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Abstract
Background  Cirrhosis is a severe liver disease characterized by inflammation, fibrosis, and immune dysregulation. 
This study exploits publicly available single-cell sequencing datasets to decipher disease-relevant specific immune 
cell subtypes, their gene expression profiles and altered transcription factor activity in cirrhosis, aiming to understand 
their roles in disease onset and progression.

Methods  To investigate the dynamic changes and underlying mechanisms of immune cells in cirrhosis, we 
employed a comprehensive bioinformatics approach integrating several advanced tools and analytical methods. 
Single-cell RNA sequencing data were processed and analyzed using Seurat for cell clustering and annotation. 
Monocle was used for pseudotime trajectory analysis to explore cellular differentiation pathways. CellChat enabled 
the assessment of cell‒cell communication networks among immune populations. Additionally, we conducted 
single-cell regulatory network inference to identify key transcriptional regulators. Immune response enrichment 
analysis (IREA) was performed to evaluate immune-related functional pathways, providing deeper insights into the 
immune landscape and disease progression in cirrhosis.

Results  We analyzed 35,017 cells, identifying 21 clusters and 12 major immune cell types. Macrophages, CD4+ T cells, 
and NK cells showed notable shifts in proportion in cirrhosis, suggesting key roles in disease progression. Pseudotime 
analysis revealed core macrophage and CD4+ T-cell subpopulations linked to cirrhosis. Functional analysis showed 
enrichment of IFN-α, IFN-β, and IL-1β in cirrhotic immune cells, primarily regulated by ETS2 and THRA. Fibroblast-
mediated intercellular communication was enhanced, especially via increased macrophage migration inhibitory 
factor (MIF) signaling with B cells, indicating potential therapeutic targets in cytokine pathways and transcriptional 
regulation.

Conclusion  The analysis revealed three key axes influencing disease-related immune regulation: TNF-α/ETS2-driven 
polarization of macrophages toward a Mac-d phenotype, IL-1α/β/THRA-associated polarization of CD4+ T cells toward 
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Background
Globally, the age-standardized death rate of liver cirrhosis 
is approximately 18 deaths per 100,000 people, translat-
ing to the 12th leading cause of death [1, 2]. Progressive 
fibrosis and the development of regenerating nodules 
are the major pathological hallmarks [3, 4], in addition 
to jaundice [5, 6], ascites [7, 8] and hepatic encephalopa-
thy [9]. Furthermore, cirrhosis can significantly heighten 
the risk of developing hepatocellular carcinoma (HCC), 
as 80–90% of HCC patients are comorbid with cirrhosis 
[10–12]. Current treatments for liver cirrhosis primarily 
involve symptom-based therapies, complication man-
agement, and investigations of underlying causes, such 

as viral hepatitis or alcohol misuse, to prevent persistent 
damage to the liver [13, 14]. Nevertheless, these methods 
do not address advanced fibrosis reversal or liver func-
tion restoration, highlighting the need to investigate new 
perspectives on the cellular mechanisms of cirrhosis for 
potential novel therapeutic interventions.

The pathogenesis of cirrhosis is closely linked to a 
dynamic and heterogeneous immune response, with 
both innate and adaptive immune cells playing pivotal 
roles in driving inflammation, fibrosis, and immune 
dysregulation [10, 15, 16]. However, conventional bulk 
transcriptomic approaches have provided limited reso-
lution in dissecting the complex cellular heterogeneity 

a T4-c phenotype, and enhancement of the fibroblast-to-B-cell MIF signaling axis. This network offers valuable insights 
and potential therapeutic targets for advancing cirrhosis research and clinical treatment.
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of the liver immune microenvironment during cirrho-
sis. For example, activated Kupffer cells and recruited 
monocyte-derived macrophages release TGF-β1, as well 
as proinflammatory cytokines and chemokines, such as 
TNF, IL-1β or CCL2, which orchestrate the stimulation 
of hepatic stellate cells (HSCs) and the recruitment of 
inflammatory cells to the tumor microenvironment [17]. 
Intrahepatic B cells also contribute to fibrogenesis by 
secreting immunoglobulin [18].

In recent years, single-cell omics has significantly 
increased our knowledge of key molecular and cellu-
lar factors, immensely contributing to targeted therapy 
development for life-threatening liver diseases [19–21]. 
For example, MacParland et al. first constructed a sin-
gle-cell atlas of the healthy human liver, systematically 
identifying diverse immune cell subtypes and laying 
the foundation for understanding the hepatic immune 
microenvironment [22]. Ramachandran et al. further 
elucidated the interaction mechanisms between hepatic 
stellate cells and immune cells in end-stage liver fibrotic 
tissue, revealing key signaling pathways within the 
fibrotic microenvironment [23]. However, existing stud-
ies have focused mainly on healthy liver or end-stage 
fibrotic tissue without systematically delineating the 
functional reprogramming characteristics of immune cell 
subsets during the process of liver cirrhosis. Specifically, 
there is a lack of integrated research on the polarization 
states, transcriptional regulatory networks, and commu-
nication patterns of key immune cells, such as macro-
phages, T cells, NK cells, monocytes, and B cells, driven 
by cytokines.

To address this gap, we performed an integrated anal-
ysis using publicly available single-cell RNA sequenc-
ing data and integrated immune response enrichment 
analysis (IREA) and single-cell regulatory network infer-
ence and clustering (SCENIC) to systematically delin-
eate immune cell polarization characteristics, dynamic 
changes in transcription factors, and reshaping of cell 
communication patterns in liver cirrhosis, providing new 
systematic evidence for elucidating the reprogramming 
mechanisms of the immune microenvironment in liver 
cirrhosis.

Methods
Data download and processing
ScRNA-seq data for cirrhosis patients were obtained from 
the Gene Expression Omnibus (GEO) database under 
accession number GSE168933, which includes 23 liver 
tissue samples, comprising five cirrhotic patient sam-
ples and seven noncirrhotic samples. We excluded any 
other samples without any clear pathological identifica-
tion from the analysis to ensure the scientific rigor of the 
grouping and the compatibility of the samples. The raw 
sequencing data were processed via the Seurat package 

(version 4.2.0) in R [24]. The initial quality control steps 
included removal of cells with no detectable gene expres-
sion, retention of cells expressing between 200 and 4000 
genes, exclusion of cells with unique molecular identifier 
(UMI) counts exceeding 20,000, and exclusion of cells 
with red blood cell (RBC) gene expression greater than 
1%. Data normalization was carried out via the “nor-
malizedata” function from the Seurat R (version 2.25.0) 
package. Highly variable genes were identified in each 
dataset on the basis of mean expression and dispersion 
metrics. Principal component analysis (PCA) was then 
conducted, and significant principal components (PCs) 
were selected for downstream graph-based clustering. 
To correct for batch effects across samples, the Harmony 
algorithm was applied. Clustering was conducted via the 
“FindClusters” function, yielding 21 distinct clusters on 
the basis of 19 PCs at a resolution of 0.8 and employing 
a shared nearest neighbor (SNN) modularity optimiza-
tion algorithm. Visualization of cell clusters was achieved 
using Uniform Manifold Approximation and Projection 
(UMAP) via the “RunUMAP” function to visualize cell 
clustering. Differentially expressed genes (DEGs) for each 
cluster were identified using the “FindAllMarkers” func-
tion with default parameters. Cluster-specific biomark-
ers were subsequently determined to characterize and 
quantify distinct cell populations. Unless explicitly indi-
cated, all analytical procedures, such as cell clustering, 
identification of cellular subpopulations, and functional 
enrichment, along with their associated results and fig-
ures, were performed using a pooled dataset comprising 
all samples.

Identification of DEGs
Exploring the gene expression levels of key cells at 
the single-cell level between the cirrhosis and control 
groups based on identified key cells. Differential analy-
sis was conducted using the R package limma (version 
3.50.0), resulting in the identification of DEGs in key cells 
between the cirrhosis and control groups [25]. Genes 
meeting the criteria of |logFC|>0.25 and p value < 0.05 
were selected for further investigation.

Pseudotime trajectory analysis
Single-cell pseudotime trajectories were conducted 
using Monocle 2 (version 3.3.5) [26]. Monocle 2 uti-
lizes a user-defined gene list to perform reverse graph 
embedding and generate a pseudotime trajectory, elu-
cidating branching and linear differentiation processes. 
For key cell populations, the original count data were 
normalized using cell-specific size factors. Pseudotime 
trajectories were constructed using highly dispersed 
and expressed genes (with a dispersion estimate ≥ 1 and 
average expression ≥ 0.1) [27]. Default parameters were 
selected for the DDRTree algorithm. Branch expression 
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analysis modeling (BEAM) implemented in Monocle 
2 was employed to further investigate these branching 
events, aiding in the identification of genes with signifi-
cant branch-dependent expression [26]. Branch-depen-
dent expression patterns were visualized with heatmaps 
using Monocle 2.

Pathway enrichment analysis
GO and KEGG pathway enrichment analyses were 
conducted on differentially expressed genes in cirrho-
sis using the Gene Ontology (GO) [28], which includes 
Biological Process (BP), Molecular Function (MF), and 
Cellular Component (CC) analyses, and the Kyoto Ency-
clopedia of Genes and Genomes (KEGG) [29], a bioinfor-
matics resource for identifying enriched and significantly 
altered metabolic pathways in gene lists. The analysis was 
performed using the R software package “clusterProfiler 
(version 4.2.2)” with a significance threshold of p < 0.05 
[30].

Single-cell regulatory network analysis
To identify key transcription factors (TFs) in specific cell 
types in liver cirrhosis, we conducted cis-regulatory anal-
ysis using pySCENIC (version 0.11.2), a tool that infers 
gene regulatory networks based on coexpression and 
DNA motif analysis [31]. A regulatory network consisting 
of TFs and their target genes was established. The AUCell 
module within pySCENIC was utilized to analyze the 
regulon activity, identifying active regulons using default 
AUCell thresholds. Furthermore, the scaled expression 
of regulon activity was used to generate a heatmap. Cell 
type-specific regulon specificity scores (RSS) were cal-
culated to further characterize the specificity of each cell 
type’s regulons.

Cell‒cell communication analysis
The CellChat object was created using the “CellChat” R 
package (version 3.3.5) based on the UMI count matrix 
for each group (cirrhosis and control) (​h​t​t​p​​s​:​/​​/​w​w​w​​.​g​​i​t​h​​u​
b​.​​c​o​m​/​​s​q​​j​i​n​/​C​e​l​l​C​h​a​t) [32]. Cell‒cell communication was 
analyzed using the “CellChatDB.human” ligand‒recep-
tor interaction database as the reference, with default 
parameters. The “mergeCellChat” function was utilized 
to combine CellChat objects from each group for com-
parison of interaction totals and strengths. The statisti-
cal significance of communication strength differences 
between cirrhotic and control groups was assessed by a 
permutation test (n = 1000) with a significance level set 
at p < 0.05. Effect sizes of intergroup differences were 
quantified using standardized mean difference (Cohen’s 
d) or log₂ fold change (log₂FC). For key signaling path-
ways between fibroblasts and immune cells, ligand‒
receptor pairs related to the MIF pathway (MIF-CD74, 
MIF-CD44, MIF-CXCR4) were extracted, and pathway 

activation was evaluated by incorporating the expression 
levels of downstream signaling genes (e.g., NF-κB, IL1B, 
JUN). The “netVisual_diffInteraction” function was used 
to visualize differences in interaction quantity or strength 
between different cell types. Communication probabili-
ties and statistical results were presented as heatmaps 
and boxplots annotated with permutation test p values 
and effect sizes. Finally, the “netVisual_bubble” and “net-
Visual_aggregate” functions were applied to visualize the 
distribution of intergroup signaling gene expression.

IREA
The immune response enrichment analysis (IREA), devel-
oped by Ang Cui et al., is a computational tool designed 
to infer cytokine activity and immune cell polarization 
across various immune processes using transcriptomic 
datasets [33]. This approach can identify over 66 cyto-
kine-driven polarization states in immune cell popula-
tions, including previously uncharacterized subsets. By 
analyzing upregulated genes in key immune cell subpop-
ulations that were differentially expressed between the 
cirrhosis and control groups (|log2Fold Change|>0.25, 
p < 0.05), we applied IREA to identify the predominant 
response factors secreted by these cells and to determine 
their polarization states. The polarization of each sub-
population was interpreted based on the functional axis 
exhibiting the highest and most statistically significant 
enrichment score.

Histological analysis of human liver tissues
Human liver tissue samples obtained from the Second 
Affiliated Hospital of Anhui Medical University were sec-
tioned at 3–5 μm and subjected to hematoxylin and eosin 
(H&E) staining for histological assessment, as well as 
Masson’s trichrome staining for collagen identification. 
The stained sections were subsequently observed under 
a light microscope to analyze morphological alterations 
and extracellular matrix accumulation.

Immunofluorescence staining
Immunofluorescence was performed on paraffin-embed-
ded sections. The sections were deparaffinized, rehy-
drated, blocked, and incubated with primary antibodies 
at 37 °C. After washing, the sections were incubated with 
fluorescence-conjugated secondary antibodies. Nuclei 
were stained with DAPI. Images were captured using a 
Leica fluorescence microscope.

Statistical analysis
The statistical analysis in this study was conducted using 
R software version 4.1.2. The Spearman correlation 
test was employed to infer the correlation between two 
parameters. The Wilcoxon test was used to compare dif-
ferences between two groups, while the Kruskal‒Wallis 

https://www.github.com/sqjin/CellChat
https://www.github.com/sqjin/CellChat


Page 5 of 19Zhang et al. Journal of Translational Medicine          (2026) 24:436 

test was utilized to compare differences among three or 
more groups. A two-tailed p value less than 0.05 was con-
sidered statistically significant.

Results
The abundance of monocytes, endothelial cells, and 
macrophages is altered in liver cirrhosis
To elucidate the immune landscape underlying cirrhosis 
development, we employed scRNA-seq to comprehen-
sively characterize immune cell heterogeneity in liver tis-
sue samples using the GSE168933 dataset (Fig. 1). After 
performing quality control filtering and removing dou-
blets, a total of 35,017 high-quality cells were retained 
for downstream analysis. The cells were grouped into 
21 clusters (Fig. 2A), which were subsequently anno-
tated based on canonical gene expression signatures and 
known cell type-specific markers (Table S1, Fig. 2C). 
As shown in Fig. 2B, we identified 12 major cell types, 
including T cells, NK cells, monocytes, endothelial 
cells, macrophages, B cells, plasma cells, epithelial cells, 
smooth muscle cells (SMCs) and neutrophils, through 
UMAP plotting.

Figure 2D and Fig. S1 show the proportional distribu-
tions of these cell types across cirrhotic and noncirrhotic 
samples. Notably, the relative abundances of monocytes, 
endothelial cells, and macrophages significantly differed 
between the two conditions, suggesting that these cell 

types may play key roles in the pathophysiology and pro-
gression of liver cirrhosis.

TNF-α mediates macrophage polarization in liver cirrhosis
To gain a deeper understanding of macrophage hetero-
geneity, we performed focused reclustering of the mac-
rophage population using the top 10 PCs at a resolution 
of 0.2, resulting in the identification of six distinct mac-
rophage clusters (Fig. 3A and S2A). To investigate the 
functional diversity of these subpopulations, differentia-
tion trajectories were plotted for pseudotime (Fig. 3B), 
cellular states (Fig. 3C), cell types (Fig. S2B), and dis-
eased state (Fig. S2C). Notably, the trajectory revealed 
two branch points, delineating five discrete cell states 
(Fig. 3C). Among them, the Macrophage_3 cluster was 
predominantly associated with States 4 and 5, suggest-
ing a dominant role in late-stage macrophage differen-
tiation. Notably, we observed distinct differentiation 
patterns between the cirrhotic and noncirrhotic groups, 
particularly within State 5, where Macrophage_3 dis-
played enhanced differentiation in the cirrhotic group 
(Fig. S2D-E). Further analysis of the three branches 
stemmed from branch point 2 revealed functional vari-
ances such that cells in the prebranch (State 1, Cluster 1) 
were enriched in pathways related to “negative regulation 
of immune system process,” “complement activation,” and 
“synapse pruning.” In contrast, branch 2 (State 5, Clus-
ter 2) was enriched in “phosphatidylcholine metabolic 

Fig. 1  A flow diagram of the liver cirrhosis dataset analysis and outcomes
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Fig. 2  The annotation and visualization of the cellular environment in cirrhosis. A) UMAP visualization illustrated the distribution of 21 cell subtypes in the 
cirrhotic and control groups. B) The UMAP plot displayed the annotation results and distribution of 12 major cell types in cirrhosis. C) Expression of marker 
genes in each cell type. D) Stacked bar graphs depicted the comparison of cell type proportions between the cirrhotic and control groups
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Fig. 3  Macrophage reclustering, pseudotime trajectory reconstruction, and functional enrichment profiling. A) UMAP visualization of the distribution of 
macrophage subtypes. B) Pseudotime trajectory coloring transitions from dark blue to light blue. C) Monocle2 divided the pseudotime trajectory into 5 
distinct states. D) Heatmap displayed the DEGs of different branches (cell fates). Enriched GO pathways of different gene clusters are shown on the left 
side of the heatmap. E) Heatmap displaying 10 significant DEGs of Macrophage_3 between the cirrhotic and non-cirrhotic groups. F) Cytokine enrich-
ment plot of Macrophage_3 in cirrhosis. G) Radar plot and immune checkpoint card depicting the polarization of macrophages in cirrhosis

 



Page 8 of 19Zhang et al. Journal of Translational Medicine          (2026) 24:436 

process,” whereas branch 1 (State 4, Cluster 3) exhibited 
high expression of genes involved in “calcium-dependent 
protein binding” (Fig. 3D and Table S2). We next per-
formed differential gene expression analysis on the Mac-
rophage_3 subset between the cirrhotic and noncirrhotic 
groups, identifying 411 DEGs (|log₂FC| > 0.25, p < 0.05). 
The top 10 DEGs were visualized using bubble and heat-
maps to highlight their expression changes across key 
immune cell populations (Fig. 3E and S2F). GO enrich-
ment analysis of these DEGs displayed significant enrich-
ment in BPs such as cytoplasmic translation, rRNA 
processing, and ribosome biogenesis; CCs including 
cytosolic ribosome and ribosomal subunit; and MFs such 
as structural constituent of ribosome, rRNA binding, and 
cadherin binding (Fig. S2G and Table S3). KEGG path-
way analysis further highlighted enrichment in pathways 
related to endocytosis, phagosome formation, ribosome 
function, and protein processing in the endoplasmic 
reticulum, as well as disease-associated pathways includ-
ing allograft rejection and Epstein‒Barr virus infection 
(Fig. S2H and Tables S4–5). To further assess the polar-
ization states of macrophages, IREA was performed on 
the genes whose expression was significantly upregulated 
in the cirrhotic group. Radar plot visualization revealed 
that macrophages in the cirrhotic group predominantly 
exhibited a Mac-d polarization profile (M1-like proin-
flammatory) (Fig. 3F), with increased expression of the 
proinflammatory cytokine TNF-α (Fig. 3G). HE and Mas-
son staining confirmed significant collagen deposition 
in the cirrhotic group (Fig. 4A, B). Immunofluorescence 
analysis revealed markedly upregulated TNF-α expres-
sion in the cirrhotic group, with evident colocalization 
with the macrophage marker CD68 (Fig. 4C–E).

Collectively, these findings suggest that hepatic macro-
phages in cirrhosis undergo functional reprogramming, 
which is marked by late-stage differentiation (Macro-
phage_3 dominance). Proinflammatory Mac-d polar-
ization is characterized by TNF-α hypersecretion from 
activated macrophages.

Activated CD4+ T cells polarize to the T4-c phenotype 
via il-1α/β hyperactivation and in response to metal ion 
toxicity in the cirrhotic liver
Next, we assessed the immunomodulatory character-
istics of activated CD4+ T cells in the cirrhotic group. 
Reclustering of T cells exhibited six distinct clusters (Fig. 
S3A). We identified four major T-cell subtypes, including 
activated CD4+ T cells, CD8+ T cells, γδ T cells, and reg-
ulatory T cells (Tregs), in the cirrhotic group (Fig. 5A). 
Among them, CD4+ T cells were significantly more abun-
dant than other subtypes in cirrhosis when normalized 
to controls, prompting a focused analysis on this subset 
(Fig. 5B and S3B). These clusters were annotated into 
four distinct activated CD4+ T-cell subtypes.

CD4+ T cells from Cluster 3 were positioned at the 
root of the trajectory (pseudotime = 0), while CD4+ T 
cells from Cluster 2 were located at the terminal end (Fig. 
5C–D and S3C). Two major branch points were identi-
fied, segmenting the trajectory into five distinct cellular 
states (Fig. S3D), with State 4 being significantly more 
prevalent in cirrhotic samples (Fig. S3E). CD4+ T cells 
from Cluster 4 exhibited enhanced differentiation within 
State 4 relative to the other states (Fig. S3F).

Despite limited overall intergroup differences in the 
pseudotime distribution, we focused on the second major 
branch point to further explore the functional diver-
gences among the resulting lineages. Functional enrich-
ment analyses of gene expression in the three branches 
revealed the following situations: cells in the prebranch 
(State 1; Cluster 4) were enriched in the “cellular response 
to metal ion” pathway; Branch 2 (State 4; Clusters 2 and 
3) was associated with “MHC class Il protein complex 
binding”, “MHC protein complex binding”, “deoxycyti-
dine deaminase activity” and “cytokine receptor activity”; 
and Branch 1 (State 3; Clusters 1 and 5) showed enrich-
ment in the “leukocyte cell‒cell adhesion”, “regulation of 
cell‒cell adhesion”, “cytosolic ribosome” and “cytosolic 
small ribosomal” pathways (Fig. 5E and Table S6).

We subsequently conducted differential gene expres-
sion analysis on the activated CD4+ T-cell populations 
from the cirrhotic and noncirrhotic groups and identified 
221 significantly altered DEGs (|log2FC| > 0.25, p < 0.05; 
Table S7). The top 10 DEGs were visualized via bubble 
and heatmap plots, highlighting their distinct expres-
sion patterns (Fig. 5F and S3G). To elucidate the biologi-
cal functions (BFs) of these DEGs in the activated CD4+ 
T-cell populations, we performed enrichment analyses 
for GO terms (Table S8) and associated KEGG pathways 
(Table S9). The enriched GO terms among the DEGs 
included processes such as detoxification and stress 
responses to copper and cadmium ions (BP), localiza-
tion to the MHC class II protein complex and endoplas-
mic reticulum lumen (CC), and functions such as MHC 
protein complex binding and transcription factor bind-
ing (MF) (Fig. S3H). KEGG pathway enrichment revealed 
involvement of the adherens junction and focal adhesion 
(cellular processes, CP), Wnt and VEGF signaling path-
ways (environmental information processing, EIP), and 
immune-related conditions such as viral myocarditis, 
allograft rejection (human diseases, HD), Th1/Th2 dif-
ferentiation, and antigen processing and presentation 
(organismal systems, OS) (Fig. S3I).

To further characterize activated CD4+ T-cell pheno-
types in cirrhosis, we performed IREA on upregulated 
genes. The CD4+ T-cell polarization radar plot indicated 
predominant T4-c polarization in cirrhotic samples. 
Consistently, cytokine enrichment analysis revealed 
strong enrichment of IL-1α and IL-1β in those CD4+ 
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T-cell populations (Fig. 5G–H). Together, these findings 
suggest that cirrhotic liver-derived activated CD4+ T cells 
exhibit a T4-c polarization profile (IL-1-driven effector/
Th bias), as evidenced by IL-1α and IL-1β hyperactiva-
tion and a pronounced response to metal ion toxicity in 
the liver.

IFN-α/β enrichment induces NK cell polarization to the 
NK-a phenotype in cirrhosis.
To characterize NK cell polarization in cirrhosis, we 
conducted a detailed annotation of this cell population. 
Reclustering of NK cells yielded four distinct clusters via 
13 PCs at a resolution of 0.2 (Fig. S4A, Fig. S5A).

The pseudotime trajectory analysis of NK cells from 
Cluster 3, located at the start of the trajectory (pseu-
dotime = 0), revealed the earliest differentiation state, 
whereas the NK cells from Cluster 2 occupied the termi-
nal end (Fig. S4B and S5B). A primary branch point along 
the trajectory resulted in the emergence of three dis-
tinct cellular states (Fig. S4C and S5C). We subsequently 
observed group-specific differentiation patterns. How-
ever, no significant differences were detected between 
State 2 and State 3 in either the cirrhotic or noncirrhotic 
samples (Fig. S5D). State 3 was notably more prevalent 
in the cirrhosis group. NK cells from Cluster 1 were pre-
dominantly enriched in State 3, indicating substantial dif-
ferentiation in this subgroup (Fig. S5E). The functional 

Fig. 4  Macrophage polarization toward TNF-α in liver cirrhosis progression. A) Representative H&E-stained histological liver sections with H&E. (scale 
bar = 100 μm). B) Representative histological liver sections Masson’s trichrome. (scale bar = 100 μm). Positive areas were quantitatively analyzed (n = 6 per 
group). C) Representative immunofluorescence images of CD68 (red) and TNF-α (green) staining in liver sections. Nuclei were counterstained with DAPI 
(blue). (scale bar = 50 μm). D) The expression of TNF-α in the main liver tissue. The mean fluorescence intensity was calculated according to the following 
formula:integrated density (Intden)/total field area. E) Pearson correlation coefficient curves for colocalization analysis of CD68 and TNF-α in liver tissues. 
The results were analyzed via one-way ANOVA. Bars = means ± SDs. *p < 0.05, **p < 0.01, ***p < 0.001 and ns, not statistically significant
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Fig. 5  T-cell reclustering, pseudotime trajectory reconstruction, and functional enrichment profiling. A) UMAP showed the annotation results of T-cell 
subgroups. B) UMAP presents the annotation results of CD4+ T-cell subgroups. C) Pseudotime color transition from dark blue to light blue. D) Distribution 
of groups on the pseudotime trajectory. E) Heatmap illustrating the DEGs of various branches (cell fates). Enriched GO pathways of different gene clusters 
are shown on the left side of the heatmap. F) Heatmap displaying significant differential expression of 10 genes in CD4+ T cells between the cirrhotic and 
noncirrhotic groups. G) Cytokine enrichment plot for CD4+ T cells in cirrhosis. H) Radar plot and immune checkpoint card depicting cell polarization of 
CD4+ T cells in cirrhosis
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characterization of the three branches revealed distinct 
pathway enrichment: genes highly expressed in the pre-
branch (State 1, Cluster 2) were enriched in the “T-cell 
activation” pathway; genes in Branch 2 (State 3, Cluster 3) 
were associated with “regulation of hematopoiesis”; and 
those in Branch 1 (State 2, Cluster 1) were enriched in 
genes involved in “cell killing” (Fig. S4D and Table S10).

Next, we conducted differential expression analysis of 
NK cells from the cirrhotic and noncirrhotic groups and 
identified 325 significantly altered DEGs (|log2FC| > 0.25, 
p < 0.05; Table S11). The top 10 DEGs in NK cells were 
visualized via bubble and heatmap plots to highlight their 
expression trends (Fig. S4E and S5F). To elucidate the BF 
of these DEGs in NK cells, we performed GO (Table S12) 
and KEGG (Table S13) enrichment analyses. The GO 
analysis revealed enrichment of these genes in BPs such 
as “response to virus”, “positive regulation of cytokine 
production”, and “regulation of response to biotic stimu-
lus”; enriched CCs included the “external side of plasma 
membrane” and “phagocytic vesicle”; and enriched MFs 
included “thioesterase binding” and “serine/threonine 
phosphatase activity” (Fig. S5G).

KEGG pathway analysis revealed that the DEGs were 
involved in diverse CPs, including “phagosome,” “endo-
cytosis,” and “cellular senescence.” Additionally, pathways 
related to immune regulation and infection, such as “cell 
adhesion molecules (EIP),” “NK cell-mediated cytotoxic-
ity,” “Fc gamma R-mediated phagocytosis,” and “leuko-
cyte transendothelial migration” in OS, were significantly 
enriched. Viral disease-related pathways, including 
“HIV-1 infection (Genetic Information Processing, 
GIP),” “human cytomegalovirus infection,” and “Kaposi 
sarcoma-associated herpesvirus infection” in HD, were 
also prominent (Fig. S5H). To assess the functional 
polarization of NK cells, we performed IREA on genes 
significantly upregulated in cirrhotic NK cells. The NK 
cell polarization radar chart indicated a dominant NK-a 
polarization phenotype (type I IFN-responsive cytotoxic) 
in cirrhosis (Fig. S4F). Furthermore, cytokine enrichment 
analysis revealed increased expression of IFN-α1 and 
IFN-β in cirrhosis-associated NK cells (Fig. S4G).

EGF expression polarizes B cells to the B-e phenotype in 
cirrhosis
We classified the population into three unique B-cell 
subtypes (Fig. S6A, Fig. S7A). To explore the functional 
heterogeneity of these B cells during differentiation, we 
established a pseudotime trajectory of cellular differen-
tiation (Fig. S6B and S7B).Two major branch points were 
identified along the differentiation trajectory, resulting in 
five distinct cellular states (Fig. S6C and S7C). The dif-
ferential distribution of these states revealed notable dif-
ferences between the cirrhotic and noncirrhotic groups, 
particularly in State 1, which was significantly enriched 

in cirrhosis samples (Fig. S7D-E). Notably, B cells from 
Cluster 2 predominantly contributed to this state (Fig. 
S7E). Given the limited overall differences in pseudo-
time trajectories between the two groups, we focused on 
branch point 1 for further functional analysis. Enrich-
ment analysis of genes associated with each branch 
revealed distinct pathway involvement, such as genes in 
the prebranch (State 4, Cluster 3), which were enriched 
primarily in “regulation of hematopoiesis”. Branch 2 
(State 5, Cluster 1) was enriched in “positive regulation of 
lymphocyte activation”, whereas Branch 1 (State 1, Clus-
ter 2) was characterized by genes involved in the “regula-
tion of response to osmotic stress” (Fig. S6D and Table 
S14).

Subsequent differential expression analysis of acti-
vated B-cell subpopulations from the cirrhotic and non-
cirrhotic groups revealed 383 significantly altered DEGs 
(|log2FC| > 0.25, p < 0.05, Table S15). Bubble and heat-
map plots highlighted the top 10 DEGs and their expres-
sion profiles in B cells (Fig. S6E and S7F). To investigate 
the BF of these DEGs in B cells, enrichment analyses were 
performed for GO terms (Table S15) and KEGG path-
ways (Table S17). The GO analysis revealed enrichment 
of these genes in processes such as “cytoplasmic transla-
tion”, “B-cell activation”, and “regulation of B-cell activa-
tion” (BP); components including “cytosolic ribosome”, 
“focal adhesion”, and “cell-substrate junction” (CC); and 
functions such as “structural constituent of ribosome”, 
“rRNA binding”, and “immunoglobulin receptor bind-
ing” (MF) (Fig. S7G). The KEGG pathway enrichment 
further revealed significant involvement in “regulation of 
actin cytoskeleton” (CP), “ribosome” (GIP), “Salmonella 
infection”, “viral myocarditis” (HD), “hematopoietic cell 
lineage”, “intestinal immune network for IgA production”, 
and “mineral absorption” (OS) (Fig. S7H).

Finally, IREA of genes upregulated in cirrhotic B cells 
revealed a dominant B-e polarization profile, with the 
expression of the cytokines CD40L and IL-21. The polar-
ization radar plot revealed a B-e phenotypic bias (EGF-
enriched B phenotype) in cirrhotic samples, and cytokine 
enrichment analysis revealed elevated expression of EGF 
(Fig. S6F-G). These findings suggest that activated B cells 
in cirrhosis undergo pseudotime-restricted differentia-
tion, biased toward State 1 (B cells enriched in Cluster 2). 
This reprogramming is characterized by increased ribo-
some-mediated cytoplasmic translation and EGF hyper-
secretion, indicative of a B-e polarization phenotype.

IL-1β polarizes monocytes to the Mono-c phenotype in 
cirrhosis
The monocyte populations were reclustered at a resolu-
tion of 0.2 using 11 PCs, resulting in five distinct clus-
ters (Fig. S9A). These genes were further annotated into 
five unique monocyte subtypes (Fig. S8A and S9B). To 
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explore functional heterogeneity during differentiation, 
we constructed a pseudotime trajectory for monocytes 
(Fig. S8B-C). Four major branch points were identified 
along the entire trajectory, resulting in nine distinct cel-
lular states (Fig. S9C). Analysis of group-specific differen-
tiation patterns revealed significant differences in State 2 
between the cirrhotic and noncirrhotic groups (Fig. S9D-
E). Monocytes from Cluster 2 displayed substantial dif-
ferentiation in State 2.

Enrichment analysis of genes associated with each 
resulting branch revealed the following: prebranch cells 
(State 1, Cluster 4) were enriched in the “MHC class II 
protein complex assembly” pathway; Branch 2 (State 
3, Clusters 1 and 3) was associated with the “defense 
response to fungus”; and Branch 1 (State 2, Cluster 2) was 
enriched in “leukocyte tethering or rolling” (Fig. S8D and 
Table S18).

Differential gene expression analysis of monocytes 
from the cirrhotic and noncirrhotic groups revealed 
426 significantly altered DEGs (|log2FC| > 0.25, p < 0.05; 
Table S19). The top 10 DEGs were visualized via bubble 
plots and heatmaps to illustrate their expression profiles 
(Fig. S8E and S9F). To investigate the BF of these DEGs 
in monocytes, we performed enrichment analysis for 
GO terms (Table S20) and KEGG pathways (Table S21). 
GO terms revealed enrichment in BPs such as “cyto-
plasmic translation,” “B-cell activation,” and “regulation 
of B-cell activation”; CCs included “cytosolic ribosome,” 
“focal adhesion,” and “cell-substrate junction”; and MFs 
included “structural constituent of ribosome,” “rRNA 
binding,” and “immunoglobulin receptor binding” (Fig. 
S9G). KEGG pathway analysis revealed enrichment in 
processes such as “regulation of the actin cytoskeleton,” 
“ribosome,” and various immune- and infection-related 
pathways such as “Salmonella infection,” “viral myocar-
ditis,” “hematopoietic cell lineage,” and the “intestinal 
immune network for IgA production” (Fig. S9H). The 
polarization radar chart revealed that monocytes in the 
cirrhosis group predominantly exhibited a Mono-c polar-
ization state (IL-1-skewed antigen presentation). Cyto-
kine enrichment analysis also revealed strong enrichment 
of the cytokines IL-1α, IL-1β, and IL-36α in cirrhotic 
monocytes (Fig. S8F-G).

SCENIC analysis revealed cell subtype-specific 
transcription factor dynamics underlying immune 
dysregulation in patients with liver cirrhosis
In macrophages, bubble plot analysis revealed nota-
ble differences in TF activity between the cirrhotic and 
noncirrhotic groups (Fig. 6A). UMAP visualization fur-
ther demonstrated that these TFs were predominantly 
expressed in the Macrophage_3 subtype (Fig. 6B). Simi-
larly, significant differences in the expression of potential 
TFs were observed via bubble plots and corresponding 

UMAP analyses of T cells (Fig. 6C–D), NK cells (Fig. 
6E–F), B cells (Fig. 6G–H), and monocytes (Fig. 6I–J) 
between the cirrhotic and noncirrhotic groups. More-
over, UMAP analysis revealed that these TFs were highly 
expressed in specific subpopulations of immune cells, 
such as CD4+ T-cell subgroups (Fig. 6D), NK cells from 
Cluster 2 (Fig. 6F), and monocytes from Cluster 3 (Fig. 
6J). Collectively, these findings suggest the dynamic regu-
latory landscape of immune cell subtypes in liver cirrho-
sis and provide valuable insights into the transcriptional 
reprogramming that drives immune dysregulation during 
disease progression.

SCENIC analysis reveals cytokine networks driving immune 
dysregulation in cirrhosis
Using SCENIC analysis, we identified TFs that were sig-
nificantly expressed across various immune cell subtypes 
in cirrhotic samples. We then systematically integrated 
these TFs with their associated cytokines secreted by 
each immune cell type, and the results are summarized in 
Table 1. To illustrate cytokine distribution, we generated 
a pie chart based on the cytokine frequency (Fig. 7A).
Notably, IFN-β1 was highly expressed in CD4+ T cells 
from cirrhotic liver samples and in monocytes from non-
cirrhotic samples (Fig. 7B); IL-1β showed high expres-
sion in monocytes under both cirrhotic and noncirrhotic 
conditions (Fig. 7C, D).A corresponding UMAP visual-
ization of TF expression revealed that thyroid hormone 
receptor alpha (THR-α) was highly expressed in CD4+ T 
cells derived from cirrhotic samples but was more promi-
nent in SMCs from noncirrhotic liver samples (Fig. 7E). 
Additionally, ETS proto-oncogene 2, a transcription fac-
tor (ETS2), was predominantly expressed in macrophages 
in cirrhotic livers, whereas it was more highly expressed 
in endothelial cells in noncirrhotic samples (Fig. 7F). 
Overall, these transcription factor regulon networks 
delineate the transcriptional regulatory landscape across 
various cell lineages within the cirrhotic immune micro-
environment, revealing pivotal regulatory axes that drive 
immune reprogramming during cirrhosis progression.

Fibroblast-mediated macrophage migration inhibitory 
factor (MIF) signaling is activated in cirrhosis
We investigated intercellular communication across all 
cell types and identified fibroblasts as key mediators, 
displaying substantial alterations in signaling interac-
tions between cirrhotic and noncirrhotic conditions. 
Quantitative analysis revealed a significant enhance-
ment in overall signaling activity in cirrhosis: the total 
interaction count increased from approximately 10,075 
in noncirrhotic controls to 11,436 in cirrhotic samples, 
with an average communication strength elevated by 
approximately 1.5-fold (permutation test, p = 0.018) (Fig. 
8A). Network analysis revealed that fibroblast-mediated 
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signaling was significantly elevated in cirrhosis patients 
in terms of both frequency and strength (Fig. 8B). Further 
comparison of global signaling patterns between these 
two groups revealed distinct shifts in intercellular com-
munication networks (Fig. 8C).

The MIF signaling pathway has emerged as a key 
regulatory axis that is specifically amplified in cirrho-
sis. Under cirrhotic conditions, fibroblasts significantly 
upregulated the expression of MIF and its homolog D-DT 
ligands (log₂FC ≈ 1.2, p < 0.01). These ligands showed 

Fig. 6  Transcription factor analysis of macrophages, T cells, NK cells, B cells, and monocytes in cirrhotic liver samples. A) Bubble plots displaying the 
distribution of transcription factor expression in macrophages across different groups. B) The UMAP plot shows the clustering of TFs in macrophage 
subgroups. C) Bubble plots demonstrating the distribution of TFs in T cells among different groups. D) The UMAP plot displays the clustering of TFs in 
T-cell subgroups. E) Bubble plots show the distribution of TFs in NK cells across different groups. F) The UMAP plot exhibits the clustering of TFs in NK cell 
subgroups. G) The bubble plot indicates the distribution of transcription factor expression in B cells across different groups. H) The UMAP plot shows the 
transcription factor clusters in B-cell subgroups. I) The bubble plot demonstrates the distribution of TFs in monocytes across different groups. J) The UMAP 
plot illustrates the transcription factor clusters in the monocytic subgroups
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increased interaction with their corresponding receptors 
(CD74, CXCR4, and CD44) on B cells, the expression of 
which was also markedly increased (Cohen’s d ≈ 0.8) (Fig. 
8D). Violin plots further confirmed the upregulation of 
MIF ligands and receptors across cell types, with a nota-
ble increase in MIF receptor expression in B cells from 
cirrhotic livers (Fig. 8E). This coordinated upregulation 
supports the establishment of a strengthened MIF sig-
naling axis between fibroblasts and B cells. Downstream, 
the expression of signaling genes such as JUN, and IL1B 
was synchronously elevated, indicating the activation of 
MIF-mediated signaling cascades. Statistical analysis via 
permutation tests confirmed that MIF signaling from 

Table 1  Summary of cell factors and transcription factors
Celltype Cytokine(s) TF(s)
Macrophage_3 TNF−α, IL−1α, IL−15, 

IL−1b, IFN−γ
USF2(+), MITF(+)

CD4+ T IFN−α1, IL−1α, IL−36α, 
IL−1β, IFN−β

FOS(+), FOSB(+), 
LEF1(+), JUNB(+), JUN(+)

NK cells IFN−α1, IL−15, IFN−β, 
IL−18, IL−12

TFDP2(+)

B cells IL−4, IFN−α1, IFN−β, 
IL−21, EGF

THRA(+), GATA3(+), 
NFE2L2(+), ETS2(+), 
DLX2(+)

Monocytes IL−1β, IL−36α, GM−
CSF, TNF−α, IFN−α1

ETV7(+), ZNF200(+), 
HESX1(+), ETS2(+), 
BCL6(+)

Fig. 7  Summary of cytokines and their respective expression in all cell types under cirrhotic and noncirrhotic conditions. A) Pie chart showing the fre-
quency of cytokines. B) UMAP plot depicting the expression of the cytokine IFN-β1 in cirrhotic and noncirrhotic states. C) The UMAP plot illustrates the 
expression of the cytokine IL-1β under cirrhotic and noncirrhotic conditions. D) Pie chart showing transcription factor frequencies. E) UMAP plot of the 
transcription factor THR-α in cirrhotic and noncirrhotic livers. F) UMAP plot of ETS2 in cirrhotic and noncirrhotic livers
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fibroblasts to B cells was significantly increased in cir-
rhosis patients (p < 0.05), with a large effect size (Cohen’s 
d > 0.8) (Table S22-23). To further validate the expression 
patterns of MIF, B cells, and their corresponding recep-
tors in cirrhotic livers, we performed histological stain-
ing on liver sections from clinical cirrhosis patients and 
controls. HE and Masson staining revealed markedly 
increased collagen deposition in the cirrhotic group (Fig. 
9A, B). Immunofluorescence analysis revealed substantial 
upregulation of MIF expression in cirrhotic tissues, which 
clearly colocalized with the B-cell marker CD19 and the 
MIF receptor CXCR4 (Fig. 9 C-E). These morphological 

findings provide tangible support for the enhanced MIF 
signaling axis between fibroblasts and B cells within the 
cirrhotic microenvironment. Collectively, these findings 
suggest that fibroblast-derived MIF signaling is a pivotal 
pathway activated in cirrhosis and likely plays a key role 
in remodeling the immune microenvironment.

Discussion
This study utilized an integrated single-cell analytical 
framework to investigate the dynamic changes and func-
tional reprogramming of immune cells in liver cirrhosis. 
The analysis revealed lineage-specific transformation 

Fig. 8  The overall patterns of cell communication between the cirrhotic and noncirrhotic groups. A) Bar graphs depict the total number and strength 
of interactions among all cell types in single cells from cirrhotic and noncirrhotic groups. B) Network graphs demonstrate intergroup variations in the 
number and strength of interactions among different cell types in the cirrhotic and noncirrhotic groups, with red lines indicating an increase in com-
munication quantity and intensity in cirrhotic compared to noncirrhotic groups, and blue lines indicating a decrease. Left: communication quantity, right: 
communication intensity. C) Heatmaps illustrate the signaling pathways contributing most significantly to overall cell communication in the cirrhotic 
versus noncirrhotic groups. D) Enhanced receptor profiles mediating communications between fibroblasts and other cell types in the cirrhotic group. E) 
Violin plots show the expression distributions of MIF signaling receptors in the cirrhotic versus noncirrhotic groups
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pathways, highlighting three key axes influencing dis-
ease-related immune regulation: TNF-α/ETS2-driven 
polarization of macrophages toward a Mac-d phenotype, 
IL-1α/β/THRA-associated polarization of CD4+ T cells 
toward a T4-c phenotype, and enhancement of the fibro-
blast-to-B-cell MIF signaling axis. These findings offer 
potential avenues for understanding the immune mecha-
nisms of cirrhosis and devising targeted interventions.

Within the macrophage compartment, the Macro-
phage_3 subpopulation was enriched in late pseudotime, 
indicating a terminally differentiated state. IREA profiling 
confirmed its Mac-d polarized signature, accompanied 

by elevated TNF-α expression. Transcriptional regula-
tory analysis revealed increased ETS2 activity in this sub-
population, potentially cooperating with TNF-α signaling 
to increase inflammation, highlighting the pivotal role of 
the TNF-α/ETS2 axis in promoting chronic inflammation 
in patients with cirrhosis. Elevated TNF-α levels in the 
livers of patients with cirrhosis are positively correlated 
with disease severity [34]. TNF-α activates the NF-κB 
and MAPK pathways, leading to hepatocyte apoptosis 
and hepatic stellate cell activation, thereby promoting 
fibrosis [35]. TNF-α amplifies the inflammatory response 
by regulating IL-6 and IL-1β and directly induces hepatic 

Fig. 9  The MIF-CXCR4–CD19 regulatory axis is activated during liver cirrhosis progression. A) Representative H&E-stained histological liver sections. (scale 
bar = 100 μm). B) Representative histological liver sections subjected to Masson’s trichrome staining. (scale bar = 100 μm). The positive areas were quan-
titatively analyzed (n = 6 per group). C) Representative immunofluorescence images of CD19 (purple), MIF (red) and CXCR4 (green) staining in liver sec-
tions. Nuclei were counterstained with DAPI (blue). (scale bar = 50 μm). D) The expression of MIF in the main liver tissue. The mean fluorescence intensity 
was calculated according to the following formula: integrated density (Intden)/total field area. E) Pearson correlation coefficient curves for colocalization 
analysis of CD19, MIF and CXCR4 in liver tissues. The results were analyzed via one-way ANOVA. Bars = means ± SDs. *p < 0.05, **p < 0.01, ***p < 0.001 and 
ns, not statistically significant
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stellate cell transdifferentiation, exacerbating liver fibro-
sis [36, 37].

CD4+ T cells are notably expanded in cirrhosis patients 
and are predominantly found in State 4 of the pseudo-
temporal trajectory, a branch linked to metal ion stress 
and antigen presentation functions. Analysis via IREA 
revealed a significant increase in IL-1α and IL-1β expres-
sion, characterizing a T4-c-polarized phenotype. Integra-
tion with regulatory network data revealed that THRA 
was coactivated in this cell population, potentially play-
ing a role in regulating IL-1-responsive genes. These 
findings collectively suggest that the IL-1α/β–THRA 
axis-driven T4-c polarization of CD4+ T cells contrib-
utes to inflammatory amplification in the immune micro-
environment of cirrhosis. IL-1β stimulates Kupffer cell 
activation and induces HSC proliferation and activation 
through the NLRP3 inflammasome-CASP1 signaling 
pathway, exacerbating hepatic fibrosis. In animal models 
of liver fibrosis, IL-1β inhibitors such as anakinra have 
shown substantial potential in reducing inflammation 
and fibrosis [38–40]. These findings highlight IL-1β as a 
central mediator of inflammatory responses in cirrhosis 
and underscore its promise as a therapeutic target for 
early intervention.

The enrichment analyses revealed significant altera-
tions in the cellular signaling and metabolic pathways 
associated with immune cells in patients with liver cir-
rhosis. Specifically, the identified pathways, such as 
endocytosis, phagosomes, and antigen processing and 
presentation, highlight the critical role of immune cell 
function in the pathogenesis of liver cirrhosis [38, 41, 42]. 
These pathways are essential for the immune response, 
as they facilitate the uptake and processing of anti-
gens, which is crucial for effective immune surveillance 
and response to liver injury. The enrichment of genes 
involved in “cytoplasmic translation” and “ribosome bio-
genesis” suggests that under conditions of liver cirrhosis, 
immune cells may undergo significant metabolic repro-
gramming and protein translation activation to support 
their immune response in the inflammatory microen-
vironment and the demands of cytokine secretion. This 
finding is consistent with the persistent immune activa-
tion state in cirrhosis [43]. Notably, enrichment of the 
“cytoplasmic translation” and “ribosome biogenesis” 
pathways was consistently observed in all immune sub-
sets, indicating a systematic signaling pattern that likely 
reflects the authentic physiological state of immune cells 
in the cirrhotic microenvironment. Future studies will 
involve sensitivity analyses, such as including the ribo-
somal protein-encoding gene (RPG) proportion as a 
covariate in normalization or differential expression anal-
ysis or conducting enrichment and clustering analyses 
after excluding RPGs, to confirm the robustness of our 
core biological findings.

ETS2 is an ETS-family transcription factor and proto-
oncogene [44]. In a liver fibrosis model, macrophages 
lacking ETS2 presented a 3–5-fold increase in IL-1β 
expression when stimulated with HMGB1 or LPS, while 
overexpression of ETS2 significantly reduced the lev-
els of IL-1β, IL-6, and other inflammatory factors and 
suppressed TLR4-NF-κB pathway activation, thereby 
alleviating hepatocyte necrosis and periportal fibrosis 
[45]. Contrary to the protective role of ETS2, USF2 pro-
motes the release of inflammatory factors, such as IL-1β, 
through multiple pathways, driving the progression of 
liver fibrosis. Experimental evidence indicates that USF2 
transcriptionally activates THBS1, subsequently activat-
ing the TGF-β/Smad3/NLRP3/Caspase-1 pathway and 
leading to increased expression of IL-1β and IL-18 [46]. 
The two exhibit antagonistic regulation within macro-
phages, forming a crucial balance axis in the inflamma-
tory‒fibrotic response in cirrhosis.

The study also revealed a notable increase in both the 
frequency and intensity of communication between 
fibroblasts and B cells within cirrhotic tissue. The MIF 
ligand‒receptor pathway has emerged as a pivotal sig-
naling axis, with fibroblasts releasing MIF ligands and 
B cells showing increased expression of the receptors 
CD74 and CXCR4. IREA findings indicated polarization 
toward a B-e state in B cells, concomitant with elevated 
levels of EGF and IL-21. This increase in fibroblast-B-
cell MIF signaling is likely to aggravate the progression 
of cirrhosis through proinflammatory and profibrogenic 
mechanisms. These findings are consistent with and 
extend previous clinical observations. Previous studies 
have shown that MIF levels are significantly elevated in 
sera from patients with HCC and liver cirrhosis com-
pared with those from patients with gastrointestinal 
cancer and normal controls [47]. The balance between 
MIF and sCD74 is predictive of outcomes in individuals 
experiencing acute decompensation of cirrhosis [48]. The 
identification of these genes and their altered expression 
patterns underscore their potential as therapeutic targets 
and biomarkers for monitoring disease progression and 
treatment efficacy in patients with liver cirrhosis.

The dataset utilized in this investigation comprises 
5 cirrhotic and 7 control samples. Although the utiliza-
tion of a single-center sequencing platform ensures data 
consistency, the limited sample size may exacerbate the 
influence of interindividual biological variability on 
the analysis of immune cell subsets. The dataset’s high 
sequencing depth and coverage, however, offer a strong 
framework for exploring immune diversity. To harmonize 
the data and address potential batch effects (e.g., stem-
ming from library preparation and sequencing runs), we 
employed the Harmony algorithm, a commonly utilized 
tool for integrating single-cell data across multiple sam-
ples [49, 50]. Harmony mitigates technical variations by 
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aligning shared feature spaces iteratively across samples. 
Following this correction, UMAP visualization revealed a 
homogeneous distribution of cells from various samples, 
with no discernible batch-specific clustering, indicating 
successful elimination of batch effects. This robust inte-
gration establishes a reliable foundation for subsequent 
comparative analysis of immune subpopulations.

This study acknowledges several limitations that war-
rant careful consideration. First, owing to the scarcity of 
scRNA-seq data of cirrhotic liver tissues in public data-
bases, the relatively small sample size analyzed in this 
study might hinder the generalizability of the results, as 
it might not capture the full spectrum of cellular hetero-
geneity present in cirrhosis. Second, the lack of spatial 
transcriptomic information limits the understanding of 
the spatial localization and interactions among immune 
cell populations, impeding a comprehensive analysis of 
immune cell cooperativity. Third, the absence of detailed 
clinical and grouping metadata for each donor hindered 
donor-specific analyses, such as individual UMAP pro-
jections and abundance distribution analyses, lead-
ing to findings that primarily reflect population-level 
trends. To validate and expand upon our results, fur-
ther research using large-scale, multicenter cohorts and 
multidimensional experimental approaches is needed. 
Future studies will incorporate spatial transcriptomics, 
high-dimensional multiomics, and functional analyses to 
increase the biological and translational significance of 
these findings.

Conclusions
In summary, immune cells in cirrhosis exhibit significant 
reprogramming characteristics, with the TNF-α/ETS2, 
IL-1α/β/THRA, and MIF signaling pathways forming a 
fundamental immunoregulatory network. This network 
offers valuable insights into the immune mechanisms 
involved in cirrhosis, suggesting promising targets for 
intervention.
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