymetrix expression matrix. From this series,
only the GPL571 cirrhosis and normal liver samples relevant to the present analysis were
retained, and HCC samples were excluded. GSE89377 was analyzed as a preprocessed
Illumina dataset normalized by quantile normalization with GenPlex 3.0. For GSE84044
and GSE49541, internal control samples were not available for the fibrosis-versus-control
comparison; therefore, control samples were obtained from the independent GEO series
GSE62232 [14], generated on the same GPL570 platform, to allow for platform-matched
cross-series analyses with reduced platform-related heterogeneity. Data normalization
procedures are depicted in Supplementary Figure S1.

The differential expression analysis was then performed separately for each dataset using
the limma package in R (Version 3.34.9), whereas DESeq2 was used for normalization and
downstream analysis of the RNA-seq validation dataset GSE135251. Genes with adjusted
p-value < 0.05 and |logFC| ≥ 1.0 were considered significantly differentially expressed.
Subsequently, probes were annotated using the corresponding platform annotation files.
Candidate genes were identified by intersecting the independently derived DEG lists across
datasets rather than through direct pooled cross-study normalization. The VennDiagram
package was used to visualize common DEGs across the LF and LC datasets. Multiple linear
regression was performed to assess whether the association between EGR1 and FOS persisted
after adjustment for disease status. FOS was used as the dependent variable, with EGR1
and Condition (0 = control, 1 = liver fibrosis) as independent variables. Model comparison
between the unadjusted and adjusted models was conducted using ANOVA.

2.2. DEGs Liver Fibrosis and Cirrhosis Intersect

In order to conduct our bioinformatic analysis, we used three transcriptomic datasets
of LF and two datasets of LC from the GEO database to pinpoint the DEGs linked to LF
and cirrhosis using R as software for our analysis. We found a total of 455 DEGs for LF, and
for the two datasets of LC, we were able to identify 61 DEGs. Subsequently, we performed
an intersection analysis, which allowed us to identify four common genes.
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2.3. Gene Ontology Functional Annotation and Kyoto Encyclopedia of Genes and Genomes
Pathway Analysis of DEGs for Liver Fibrosis and Cirrhosis

To investigate the biological significance of the intersected DEGs from LF and LC,
specifically, Gene Ontology (GO), including the biological processes (BPs), molecular
functions (MFs), cellular components (CCs), and the pathways associated with the DEGs,
was identified through the Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment
analysis. The clusterProfiler package was used to achieve a comprehensive set of functional
annotations. An adjusted p < 0.05 was set as the threshold for significance.

2.4. Protein–Protein Interaction Network Analysis and Identification of Hub Genes

The Search Tool for the Retrieval of Interacting Genes (STRING) database (https://string-db.
org/) was utilized to create a protein–protein interaction (PPI) network (accessed 18 June 2025). The
identification of PPI relationships was possible by querying the determined intersected DEGs for LF,
assessed in the STRING database, considering 0.400 as the minimum interaction score [15]. After
importing the results obtained from STRING into the Cytoscape software (3.10.3), CytoHubba was
used to identify hub genes by querying and ranking them by the Maximal Clique Centrality (MCC)
and Edge Percolated Component (EPC).

2.5. Correlation Analysis of Hub Genes

We conducted Pearson’s correlation analysis in R to examine the pairwise correlation
coefficients among the expression levels of hub genes. A threshold of p < 0.05 was used for
statistical significance.

2.6. Hub Genes Validation in GEPIA Tool

In our validation approach, we used the GEPIA (http://gepia.cancer-pku.cn) platform
(accessed 8 November 2025), which combines The Cancer Genome Atlas (TCGA) and
Genotype-Tissue Expression (GTEx) datasets; this allowed us to explore expression profiles,
differential genes, and survival analyses [16]. For the 11 hub genes found among the DEGs
related to LF, we applied the Kaplan–Meier method to assess survival to explore their
influence on overall survival (OS) in liver hepatocellular carcinoma (LIHC) patients. GEPIA
stratified patients into two categories, high expression and low expression, using 25% and
75% percentile values. The corresponding hazard ratios (HRs), 95% confidence intervals,
and log-rank p-values were estimated, with results considered significant when p < 0.05 or
p (HR) < 0.05.

2.7. Single-Cell Expression Landscape of EGR1 and FOS in Hepatocellular
Carcinoma Microenvironment

To better characterize the cellular distribution of EGR1 and FOS within the LIHC
microenvironment, we analyzed two publicly available single-cell RNA-seq datasets,
GSE140228 and GSE98638, in the Tumor Immune Single-cell Hub 2 (TISCH2) database
(http://tisch.comp-genomics.org) (accessed 9 November 2025). Preprocessed expression
matrices and cell-type annotations, generated using Smart-seq2 and 10× Genomics plat-
forms, were employed to assess gene-level variation across key cellular compartments,
including tumor cells, macrophages, dendritic cells, and T-cell subsets. Uniform Manifold
Approximation and Projection (UMAP) visualization and log-normalized data integration
followed the standard TISCH2 workflow. This analysis provided a single-cell resolution
map of the EGR1-FOS axis, allowing for the contextual evaluation of its cell-type-specific
transcriptional activity within the immune–stromal landscape of HCC.
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2.8. Tumor Infiltrating Immune Cells Analysis

The assessment of tumor-infiltrating immune cells was conducted using the TIMER
database (https://cistrome.shinyapps.io/timer/), a web-based tool that provides systematic
evaluations of immune cell infiltration across various cancer types using RNA-sequencing
data from TCGA (accessed 12 November 2025) [17]. EGR1 and FOS expression levels and the
abundance of six major immune infiltrates (B cells, CD4 + T cells, CD8 + T cells, macrophages,
neutrophils, and dendritic cells) were evaluated. To examine whether genomic alterations
influence immune infiltration, somatic copy number alteration (SCNA) data for EGR1 and
FOS were analyzed through the TIMER SCNA module. SCNA categories were defined
according to GISTIC 2.0. Infiltration levels of the same immune cell subsets were compared
across these Copy Number Variation categories using a two-sided Wilcoxon rank-sum test; the
results are displayed as boxplots. Statistically significant differences (p < 0.05) are indicated
directly on the plots. Finally, the direct relationship between EGR1 and FOS expressions was
explored using the Correlation module of TIMER (accessed 12 November 2025).

2.9. Comparative Transcriptomic Evaluation of EGR1-FOS Dynamics in NAFLD- and
HBV-Associated Fibrosis

Publicly available transcriptomic datasets, GSE49541 (NAFLD-associated fibrosis) and
GSE84044 (HBV-related fibrosis), were obtained from the GEO database to examine the
expression dynamics of EGR1 and FOS across distinct fibrotic contexts. Because EGR1
showed inconsistent trends, upregulated in NAFLD samples compared to normal liver but
downregulated in viral fibrosis, we further explored whether disease origin influenced its
behavior. In GSE49541, we compared EGR1 and FOS expression between mild (stage 0–1)
and advanced (stage 3–4) fibrosis to assess stage-dependent regulation, while in GSE84044,
their expression was analyzed between normal and HBV-fibrotic liver tissues. Normalized
expression data were log2-transformed and analyzed using the Wilcoxon rank-sum test in
R, with visualization performed through ggplot2 and ggpubr. This approach allowed us to
clarify the apparent fluctuation of EGR1, revealing its upregulation with fibrosis progression
in NAFLD and its suppression in HBV-induced fibrosis, supporting a context-dependent
regulatory pattern of the EGR1-FOS axis.

2.10. Analysis of EGR1 and FOS Expression and Correlation Across Liver Fibrosis Stages

To further validate the fluctuating behavior of the EGR1-FOS axis across LF progres-
sion, an independent validation was performed using the GSE135251 dataset, which profiles
NAFLD-derived LF [18]. This dataset enabled stage-specific assessment of gene expression
across the four fibrosis stages. Gene expression matrices were preprocessed and normalized
before statistical assessment using the Robust Multi-array Average algorithm implemented
in the affy package in R. Data distribution was examined using the Shapiro–Wilk test,
revealing a non-normal pattern for both EGR1 and FOS, thereby warranting the use of the
Mann–Whitney U test for pairwise stage comparisons. Median expression values and 95%
confidence intervals were calculated to quantify differences across stages. The ggplot2 and
ggpubr packages were used for visualization. Correlation analyses between EGR1 and
FOS expression within each LF stage were performed using Pearson’s correlation test, and
regression plots were generated to illustrate stage-specific associations. Significance was
set at p < 0.05.

3. Results
3.1. Identification of DEGs Between Liver Fibrosis, Liver Cirrhosis and Normal Liver Tissue

We used three datasets (GSE139602, GSE84044, and GSE49541) to analyze DEGs be-
tween hepatic fibrosis and normal liver tissue. In GSE139602, 105 genes displayed increased
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expression, while 1084 were reduced. Examination of GSE84044 indicated 276 upregu-
lated and 7856 downregulated genes; furthermore, the analysis of GSE49541 uncovered
29022 transcripts with elevated expression, and 601 were downregulated. In contrast, con-
cerning LC, 589 upregulated and 162 downregulated genes were detected in GSE14323,
and 75 upregulated genes, along with 34 downregulated genes, were noted in GSE89377.

To visualize the DEGs, volcano plots were generated, as shown in Figure 2a–c and
heatmaps were employed to compare the transcript abundance of DEGs across datasets, as
shown in Figure 2d–f. For LC, the expression trends of overlapping genes were displayed
using volcano plots (Figure 3a,b) and heatmap representations (Figure 3c,d). The intersec-
tion of these results was represented in a Venn diagram in Figure 4a for LF and in Figure 4b
for LC. This approach enabled us to pinpoint four core genes (SOX9, CD24, CXCR4, and
CYP2C19) shared between LF and LC datasets (Figure 4c).

(d) GSE139602 

(e) GSE84044 (f) GSE49541 

(c) GSE49541 

(a) GSE139602 (b) GSE84044 

Figure 2. Identification of DEGs in liver fibrosis. (a–c) Volcano plots for datasets GSE139602,
GSE84044, and GSE49541, displaying significantly upregulated (red) and downregulated (green)
genes (|log2FC| ≥ 1.0, adjusted p < 0.05). Blue points indicate genes without significant expression
changes. (d–f) Heatmaps showing hierarchical clustering of DEGs that distinguish liver fibrosis
samples from normal liver tissues across the three datasets.
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(a) GSE14323 (b) GSE89377 

(c) GSE14323 (d) GSE89377 

Figure 3. Identification of DEGs in liver cirrhosis. (a,b) Volcano plots corresponding to GSE14323
and GSE89377, displaying transcripts with significant upregulation (red; |log2FC| ≥ 1.0, adjusted
p < 0.05) and downregulation (green; |log2FC| ≤ −1.0, adjusted p < 0.05). Blue points indicate genes
showing no statistically meaningful expression variation. (c) and (d) represent hierarchical clustering
analysis of DEGs between liver fibrosis and normal tissues in GSE14323 and GSE89377, respectively.

3.2. Functional Enrichment Analysis of DEGs Intersect

To elucidate biological functions, the total DEG intersection of the three datasets
in LF was used in the GO analysis, and the results are shown in Figure 5a–c and
Table 1. The criteria were adjusted to p < 0.05. GO analysis indicated a significant
enrichment in BP associated with positive regulation of DNA-templated transcription
(FDR = 0.0116), the fibroblast growth factor receptor signaling pathway (FDR = 0.0116),
cellular response to tumor necrosis factor (FDR = 0.0116), the insulin-like growth fac-
tor receptor signaling pathway (FDR = 0.0305), and the platelet-derived growth factor
receptor-alpha signaling pathway (FDR = 0.0306). The CCs of the DEGs were en-
riched in the cytoplasm (FDR = 1.6348 × 10−8), nucleoplasm (FDR = 3.1055 × 10−8), nu-
cleus (FDR = 4.6676 × 10−5), cytoplasmic stress granule (FDR = 0.0256), and chromatin
(FDR = 0.0296). Functional enrichment analysis of the MF category revealed a strong
overrepresentation of terms associated with protein binding (FDR = 1.2494 × 10−15), pro-
tein tyrosine kinase collagen receptor activity (FDR = 0.0075), platelet-derived growth
factor alpha-receptor activity (FDR = 0.0075), macrophage colony-stimulating factor re-
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ceptor activity (FDR = 0.0075), insulin receptor activity (FDR = 0.0075) and insulin-like
growth factor receptor activity (FDR = 0.0080), the KEGG pathway analysis was not sig-
nificant for LF. Furthermore, the total DEGs intersection in LC was used for GO analysis
(Figure 6 and Table 2). GO analysis revealed enrichment in BP related to immune response
(FDR = 0.0003), the chemokine-mediated signaling pathway (FDR = 0.0007), positive reg-
ulation of cell migration (FDR = 0.0028), and positive regulation of phosphatidylinositol
3-kinase/protein kinase B signal transduction (FDR = 0.0159). In addition, the CCs of DEGs
revealed enrichment in the extracellular region (FDR = 2.3119 × 10−9), extracellular space
(FDR = 3.3909 × 10−9), collagen-containing extracellular matrix (FDR = 6.5224 × 10−6),
and extracellular exosome (FDR = 0.014). Molecular function analysis elucidated a sig-
nificant enrichment in MF associated with extracellular matrix structural constituents
(FDR = 1.7290 × 10−5) and chemokine activity (FDR = 5.1632 × 10−5). According to the
KEGG pathway enrichment, the analyzed genes are mainly involved in the chemokine sig-
naling pathway (FDR = 0.0105) and cytokine–cytokine receptor interaction (FDR = 0.0110).

DEGs LF DEGs LC 

a b 

c 

Figure 4. Venn diagrams. (a) Venn diagram of all DEGs intersected (n = 455) in liver fibrosis relative
to normal liver tissue in the three GEO datasets. (b) Venn diagram of all DEGs intersected (n = 61)
in liver cirrhosis relative to normal liver tissue in the three GEO datasets. (c) Venn diagram of
intersecting genes between liver fibrosis and liver cirrhosis in the five analyzed GEO datasets.
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a b 

c 

Figure 5. GO enrichment results (p adjust < 0.05). (a) Key biological processes associated with the
DEGs. (b) Key cellular components associated with the DEGs. (c) Key molecular functions associated
with the DEGs in liver fibrosis.

Table 1. The results of GO. Biological processes (BPs), cellular components (CCs), and molecular
functions (MFs) for liver fibrosis, considering p-adjusted < 0.05.

Category ID Description Count FDR

BP

GO:0071356 cellular response to tumor necrosis factor 13 0.0116655449654847

GO:0045893 positive regulation of
DNA-templated transcription 36 0.0116655449654847

GO:0016477 cell migration 20 0.0116655449654847

GO:0008543 fibroblast growth factor receptor
signaling pathway 12 0.0116655449654847

GO:0007275 multicellular organism development 8 0.0259521508368659
GO:0008286 insulin receptor signaling pathway 12 0.0259521508368659

GO:0048009 insulin-like growth factor receptor
signaling pathway 10 0.0305381189858401
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Table 1. Cont.

Category ID Description Count FDR

GO:0036323 vascular endothelial growth factor
receptor-1 signaling pathway 8 0.0306137989648556

GO:0035790 platelet-derived growth factor
receptor-alpha signaling pathway 8 0.0306137989648556

GO:0038145 macrophage colony-stimulating factor
signaling pathway 8 0.0306137989648556

GO:0038109 Kit signaling pathway 8 0.0306137989648556

GO:0051897
positive regulation of

phosphatidylinositol 3-kinase/protein
kinase B signal transduction

15 0.0306137989648556

GO:0035791 platelet-derived growth factor
receptor-beta signaling pathway 8 0.0352758650651886

GO:0031547 brain-derived neurotrophic factor receptor
signaling pathway 8 0.0352758650651886

GO:0007165 signal transduction 51 0.0352758650651886

GO:0048012 hepatocyte growth factor receptor
signaling pathway 8 0.0396872029609826

GO:0007173 epidermal growth factor receptor
signaling pathway 10 0.0430336165183487

GO:0038063 collagen-activated tyrosine kinase
receptor signaling pathway 8 0.0440175452919444

CC

GO:0005737 cytoplasm 192 1.63483943113957 × 10−8

GO:0005654 nucleoplasm 143 3.10550668445599 × 10−8

GO:0005829 cytosol 176 1.12101570577927 × 10−6

GO:0005634 nucleus 182 4.66763811131671 × 10−5

GO:0043235 receptor complex 15 0.0239662873412864
GO:0010494 cytoplasmic stress granule 10 0.0256660075722775
GO:0000785 chromatin 43 0.0296010248658772
GO:0045121 membrane raft 14 0.0452357122579773

MF

GO:0005515 protein binding 392 1.2494 × 10−15

GO:0003723 RNA binding 61 0.0045

GO:0005011 macrophage colony-stimulating factor
receptor activity 8 0.0075

GO:0005020 stem cell factor receptor activity 8 0.0075

GO:0038062 protein tyrosine kinase collagen
receptor activity 8 0.0075

GO:0036332 placental growth factor receptor activity 8 0.0075
GO:0005004 GPI-linked ephrin receptor activity 8 0.0075

GO:0060175 brain-derived neurotrophic factor
receptor activity 8 0.0075

GO:0005009 insulin receptor activity 8 0.0075

GO:0005018 platelet-derived growth factor
alpha-receptor activity 8 0.0075

GO:0008288 boss receptor activity 8 0.0075

GO:0005019 platelet-derived growth factor
beta-receptor activity 8 0.0075

GO:0005008 hepatocyte growth factor receptor activity 8 0.0075
GO:0005007 fibroblast growth factor receptor activity 8 0.0075
GO:0005006 epidermal growth factor receptor activity 8 0.0075
GO:0005010 insulin-like growth factor receptor activity 8 0.0080

GO:0005021 vascular endothelial growth factor
receptor activity 8 0.0085

GO:0005005 transmembrane-ephrin receptor activity 8 0.0091

GO:0004714 transmembrane receptor protein tyrosine
kinase activity 7 0.0105
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Figure 6. GO enrichment and KEGG pathway analysis results (adjusted p-value < 0.05). (a) Key
biological processes associated with the DEGs. (b) Key cellular components associated with the DEGs.
(c) Key molecular functions associated with the DEGs. (d) Key KEGG pathways associated with the
DEGs in liver cirrhosis.

Table 2. The results of GO. Biological processes (BP), cellular components (CC)and molecular
functions (MF) and KEGG pathway analysis for liver cirrhosis, considering p-adjusted < 0.05.

Category ID Description Count FDR

BP

GO:0006955 immune response 12 0.0003
GO:0070098 chemokine-mediated signaling pathway 6 0.0007

GO:0061844 antimicrobial humoral immune response
mediated by antimicrobial peptide 7 0.0007

GO:0007155 cell adhesion 11 0.0009
GO:0060326 cell chemotaxis 6 0.0011
GO:0030335 positive regulation of cell migration 8 0.0028
GO:0050921 positive regulation of chemotaxis 4 0.0028
GO:0006954 inflammatory response 9 0.0033
GO:0006935 chemotaxis 6 0.0033
GO:0071280 cellular response to copper ion 4 0.0039
GO:0048245 eosinophil chemotaxis 4 0.0050
GO:0031640 killing of cells of another organism 5 0.0105
GO:0001775 cell activation 3 0.0159

GO:0051897 positive regulation of phosphatidylinositol
3-kinase/protein kinase B signal transduction 6 0.0159
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Table 2. Cont.

Category ID Description Count FDR

GO:0002407 dendritic cell chemotaxis 3 0.0441
GO:0010273 detoxification of copper ion 3 0.0441
GO:0042127 regulation of cell population proliferation 5 0.0451
GO:0045926 negative regulation of growth 3 0.0497

CC

GO:0005576 extracellular region 28 2.3119 × 10−9

GO:0005615 extracellular space 26 3.3909 × 10−9

GO:0062023 collagen-containing extracellular matrix 11 6.5224 × 10−6

GO:0070062 extracellular exosome 17 0.0142
GO:0009897 external side of plasma membrane 7 0.0302

MF
GO:0005201 extracellular matrix structural constituent 8 1.7290 × 10−5

GO:0008009 chemokine activity 6 5.1632 × 10−5

GO:0048020 CCR chemokine receptor binding 4 0.0067

KEGG
Pathway
Analysis

hsa04061 viral protein interaction with cytokine and
cytokine receptor 7 0.0005

hsa04062 chemokine signaling pathway 7 0.0105
hsa04060 cytokine–cytokine receptor interaction 8 0.0110

3.3. PPI Network Construction and Identification of Hub Genes

To identify the main regulatory genes involved in LF, a PPI network was con-
structed using 455 DEGs. The resulting network comprised 453 nodes connected through
1365 interaction edges. PPI analysis was conducted on the top 15 identified and ranked
genes using CytoHubba in Cytoscape, using two algorithms: MCC, as shown in Figure 7a
and Table 3, and EPC, as shown in Figure 7b and Table 4. Eleven hub genes were identified:
MYC, FOS, CEBPB, CEBPD, DUSP1, NR3C1, NFKBIA, EGR1, MCL1, FOXO3 and CD4,
highlighting their significant interconnectivity, suggesting their potential implication in LF.
These 11 genes were the most common interacting hub genes among the ranking algorithms
and were subsequently subjected to enrichment analysis, as shown in Figure 8.

MCC EPC 
a b 

Figure 7. Protein–protein interaction network of the top 15 hub genes, generated through the STRING
database and visualized using Cytoscape. Key hub genes were prioritized using the CytoHubba
plugin based on the MCC and EPC ranking algorithms. (a) The top 15 hub genes identified using the
MCC algorithm. (b) The top 15 hub genes determined using the EPC method.
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Table 3. Top 15 hub genes in PPI network module 2 ranked by MCC method in CytoHubba.

Rank Gene Symbol Description Score

1 MYC v-myc avian myelocytomatosis viral oncogene homolog 118,597.0
2 FOS FBJ murine osteosarcoma viral oncogene homolog 116,537.0
3 CEBPB CCAAT/enhancer binding protein (C/EBP), beta 112,240.0

4 NFKBIA nuclear factor of kappa light polypeptide gene
enhancer in B-cells inhibitor, alpha 111,724.0

5 DUSP1 dual-specificity phosphatase 1 99,531.0
6 CEBPD CCAAT/enhancer binding protein (C/EBP), delta 92,506.0
7 ZFP36 ZFP36 ring finger protein 90,888.0
8 GADD45B growth arrest and DNA-damage-inducible, beta 80,808.0
9 EGR1 early growth response 1 58,169.0

10 KLF6 Kruppel-like factor 6 45,393.0
11 MCL1 myeloid cell leukemia 1 20,238.0
12 FOXO3 forkhead box O3 13,489.0

13 NR3C1 nuclear receptor subfamily 3, group C, member 1
(glucocorticoid receptor) 12,470.0

14 CD4 CD4 molecule 12,203.0
15 GTPBP4 GTP-binding protein 4 12,153.0

Table 4. Top 15 hub genes in PPI network module 2 ranked by EPC method in CytoHubba.

Rank Gene Symbol Description Score

1 MYC v-myc avian myelocytomatosis viral
oncogene homolog 73.11599999999996

2 FOS FBJ murine osteosarcoma viral oncogene homolog 69.48600000000006

3 NFKBIA nuclear factor of kappa light polypeptide gene
enhancer in B-cells inhibitor, alpha 65.35400000000011

4 CD4 CD4 molecule 64.94000000000011
5 CEBPB CCAAT/enhancer binding protein (C/EBP), delta 60.24800000000016
6 EGR1 early growth response 1 58.80100000000011
7 CXCR4 chemokine (C-X-C motif) receptor 4 57.98200000000006
8 MCL1 myeloid cell leukemia 1 57.723000000000106
9 FOXO3 forkhead box O3 57.423000000000044

10 DUSP1 dual-specificity phosphatase 1 56.067000000000085
11 PTPN11 protein tyrosine phosphatase, non-receptor type 11 55.55200000000014
12 CEBPD CCAAT/enhancer binding protein (C/EBP), delta 54.643000000000114

13 NR3C1 nuclear receptor subfamily 3, group C, member 1
(glucocorticoid receptor) 54.154000000000025

14 KDR kinase insert domain receptor 52.15900000000013
15 DDX3X DEAD (Asp-Glu-Ala-Asp) box helicase 3, X-linked 51.16100000000017

3.4. Hub Gene Correlation Analysis

We conducted Pearson’s correlation analysis to assess co-expression dynamics among
the 11 hub genes (MYC, FOS, CEBPB, NFKBIA, DUSP1, CEBPD, EGR1, MCL1, FOXO3,
NR3C1, and CD4). As shown in Figure 9, EGR1 and FOS showed the highest correlation
(r = 0.77), highlighting their potential implications in LF. In addition, another significant
correlation was found between DUSP1 and EGR1 (r = 0.63), indicating their probable role
in the inflammatory process. Furthermore, a moderate correlation was observed between
MCL1 and FOS (r = 0.47), highlighting their potential implication in fibrotic remodeling
and apoptosis. In addition, other moderate correlations were found between NFKBIA and
DUSP1 (r = 0.45) and FOS (r = 0.46), respectively.
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Figure 8. Disease Ontology enrichment analysis of the hub genes.

Figure 9. Correlation heatmap depicting pairwise associations among the 11 identified hub genes
in liver fibrosis. Red color gradients indicate strong positive correlations (values approaching 1),
whereas blue tones denote negative correlations (values approaching −1).

3.5. Hub Gene Expression and Overall Survival Analysis in LIHC Using GEPIA

GEPIA-based survival analysis was performed to examine the association between the
11 hub genes and overall survival in LIHC. Among them, EGR1 and FOS displayed differential
expression (Figure 10a,b) but showed no significant association with patient survival (log-rank
p > 0.05; Figure 10c,d). The other hub genes also lacked prognostic significance. These findings
indicate that, although transcriptionally altered during hepatic fibrosis and HCC progression,
EGR1 and FOS expression alone may not predict overall survival.
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Figure 10. (a,b) Comparison of FOS and EGR1 expression between liver hepatocellular carcinoma
(LIHC) and normal liver samples based on TCGA and GTEx data. Expression values are shown as
log2(TPM + 1). A red asterisk (*) denotes a statistically significant difference (p < 0.05) between tumor
(T) and normal (N) groups. (a,b) Expression distribution of FOS and EGR1. (c,d) Kaplan–Meier
survival analysis of the two significant hub genes (FOS and EGR1) in liver hepatocellular carcinoma
using the GEPIA platform. Patients were stratified into high- and low-expression groups based on
median thresholds, and survival outcomes were compared using log-rank tests. Survival curves for
FOS and EGR1 are presented as well.

3.6. Integrated Analysis of EGR1 and FOS Expression, Copy Number Variation, and Immune
Infiltration in LIHC

To elucidate the potential immunological involvement and functions of EGR1 and FOS
in LIHC, we performed a comprehensive analysis using the TIMER database, integrating
immune infiltration, SCNA, and gene correlation data. Both EGR1 and FOS expression
were found to be positively associated with macrophage and dendritic cell infiltration, with
EGR1 showing moderate correlations (macrophage: r = 0.271, p = 5.2 × 10−5; dendritic
cells: r = 0.175, p = 1.2 × 10−3), and FOS displaying similar patterns (macrophage: r = 0.285,
p = 8.4 × 10−8; dendritic cells: r = 0.216, p = 5.7 × 10−5). These results suggest that both
transcription factors may contribute to shaping the myeloid cell landscape within the tumor
microenvironment. The weak correlation of both genes with tumor purity further supports
the idea that their expression is largely influenced by immune and stromal components
rather than by tumor cells alone (Figure 11a).

The copy-number variation analysis showed that changes in EGR1 dosage influence
the immune microenvironment in LIHC. Arm-level deletions did not significantly alter
the infiltration of any immune cell type, as all corresponding p-values were above the
significance threshold. Instead, reductions in CD4+ T-cell, macrophage, neutrophil, and
dendritic-cell infiltration were observed mainly in tumors carrying EGR1 gains or high-
level amplifications, indicating that excessive EGR1 copy number may dampen immune
recruitment. CD8+ T cells were largely unaffected across all SCNA categories. In contrast,
FOS SCNA categories did not show statistically significant effects on immune infiltration,
implying that its immune-related activity is primarily driven by transcriptional regulation
rather than genomic variation (Figure 11b).
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Figure 11. Immune infiltration, copy number variation, and expression correlation analyses of EGR1
and FOS in liver hepatocellular carcinoma (LIHC). (a) Scatter plots showing the correlations between
EGR1 and FOS expression levels and the infiltration of six immune cell types (B Cell, CD8+ T Cell,
CD4+ T Cell, Macrophage, Neutrophil and Dendritic Cell) in LIHC. (b) Boxplots showing immune
cell infiltration levels in LIHC samples with different EGR1 and FOS somatic copy number alteration
(SCNA) categories. (c) Correlation between EGR1 and FOS expression levels in LIHC based on
Spearman’s analysis. Statistical significance is indicated as follows: * p < 0.05; ** p < 0.01; *** p < 0.001.

Finally, a strong positive correlation was observed between EGR1 and FOS mRNA
expression levels (Spearman’s r = 0.698, p = 1.81 × 10−55) (Figure 11c), suggesting a co-
ordinated activation pattern between these immediate-early transcription factors. This
co-expression supports the existence of an EGR1-FOS axis potentially orchestrating down-
stream transcriptional programs involved in inflammation and immune modulation. Col-
lectively, these findings identify EGR1 as a genomically sensitive modulator of immune
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infiltration and highlight a possible synergistic role for EGR1 and FOS in orchestrating
immune responses within the HCC microenvironment.

3.7. Single-Cell Distribution of EGR1 and FOS in the HCC Microenvironment

Single-cell RNA-seq analysis of LIHC datasets LIHC_GSE140228 and LIHC_GSE98638
revealed that both EGR1 and FOS display a low-to-moderate but structured expression pat-
tern across the tumor microenvironment. In both datasets, transcripts were mainly detected
within proliferative tumor cells, macrophages, and activated T-cell subsets, whereas stromal
and quiescent immune cells showed minimal expression. UMAPs demonstrated partially
overlapping expression domains for EGR1 and FOS, suggesting their potential coregulation
in stress-activated and proliferative cell populations. Although neither gene was broadly
expressed across all malignant clusters, their enrichment in immune-interacting niches
supports a context-dependent activation of the EGR1-FOS axis in the inflammatory and
regenerative processes associated with fibrosis-linked hepatocarcinogenesis (Figure 12).

Figure 12. Uniform Manifold Approximation and Projection (UMAP) plots showing the expression
and distribution patterns of EGR1 and FOS across distinct cell populations in two liver single-cell RNA
sequencing datasets (LIHC_GSE140228_SmartSeq2 and LIHC_GSE98638). Cell clusters are annotated
according to major immune and stromal lineages, including CD4+ T cells, CD8+ T cells, NK cells,
macrophages/monocytes, B cells, plasma cells, mast cells, endothelial cells, and proliferating cells.
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3.8. Comparative Analysis of the EGR1-FOS Axis in NAFLD and HBV-Associated Liver Fibrosis

In the NAFLD-associated fibrosis dataset (GSE49541), analysis revealed a significant
increase in EGR1 expression in advanced fibrosis stages (3–4) compared with mild stages (0–1)
(p = 0.0047), while FOS expression showed no significant change (p = 0.4676). Conversely, in the
HBV-related fibrosis dataset (GSE84044), both EGR1 and FOS were markedly downregulated in
HBV-fibrotic liver tissues compared with normal samples (p = 4.93 × 10−6 and p = 1.79 × 10−7,
respectively). These results show a difference in the expression patterns of EGR1 and FOS in
NAFLD-associated fibrosis and in viral-origin fibrosis (HBV-LF) (Figure 13).

GSE49541 

p = 0.000004929 p = 0.0000001792 *** ***

GSE84044 

a 

b 

Figure 13. Differential expressions of EGR1 and FOS in liver fibrosis progression of distinct etiologies.
(a) Boxplots show the normalized expression levels of EGR1 and FOS in liver fibrosis samples from the
GSE49541 dataset, comparing advanced fibrosis stages (3–4) to early stages (0–1) in NAFLD-origin liver
fibrosis. (b) Analysis of the GSE84044 dataset compares gene expression in normal liver samples vs. HBV-
associated liver fibrosis (HBV_LF). Statistical significance is indicated as follows: ** p < 0.01; *** p < 0.001.

3.9. Stage-Specific Expression and Correlation Dynamics of the EGR1-FOS Axis in Liver Fibrosis

Analysis of the external validation dataset revealed a significant increase in EGR1 ex-
pression from early to advanced stages of LF, with marked differences between stages 1 vs.
3 (p = 0.0008) and stages 1 vs. 4 (p = 0.0035). Similarly, FOS expression progressively increased
with fibrosis severity, showing significant upregulation at stages 3 (p = 0.0001) and 4 (p = 0.0188)
compared to stage 1, as shown in Figure 14a and Table 5. Correlation analyses demonstrated a
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strong positive association between EGR1 and FOS across all stages (R = 0.79–0.95, p < 0.001),
with the highest correlation observed in stage 4 (R = 0.95, p = 1.6× 10−7) (Figure 14b). In addition
to correlation analysis, multiple linear regression was performed to test whether the association
between EGR1 and FOS remained significant after adjustment for disease status. In the unad-
justed model, EGR1 was strongly associated with FOS (β = 1.2053, SE = 0.0892, p < 2 × 10−16,
R2 = 0.5091). After including Condition (0 = control, 1 = liver fibrosis), EGR1 remained indepen-
dently associated with FOS (β = 0.9345, SE = 0.1261, p = 5.21 × 10−12), and Condition was also
significant (β = −1474.99, SE = 495.95, p = 0.00335). The adjusted model showed a significantly
improved fit compared with the unadjusted model (ANOVA p = 0.003353).

a 

b 

Figure 14. Stage-dependent expression and correlation of EGR1 and FOS in liver fibrosis (GSE135251).
(a) Median expression of EGR1 and FOS increased progressively across fibrosis stages, with significant
differences detected by the Mann–Whitney U test; p represents the p-value. (b) Pearson correlation
analysis showed a strong positive association between EGR1 and FOS at all stages; R represents the
correlation coefficient, and p represents the p-value.
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Table 5. Stage-wise variation in EGR1 and FOS expression across liver fibrosis progression assessed
by the Mann–Whitney U test.

Gene Comparison Gene-LF Stage Median 95% CI
for the Median p-Value

EGR1 LF-stage: 1 vs. stage: 2
EGR1-Stage1 53.2538 37.1936 to

118.4480
0.1194

EGR1-Stage2 92.2395 72.7544 to
133.6347

EGR1 LF-stage: 1 vs. stage: 3
EGR1-Stage1 53.2538 37.1936 to

118.4480
0.0008

EGR1-Stage3 143.5478 99.7492 to
237.2930

EGR1 LF-stage: 1 vs. stage: 4
EGR1-Stage1 53.2538 37.1936 to

118.4480
0.0035

EGR1-Stage4 155.8706 113.1949 to
312.1864

FOS LF-stage: 1 vs. stage: 2
FOS-Stage1 23.5742 16.2270 to

29.6365
0.0667

FOS-Stage2 26.8092 23.6846 to
33.0759

FOS LF-stage: 1 vs. stage: 3
FOS-Stage1 23.5742 16.2270 to

29.6365
0.0001

FOS-Stage3 34.3894 29.6317 to
43.4834

FOS LF-stage: 1 vs. stage: 4
FOS-Stage1 23.5742 16.2270 to

29.6365
0.0188

FOS-Stage4 35.8047 25.1439 to
44.1809

4. Discussion
LF represents a pathological reaction to persistent hepatic injury arising from diverse

origins, including viral or alcohol-related liver damage, which is marked by activated HSCs
and their differentiation into myofibroblast-like cells, causing the hyperdeposition of ECM
in the liver [19,20]. Hepatic fibrosis may advance to irreversible stages, including LC and
HCC, highlighting the necessity to identify biomarkers in addition to effective therapeutic
approaches [21]. The prevention of HSC activation alleviates the fibrotic process, which
makes fibrogenic pathways a target for researchers to develop antifibrotic therapies [22].

In our bioinformatic analysis, a hub gene showed an interesting fluctuation in its ex-
pression across the different analyzed datasets. This gene is EGR1, a transcription factor that
plays a regulatory role in HSC activity. Its expression is influenced by transforming growth
factor beta 1 via Smad3 signaling, leading to the expression of bromodomain-containing
protein 4, and as a result, activated HSCs, thus enhancing hepatic fibrosis [23]. Conversely,
EGR1 serves a protective function in the liver by controlling profibrotic cytokine produc-
tion during injury; its downregulation can lead to the disruption of PDGF-BB production,
thereby reducing the activation of HSCs, an essential event in fibrogenesis [24]. Using an
animal model without EGR1 (Egr1 −/−) demonstrated the protective ability of this tran-
scription factor when researchers found that its absence worsened LF. Its downregulation
led to higher high-mobility group box 1 concentrations, which stimulated the transition of
liver endothelial cells to mesenchymal cells, causing higher collagen deposition and ECM
synthesis [25]. This downregulation of EGR1 is not only linked to efficient inflammatory
signaling during liver injury but also to the repair process, and it has been found that
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its low expression leads to impaired liver repair and regeneration via the reduction in
inflammatory signaling, which influences the role of macrophages, the hyperactivation of
HSCs, the lack of collagen production regulation, and the intervention of oval cells as an
alternative way to resolve the failure of repair during LF [26].

The second downregulated gene identified in our analysis is FOS, which plays a
crucial role in hepatic fibrosis and highlights its involvement in liver dysfunction. The
c-Fos proto-oncoprotein, a key element of the AP-1 transcriptional complex, has various
functions on the cellular level, including proliferation, apoptosis, differentiation and in-
flammatory processes [27,28]. Chronic liver damage and inflammation lead to hepatic
fibrosis, promoting the activation of HSCs and their differentiation into myofibroblast-like
cells [29,30]. HSC activation drives excessive deposition of ECM, notably collagen, leading
to structural and functional hepatic impairment [31]. Regulation of the ECM interaction
with cellular elements is driven by the transcription factor AP-1, highlighting the functional
connection with the role of FOS in hepatic fibrosis [31,32]. Previous bioinformatics analyses
highlight the essential role of molecular pathways involvement in the pathophysiology of
LF, such as PI3K-Akt signaling, ECM-receptor cross-talk, and focal adhesion [33].

AP-1, a transcription factor complex containing FOS and c-FOS, participates in regulat-
ing downstream gene transcription triggered by inflammatory stimuli, such as cytokines or
growth factors. TGF-β is responsible for the activation of AP-1 during the fibrotic process,
which leads to the overexpression of fibrogenic genes. Our findings on the downregulation
of FOS may highlight its capacity to impair this process and alleviate LF [34]. The AP-1
transcription factor complex is a key factor in the fibrogenic process, and its activation is
mediated by two signaling pathways, mitogen-activated protein kinase (MAPK) and c-Jun
N-terminal kinase (JNK). Preventing the activation of AP-1 by downregulating these two
pathways can exert an antifibrotic effect [35]. Both FOS and c-Fos, via AP-1, can regulate
proinflammatory cytokine expression, and FOS can contribute to this regulation via the
NF-κB pathway, which can upregulate its transcription and consequently enhance liver
fibrosis by the activation of HSCs [36].

Our findings on FOS downregulation in liver fibrosis are in line with the results
conducted on liver sinusoidal endothelial cells, where researchers found that the suppres-
sion of the AP-1 transcriptional complex, including FOS, was reported to impair nitric
oxide synthesis and vascular homeostasis in hepatic tissue, contributing to an elevation
of vascular resistance and diminished blood circulation, and as a result, enhancing the
hepatic fibrogenic process, which makes FOS a potential biomarker and therapeutic target
in LF [37]. In addition, another study highlighted that suppressing the proliferation of HSCs
coincides with decreased FOS expression as an element of AP-1, indicating its participation
in the modulation of the fibrogenic signaling via the Ras/ERK pathway [38]. Another study
supported our finding in LF, where researchers found that FOS expression is modulated by
miR-16; this regulation led to low HSC activation and profibrogenic genes via reducing the
role of MAPK/ERK and TGFß/Smad pathways, thus highlighting the protective role of
the downregulation of FOS [39]. FOS appears to facilitate tumor progression in HCC via
the overexpression of the BORIS gene, which drives tumor cell invasion and migration, in
addition to the implication of the Hippo pathway, which governs the proliferation process
of cancer cells, clarifying the protective downregulation of FOS not only against LF but
also against HCC [40]. FOS has a dual role in liver disease, and bioinformatic analyses
have elucidated the oncogenic pathways influenced by FOS in HCC, including the MAPK
and G-protein coupled receptor; these pathways are known to be linked to poor prognosis
because of recurrence and low survival times, which makes it essential to target the mod-
ulation of FOS in liver disease as a therapeutic strategy [41]. Furthermore, FOS is a key
regulator of the immune activity, responding to inflammatory signals, which promotes the
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tumorigenic process, and participates in oxidative stress caused by metabolic dysfunction
of cholesterol through downregulating the nuclear receptor LXRα [42].

To explore in greater detail the immune relevance of EGR1 and FOS in HCC, the
TIMER analysis showed that these two genes were positively correlated with multiple
immune cell infiltrates, including macrophages, dendritic cells, and T cells, confirming their
involvement in immune regulation within the hepatic tumor microenvironment. Similarly,
single-cell transcriptomic data confirmed that EGR1 expression was mainly localized in
macrophages and dendritic cells, while FOS expression was more widespread, covering
macrophages and proliferating T-cell clusters. These observations, which are consistent
with the findings of Bai et al., highlight the immune functions of EGR1 and FOS in HCC.
However, given the lack of association with overall survival, their role may reflect the
dynamics of the immune microenvironment rather than direct oncogenic activity [43].

EGR1 exhibits context-dependent regulation across LF etiologies. In our analysis,
EGR1 increased with NAFLD-associated fibrosis yet was markedly reduced in HBV-related
fibrosis and in HCC, with stagewise validation in GSE135251 and a strong co-fluctuation
with FOS. Mechanistically, EGR1 behaves as an immediate-early, stress-responsive tran-
scription factor that supports adaptive hepatocellular protection during acute injury [44],
while functionally coupling with AP-1/FOS signaling implicated in liver disease pro-
gression [45] and MAPK/JNK stress cascades central to fibrogenesis [46]. As fibrosis
becomes chronic, HSC activation and microenvironmental remodeling dominate [47,48].
Consistently, a study demonstrated that enforced GRK2 expression suppresses EGR1 via
inhibition of the IGF1R-ERK/AKT pathway in HCC cells, leading to reduced proliferative
and migratory capacity, thereby providing mechanistic support for the progressive decline
of EGR1 under chronic or oncogenic signaling [49]. In HBV-associated disease and HCC,
persistent viral/oncogenic pressure further suppresses EGR1, consistent with broader
tumor-suppressive roles reported for EGR1 [50]. Our findings suggest that metabolic stress
can trigger an early rise in EGR1 expression during liver injury, as seen in our first NAFLD
dataset [44]. In contrast, prolonged viral infection or oncogenic stress appears to suppress
EGR1 activity in HBV-related fibrosis and HCC. This dual behavior highlights the flexible
nature of the EGR1-FOS axis, which may adjust its activity according to the underlying
etiology and disease stage, linking metabolic adaptation with the fibrogenic and malignant
transformation of the liver.

A consistent feature of our analyses is the strong positive correlation between EGR1
and FOS across discovery and validation steps and in HCC, indicating that these transcrip-
tion factors do not vary independently but instead track a shared program of transcriptional
control (Figure 9). This pattern is biologically plausible: in liver injury and regeneration,
immediate-early transcription factors are co-induced within hours, and EGR1 rises along-
side the AP-1 components JUN/FOS, consistent with a synchronized early response to
mitogenic/stress signals [51]. At the level of transcriptional machinery, ERK-dependent
immediate-early gene activation jointly engages EGR1 and FOS, providing a mechanistic
basis for their coupled induction [52]. In fibrogenic settings, AP-1 activity within HSCs
primes chromatin and promotes profibrotic gene expression, supporting a route by which
an EGR1-FOS/AP-1 module can sustain fibrogenic transcription over time [53]. Multi-
omic profiling of human HSCs revealed AP-1 motif enrichment within open chromatin
regions near key fibrosis-associated genes, reinforcing the concept of an AP-1-centered
regulatory network driving stellate-cell activation [54]. The persistence of the EGR1-FOS
correlation across NAFLD stages 1–4 in our external validation aligns with single-cell
atlases documenting a conserved HSC activation trajectory across diverse liver injuries [55].
Our enrichment and network analyses suggest that the coordinated EGR1-FOS signal is
most likely embedded in an AP-1-centered immediate-early transcriptional program linked
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to MAPK/JNK, TGF-β, TNF/NF-κB, growth-factor receptor signaling, and downstream
chemokine/cytokine-ECM remodeling pathways. However, this mechanistic interpretation
remains inferential and requires experimental confirmation. Potential in vivo strategies to
modulate the EGR1-FOS axis include hepatic stellate cell-targeted siRNA/antisense ap-
proaches [56] and pharmacologic inhibition of upstream MAPK/JNK/AP-1 signaling [57].
However, because EGR1 appears to have context-dependent functions in experimental
liver injury, any therapeutic intervention would likely require cell-type-specific and disease-
stage-specific modulation rather than systemic inhibition. Finally, disease-context data are
consistent with our findings: EGR1 is frequently suppressed in HCC (tumor-suppressive
behavior) [58], while FOS/AP-1 influences hepatic metabolic programs relevant to MASLD,
implying that metabolic and inflammatory inputs can together shape the tight coupling
of this axis [59]. Taken together, these findings suggest that EGR1 and FOS operate as a
flexible regulatory pair that adapts to disease context: showing tight co-activation during
early liver injury and regeneration, remaining epigenetically engaged during fibrogenic
remodeling, and becoming progressively altered as LF evolves into HCC.

In our study, SOX9 was identified as a shared molecular gene between LF and LC,
aligning with previous research that recognized SOX9 as a key factor linking hepatocyte
injury to fibrotic remodeling. Experimental evidence demonstrated that the SOX9/lncRNA
H19 axis promotes hepatocyte death and fibrosis [60], emphasizing its role at the interface
between cellular stress and ECM deposition. A comparative bioinformatics study posi-
tioned SOX9 among core genes common to LF and HCC, with increased expression also
reported in the CCl4-induced cirrhosis model [61]. These findings suggest that sustained
SOX9 activity may contribute to the progression from chronic fibrogenesis to advanced
pathological stages, potentially predisposing to malignant transformation. In addition, the
modulation of TGF-β and IL-6 pathways, shown to attenuate fibrotic development [62],
supports the notion that SOX9 functions downstream of cytokine-driven signaling cascades.
Collectively, these observations highlight SOX9 as a central regulator in hepatic fibrogenesis,
integrating inflammatory, regenerative, and stress-responsive pathways.

In our integrative analysis, CD24 emerged as a common molecular signature linking
hepatic fibrosis and cirrhosis, consistent with its identification as a marker of activated
hepatic progenitor cells during ductular reaction and fibrotic remodeling [63]. Bioinfor-
matic profiling of cirrhotic livers also highlighted the CD24 gene among the key genes co-
expressed with immune and extracellular pathways, reinforcing its role at the intersection
between inflammation and tissue repair [64]. Functional enrichment studies suggest that
CD24-positive progenitor populations contribute to chronic hepatocyte loss and fibrogenic
progression, consistent with our finding of their persistence at all advanced stages of the dis-
ease. CXCR4 was also identified as a central shared gene, a finding strongly supported by
recent mechanistic studies. The first one provided direct human evidence, demonstrating
that hypomethylation of the CXCR4 promoter in peripheral blood mononuclear cells serves
as a superior diagnostic biomarker for HBV-related hepatic fibrosis/cirrhosis compared to
standard clinical scores such as the aspartate aminotransferase-to-platelet ratio index and
fibrosis-4 score, underscoring its clinical relevance [65]. Another study reported that the
probiotic Phocaeicola plebeius ameliorates fibrosis by directly downregulating the expression
of profibrotic genes, including CXCR4 [66]. This is further supported by scientists who
showed that the antifibrotic compound Senkyunolide I exerts its effect by directly binding
to and suppressing CXCR4, thereby inactivating the downstream NLRP3/GSDMD path-
way [67]. The translational potential of targeting this receptor is highlighted by researchers
who developed a CXCR4-targeted nanomedicine for the precise diagnosis and treatment of
LF by delivering drugs to activated hepatic stellate cells [68]. These studies validate CXCR4
as a critical and therapeutically actionable gene in the progression from LF to LC. We
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further identified CYP2C19 as a shared gene significantly altered in advanced liver disease,
a finding strongly supported by clinical pharmacogenomic studies. Powell et al. provided
a molecular validation, demonstrating through RNA-seq that CYP2C19 is significantly
downregulated in human NAFLD livers, with expression reduced to 43% in severe fibro-
sis [69]. This transcriptional suppression translates directly to impaired enzyme function,
as evidenced by clinical studies measuring metabolic activity. Researchers confirmed that
the enzymatic activity of CYP2C19 is significantly decreased in patients with HCC and LC
compared to control patients [70]. This functional decline was observed in another study,
which also reported decreased CYP2C19 activity in HCC patients, particularly those with
accompanying fibrosis or cirrhosis [71]. Therefore, these shared genes should currently be
regarded as candidate biomarkers with varying levels of clinical support depending on the
liver disease context. Among them, SOX9 has the strongest direct support in liver fibrosis,
as it has been reported to predict progression toward cirrhosis and to correlate with fibrosis
severity, supporting its value for fibrosis-stage stratification [72]. CYP2C19 also shows
fibrosis-relevant clinical value, since its reduced hepatic expression has been associated
with histologically severe NAFLD and may help stratify fibrosis severity [69]. By contrast,
CXCR4 is supported mainly as a broader mediator of liver disease progression, including
fibrosis, cirrhosis, and HCC, rather than as a directly validated fibrosis-specific diagnostic
biomarker [73]. Similarly, the literature on CD24 primarily supports its diagnostic and
prognostic relevance in HCC, including poor prognosis, invasiveness, and early diagnostic
potential, rather than in liver fibrosis or cirrhosis specifically [74–76].

To our knowledge, this is the first study to focus on the EGR1-FOS axis in LF and
its progression to LC and HCC. Our results demonstrate a strong correlation between
these transcription factors (r = 0.77) and characterize their dynamic expression in different
etiologies of LF, showing a significant increase compared to controls despite their overall
negative regulation. We also describe fluctuations in their expression during the four
stages of LF, confirming that their correlation remains strong throughout the progression
of the disease. Furthermore, we show that this pattern of downregulation persists in
HCC, highlighting the involvement of this dynamic axis in immune-related functions
and elucidating the stability of their correlation and cellular expression, even in cases of
advanced HCC. Finally, we identified four genes common to hepatic fibrosis and cirrhosis
that could serve as potential biomarkers and therapeutic targets alongside EGR1 and FOS.

Although the datasets were analyzed independently and integrated at the result level,
residual inter-dataset heterogeneity related to platform, cohort composition, and sample
source may still influence the identified signatures. Therefore, the present findings should
be considered exploratory and warrant further validation through independent experimen-
tal and clinical studies. Although an adjusted regression analysis was performed using
disease status as the available harmonized covariate, broader multivariable adjustment for
clinical confounders was not possible due to limited patient-level metadata in the public
dataset. Since the present work was designed as a computational transcriptomic study, no
functional experiments, such as EGR1/FOS knockdown or overexpression, were performed.
Therefore, the mechanistic roles of these genes in liver fibrosis need to be confirmed through
future in vitro and in vivo studies.

5. Conclusions
Our study allowed us to identify a novel dynamic EGR1-FOS axis involved in LF and

its progression to LC and HCC, using multiple datasets across these disease stages. The
expression pattern of EGR1 showed dependence on both the underlying etiology of LF and
the degree of disease advancement, and it appeared to be coregulated with FOS throughout
fibrosis progression and into HCC. These findings provide a useful basis for developing
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precision-medicine approaches for diagnosis and potential therapeutic targeting of the EGR1-
FOS axis, along with the four shared genes identified in this work. Given the importance of
these results, further in vitro and in vivo studies are needed to validate our observations. A
deeper understanding of the mechanisms driving the fluctuations in EGR1 expression will be
essential to harness the therapeutic potential of this axis in LF and its progression.
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