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Abstract 15 

Liver cirrhosis involves immune dysfunction, yet how immune-cell states are 16 

coordinated with fibrosis remains incompletely resolved. We performed single-cell 17 

RNA-seq on liver tissues from three patients with cirrhosis and three histologically 18 

non-cirrhotic controls, and analyzed 43,745 high-quality cells using cell-state 19 

annotation, SCENIC regulon inference, pseudotime reconstruction, and CellChat 20 

ligand–receptor modeling. Cirrhotic livers showed depletion of Mono1 and expansion 21 

of inflammatory macrophages and regulatory T cells. SCENIC revealed dysregulated 22 

YY1 and ETV6 regulon activity in monocyte/macrophage states, altered 23 

EOMES/KLF6 programs in cytotoxic T cells, and increased EP300/SP3 in regulatory 24 

T cells. Pseudotime indicated disease-associated state-occupancy shifts, while 25 

CellChat suggested fibrosis-biased ligand–receptor signaling. In two mouse injury 26 

models, YY1 increased in F4/80+ macrophages and EOMES decreased in CD8+ T 27 

cells. These findings are hypothesis-generating due to limited donor numbers and will 28 

require donor-level and functional validation. 29 

Keywords: Liver cirrhosis; Single-cell RNA sequencing; Regulatory genomics; 30 



Macrophage; T cell; Transcription factor; Cell–cell communication. 31 

 32 

Introduction 33 

Liver cirrhosis is the end stage of chronic liver disease, resulting from sustained 34 

inflammation and progressive fibrogenesis driven by diverse etiologies including 35 

hepatitis B/C infection, alcohol abuse, and non-alcoholic steatohepatitis (NASH)[1, 2]. 36 

It is characterized by excessive extracellular matrix (ECM) deposition, regenerative 37 

nodule formation, and portal hypertension, ultimately leading to liver failure. 38 

Currently, liver transplantation remains the only curative treatment for decompensated 39 

cirrhosis, yet its applicability is limited by organ availability and post-transplant 40 

complications[3, 4]. A deeper understanding of the cellular and molecular 41 

mechanisms underlying cirrhosis pathogenesis is therefore urgently needed[5]. 42 

The progression of cirrhosis involves a complex interplay between hepatocyte 43 

injury, activation of fibrogenic hepatic stellate cells (HSCs), and a dysregulated 44 

immune response[6, 7]. Innate and adaptive immune cells are pivotal in this process. 45 

Monocytes and macrophages are central players, contributing to both the initiation 46 

and resolution of fibrosis through pro-inflammatory cytokine secretion, HSC 47 

activation, and ECM remodeling [8, 9]. Similarly, T cells can exert dual roles: CD8+ 48 

cytotoxic T cells and Th1 cells may promote inflammation and injury, while 49 

regulatory T cells (Tregs) and certain tissue-resident memory T cells can modulate 50 

immune responses and even facilitate fibrosis resolution[10-15].However, the 51 

extensive heterogeneity within these populations and the precise transcriptional 52 

programs that dictate their functional states in human cirrhosis are not fully 53 

understood. 54 

The advent of single-cell RNA sequencing (scRNA-seq) has revolutionized our 55 

ability to dissect cellular heterogeneity and characterize gene expression at 56 

unprecedented resolution [16-19]. Previous scRNA-seq studies in liver disease have 57 

provided invaluable insights, such as revealing zonation alterations in liver sinusoidal 58 

endothelial cells (LSECs) in cirrhosis, identifying a pro-fibrotic TREM2+CD9+ 59 

macrophage subpopulation [20-25], and delineating distinct immune ecosystems in 60 



alcoholic versus HBV-related cirrhosis. However, a systematic and integrative 61 

analysis that simultaneously focuses on the transcription factor networks, 62 

developmental trajectories, and intercellular crosstalk of both 63 

monocytes/macrophages and T cells in a cohort of human cirrhotic livers is still 64 

lacking. 65 

Here, we analyzed liver tissues from patients with cirrhosis and histologically 66 

non-cirrhotic controls. We focused on monocyte/macrophage and T-cell compartments, 67 

evaluated disease-associated regulon activity, reconstructed transcriptional trajectories, 68 

and modeled ligand–receptor communication. YY1 and EOMES patterns selected 69 

from the human dataset were then examined in two mechanistically distinct mouse 70 

models of liver injury and fibrosis. 71 

 72 

Results 73 

1. 3.1. A Single-Cell Atlas Identifies Disease-Associated Shifts in Liver Cell States 74 

Cell Ranger identified 55,797 cell-containing barcodes across the six libraries, of 75 

which 43,745 cells from three cirrhotic and three histologically non-cirrhotic livers 76 

remained after downstream quality control (Fig. 1A, B). Unsupervised clustering 77 

resolved 28 clusters that were annotated as 13 major cell classes, including B cells, 78 

endothelial cells, hepatocytes, innate lymphoid cells, Kupffer cells, mast cells, 79 

mesenchymal cells, two monocyte states (Mono1 and Mono2), macrophages, 80 

plasmacytoid dendritic cells, plasma cells, and T cells (Fig. 1C, D). 81 

Comparative analysis suggested shifts in cellular proportions. T cells constituted 82 

the predominant population in both groups[26-28]. In this cohort, the proportion of 83 

Mono1 was lower in cirrhosis, whereas Mono2, B cells, and endothelial cells were 84 

higher (Figure 1E-G)[8, 29, 30]. Other subsets also varied between groups, indicating 85 

remodeling of the cirrhotic liver microenvironment; these abundance patterns require 86 

confirmation in larger donor cohorts. 87 

Gene Ontology (GO) enrichment of the top marker genes indicated functional 88 

specialization across cell types. Mono1 was associated with signal transduction and 89 

neutrophil chemotaxis, whereas Mono2 was associated with chemokine signaling and 90 



cytoskeletal organization. Mesenchymal cells were linked to adhesion and 91 

extracellular-matrix organization [31, 32]. Exploratory cell-type-specific 92 

differential-expression analysis identified fibrosis-associated programs in 93 

mesenchymal cells and altered innate-immune programs in monocyte populations 94 

(Figure 1H and Figure S1). These findings describe cohort-associated transcriptional 95 

patterns rather than population-level effects.96 



 97 

 98 

2. 3.2. YY1- and ETV6-Associated Regulons Characterize Dysregulated Myeloid 99 

States 100 

Reclustering monocytes and macrophages yielded nine clusters grouped into 101 

inflammatory macrophages, non-inflammatory macrophages, Mono1, and Mono2 102 



(Fig. 2A–C). Cirrhotic samples showed a higher fraction of inflammatory 103 

macrophages and a lower fraction of Mono1 cells in this cohort (Fig. 2D). Functional 104 

enrichment linked Mono2 and inflammatory macrophage markers to antigen 105 

presentation and T-cell activation (Fig. 2E). 106 

Regulon analysis identified state-associated factors, including MAF and PPARG 107 

in non-inflammatory macrophages [33-36] and HMGA1 in Mono2[36]. In Mono1 108 

cells, YY1 and ETV6 activity was higher and NFKB1 activity was lower in cirrhosis 109 

(Figure 2F-G and Figure S2) [37-40]. Candidate regulon-target analysis linked 110 

NFKB1 to apoptosis and lipopolysaccharide-response programs[41] and CEBPB to 111 

inflammatory-response programs. YY1 and ETV6 were also increased in 112 

inflammatory macrophages. These associations nominate YY1 and ETV6 as candidate 113 

regulators but do not establish direct transcriptional causality. 114 

 115 



 116 

 117 

3. 3.3. Cytotoxic and Regulatory T Cells Show Distinct Transcription-Factor 118 

Programs 119 

T-cell reclustering identified 12 states, including naïve, effector, memory, 120 

cytotoxic, proliferating, T-helper, and regulatory populations (Fig. 3A–C and Fig. S3). 121 



Cirrhotic samples showed higher fractions of CD4-naïve and regulatory T cells and 122 

lower fractions of CD8-memory and cytotoxic T cells (Fig. 3D). Marker enrichment 123 

was consistent with suppressive programs in regulatory T cells and inflammatory 124 

programs in cytotoxic and Th17 populations (Fig. 3E). 125 

Regulon analysis highlighted state-associated factors, including GATA4 in 126 

CD8-memory T cells[42, 43], E2F1 in proliferating T cells [44], and FOXM1 in 127 

regulatory T cells (Figure 3F and Figure S3) [45]. Cytotoxic T cells showed higher 128 

KLF6 activity [46, 47]and lower EOMES activity in cirrhosis [48]. Regulatory T cells 129 

showed higher EP300 and SP3 activity [49-51]. These patterns indicate 130 

transcription-factor-associated T-cell remodeling; cytotoxic or suppressive function 131 

was not measured directly. 132 

 133 



 134 

 135 

4. 3.4. Cirrhosis Is Associated with Altered Occupancy of Immune 136 

Transcriptional Trajectories 137 

Monocyte/macrophage trajectory reconstruction resolved three states (Fig. 4A–138 

C). Cirrhotic samples were enriched in the Mono1-associated S2 state and showed 139 

lower occupancy of the S1 state (Fig. 4D). State and branch-associated genes included 140 



IFITM2, AQP9, LCN2, CAMP, MMP8, complement genes, HLA genes, and 141 

S100-family genes (Fig. 4E–G). These findings indicate altered state occupancy along 142 

the inferred trajectory; they do not demonstrate a differentiation block because the 143 

data are cross-sectional. 144 

State-associated genes included IFITM2, AQP9, LCN2, and CAMP[52], together 145 

with MMP8 (Figure 4E and Figure S4) [53-59]. Genes varying along the inferred 146 

trajectory included complement genes, HLA genes, and S100-family members[60-62], 147 

IL7R[63], LCN2[64], and MMP8[65]. Their expression patterns were associated with 148 

altered trajectory-state occupancy[66-68]; pseudotime does not establish lineage 149 

direction or a differentiation block. 150 

T-cell pseudotime analysis identified five transcriptional states. Cirrhotic samples 151 

showed higher occupancy of an early CD4-naive-associated state and lower 152 

occupancy of later states. State-associated genes included HSPB1 and ZEB2 [69, 70]. 153 

Dynamic genes included NFKB1, LMNA, STAT4, KLRD1, CD160, and 154 

KLRB1[71-78]. These findings support disease-associated remodeling of T-cell state 155 

continua rather than impaired maturation proven by lineage tracing. 156 



 157 

 158 

5. 3.5. Inferred Communication Shifts toward Fibrosis-Associated Signaling 159 

CellChat predicted a greater number and aggregate strength of ligand–receptor 160 

interactions in cirrhotic samples (Fig. 5A, B and Fig. S5). Myeloid sender networks 161 

showed increased fibrosis-associated pathways, including TGF-β and matrix-related 162 

signaling toward mesenchymal cells, while several immune-activation signals 163 

involving T cells were reduced (Fig. 5C, D). Monocyte/macrophage and 164 

mesenchymal compartments contributed prominently to the inferred 165 

fibrosis-associated network. These results define computationally predicted 166 

communication changes that require spatial or perturbational validation. 167 



CellChat predicted altered ligand-receptor programs involving 168 

monocytes/macrophages and T cells. Myeloid sender networks showed stronger 169 

fibrosis-associated pathways, including TGF-β and matrix-related signaling toward 170 

mesenchymal cells, while several immune-activation signals involving T cells were 171 

reduced (Figure 5C-D and Figure S5) [79-84]. These are computationally inferred 172 

communication changes and require spatial or perturbational validation. 173 

These results define computationally predicted communication changes rather 174 

than directly measured biochemical interactions and therefore require spatial or 175 

perturbational validation.176 



 177 

 178 

3.6. Two Mouse Fibrosis Models Reproduce YY1 and EOMES Expression Patterns 179 

Hematoxylin and eosin staining showed liver injury and inflammatory 180 

infiltration after DDC or CCl₄ exposure, and α-SMA abundance was increased by 181 

immunoblotting (Fig. 6A–C). YY1 immunoreactivity was increased in F4/80-positive 182 



macrophages in both models (Fig. 6D, E). Conversely, the fraction of 183 

EOMES-positive cells among CD8-positive T cells was reduced (Fig. 6F, G). The 184 

concordant direction across a cholestatic dietary model and a toxic injury model 185 

supports robustness of the expression pattern, but these experiments do not test 186 

whether YY1 or EOMES causes fibrosis. 187 

YY1 immunoreactivity was increased in F4/80-positive macrophages in both 188 

models, whereas the proportion of EOMES-positive cells among CD8-positive T cells 189 

was reduced (Figure 6D-G). Concordance across the cholestatic DDC model and toxic 190 

CCl₄ model supports robustness of the expression pattern but does not establish that 191 

YY1 or EOMES causes fibrosis. 192 



 193 

 194 

Discussion 195 

This study connects four layers of single-cell evidence—cellular composition, 196 

regulon activity, transcriptional trajectories, and inferred intercellular 197 

communication—to describe coordinated myeloid and T-cell remodeling in human 198 

cirrhosis. The central pattern comprises YY1/ETV6-high myeloid states, an 199 

EOMES-low cytotoxic T-cell state, EP300/SP3-high regulatory T cells, altered 200 

trajectory-state occupancy, and a fibrosis-biased communication network. Tissue-level 201 



validation in DDC and CCl₄ models supports the reproducibility of selected 202 

expression changes across species and injury contexts. 203 

The observed immune-cell proportions suggest altered hepatic immune 204 

homeostasis. Mono1 cells were reduced in this cohort [8, 29, 30], whereas Mono2 and 205 

inflammatory macrophage states were expanded and associated with 206 

antigen-presentation programs[26-28]. The T-cell compartment also showed more 207 

regulatory T cells and fewer cytotoxic and memory CD8-positive T cells. These 208 

cohort-level patterns are compatible with cirrhosis-associated immune dysfunction but 209 

require replication in larger, clinically annotated cohorts. 210 

Regulon analysis identified candidate factors associated with dysregulated 211 

immune states. YY1 activity was increased in monocyte/macrophage subsets. YY1 212 

has previously been linked to hepatic fibrogenic programs[37, 38], and the present 213 

analysis extends this observation to macrophage-associated states. ETV6 was 214 

co-upregulated[39], supporting a candidate stress-responsive myeloid program. 215 

EOMES activity was reduced in cytotoxic T cells[11, 48]. EOMES participates in 216 

cytotoxic and memory programs, while CD8 tissue-resident memory cells have been 217 

implicated in fibrosis resolution. EP300 activity was increased in regulatory T cells 218 

and has been linked to fibrotic transcriptional programs[49, 50]. These associations 219 

require cell-type-specific perturbation before any causal interpretation. 220 

The use of both DDC and CCl₄ models is a strength because the models 221 

represent distinct injury contexts. Nevertheless, mouse experiments validated 222 

localization and direction of protein-expression changes only. They did not establish 223 

conservation of the full human cell state, therapeutic efficacy, or causality. 224 

Macrophage-specific YY1 perturbation and T-cell-specific EOMES manipulation, 225 

ideally combined with fibrosis phenotyping and spatial profiling, would directly test 226 

the proposed regulatory axis. 227 

Pseudotime analysis provided a representation of disease-associated state 228 

distributions. Cirrhotic monocyte/macrophage and T-cell populations showed higher 229 

occupancy of earlier inferred states. Because the data are cross-sectional, this pattern 230 

is interpreted as altered trajectory-state occupancy rather than arrested differentiation. 231 



State-associated genes included LCN2[55, 56] and MMP8 [59]in myeloid cells, 232 

together with STAT4 and NFKB1[72, 74] in T cells. These genes prioritize hypotheses 233 

for future donor-aware and functional analyses rather than established therapeutic 234 

targets. 235 

CellChat integrated the single-cell data into a predicted tissue-level 236 

communication network. The analysis suggested stronger fibrosis-associated TGF-β, 237 

collagen, and laminin programs alongside weaker immune-activation programs, 238 

including CD8A-associated signaling[85] and HLA class I-associated signaling[86]. 239 

CellChat infers compatible ligand-receptor relationships but cannot confirm ligand 240 

availability, receptor activation, spatial proximity, or signaling direction in tissue. 241 

Several limitations constrain interpretation. First, only three donors per group 242 

were included, and the controls were histologically non-cirrhotic peri-tumoral tissues 243 

rather than livers from healthy volunteers. Second, etiology was heterogeneous, 244 

clinical metadata were incomplete in the current manuscript, and residual 245 

confounding cannot be excluded. Third, cell-level differential tests can underestimate 246 

variance when donor structure is ignored; donor-level pseudobulk or mixed-effects 247 

validation is needed. Fourth, trajectory and communication results are computational 248 

inferences. Finally, the animal cohort was small and lacked targeted perturbation. The 249 

study should therefore be viewed as a focused discovery dataset that generates a 250 

testable immune-regulatory model rather than definitive evidence of mechanism or a 251 

therapeutic target. 252 

 253 

Conclusion 254 

Single-cell regulatory analysis of human cirrhotic liver identified coordinated 255 

remodeling of myeloid and T-cell states. YY1/ETV6-associated myeloid programs, 256 

reduced EOMES in cytotoxic T cells, increased EP300/SP3 in regulatory T cells, 257 

altered trajectory-state occupancy, and fibrosis-associated inferred communication 258 

formed a coherent disease-linked pattern. Concordant YY1 and EOMES expression 259 

changes in two mouse models prioritize this axis for donor-aware replication and 260 

functional perturbation. 261 



Materials and Methods 262 

1. 1. Human Liver Tissue Collection 263 

Liver tissue was obtained from three patients with cirrhosis of mixed etiology 264 

(post-hepatitic or alcohol-associated) during transjugular intrahepatic portosystemic 265 

shunt procedures. Comparator tissue (n = 3) was sampled from histologically 266 

non-cirrhotic peri-tumoral liver of patients undergoing resection for benign liver 267 

tumors or metastatic cancer. These samples are therefore referred to as histologically 268 

non-cirrhotic controls rather than healthy controls. Normal histology was confirmed 269 

locally. None of the participants had received immunosuppressive therapy before 270 

tissue collection. The Ethics Committee of the First Affiliated Hospital of Kunming 271 

Medical University approved the study (2023-Lunshen-L-211), and all participants 272 

provided written informed consent. Procedures conformed to the Declaration of 273 

Helsinki. 274 

2. Single-Cell Suspension Preparation and Sequencing 275 

Fresh tissues were minced and digested in Gey's Balanced Salt Solution containing 276 

Liberase TM (Roche) and DNase I (Sigma-Aldrich) at 37 °C for 45 min with gentle 277 

agitation. Suspensions were passed through 70-μm and 40-μm strainers, erythrocytes 278 

were lysed, and nonviable cells were depleted with the Dead Cell Removal Kit 279 

(Miltenyi Biotec). Suspensions with viability >85% were processed with the 280 

Chromium Next GEM Single Cell 3′ Kit v3.1 (10x Genomics). Libraries were 281 

sequenced on an Illumina NovaSeq 6000 platform. The observed mean sequencing 282 

depth ranged from 32,745 to 51,738 reads per called cell across the six libraries. All 283 

processed single-cell gene expression matrices generated in this study were deposited 284 

in the NCBI Gene Expression Omnibus (GEO) repository under accession number 285 

GSE348509. 286 

3. scRNA-seq Data Processing and Quality Control 287 

The six libraries were processed independently with Cell Ranger v7.0.0 using the 288 

Single Cell 3′ v3 chemistry and a human reference built from GENCODE v45. 289 

Intronic reads were included during counting. Cell Ranger identified 55,797 290 

cell-containing barcodes before downstream quality control. Across libraries, valid 291 



barcodes ranged from 96.5% to 98.3%, sequencing saturation from 57.1% to 85.2%, 292 

confidently transcriptome-mapped reads from 59.8% to 79.3%, and reads assigned to 293 

cells from 71.2% to 93.1%. Downstream analysis was performed in R v4.1.0 using 294 

Seurat v4.1.1. Cells with <200 or >6,000 detected genes or >15% mitochondrial reads 295 

were removed, leaving 43,745 cells. Counts were normalized with LogNormalize; 296 

2,000 highly variable genes were selected with the vst method. Principal-component 297 

analysis, graph-based clustering, and UMAP visualization were performed. Cell 298 

identities were assigned using SingleR v1.8.1 with BlueprintEncodeData and were 299 

reviewed against canonical markers. 300 

4. Dimensionality Reduction, Clustering, and Cell Annotation 301 

Counts were normalized using LogNormalize, and 2,000 highly variable genes were 302 

selected with the vst method. Principal-component analysis, graph-based clustering, 303 

and UMAP visualization were performed. Cell identities were assigned using SingleR 304 

v1.8.1 with BlueprintEncodeData and reviewed against canonical marker genes. 305 

5. Differential Expression and Functional Enrichment 306 

Cell-level exploratory differential-expression analyses between cirrhosis and control 307 

groups used Seurat FindMarkers with MAST (|log2 fold change| >0.25 and 308 

Benjamini–Hochberg-adjusted P <0.05). Gene Ontology enrichment was performed 309 

with clusterProfiler v4.0.5. Because cells from the same donor are not independent 310 

biological replicates, cell-level P values were used to prioritize patterns and not to 311 

estimate population-level effects. The donor was treated as the biological replicate 312 

when interpreting group-level findings. 313 

6. Transcription Factor Regulon Analysis 314 

SCENIC v1.2.4 was used to infer transcription-factor regulons. Co-expression 315 

networks were generated with GRNBoost2, candidate targets were filtered by hg38 316 

motif enrichment, and regulon activity was quantified by AUCell. Differential activity 317 

was explored with Wilcoxon rank-sum tests. These analyses identify candidate 318 

regulatory associations and do not demonstrate direct transcriptional control. 319 

7. Pseudotime Trajectory Analysis 320 

Monocle2 v2.22.0 with DDRTree was used to order cells along transcriptional 321 



trajectories, and BEAM identified branch-associated genes. Pseudotime was 322 

interpreted as computational ordering rather than direct lineage tracing. 323 

8. Cell–Cell Communication Analysis 324 

CellChat v1.1.3 was used to infer ligand–receptor communication probabilities and 325 

compare signaling patterns between groups. Inferred interactions were not interpreted 326 

as direct biochemical measurements. 327 

9. Animal Models of Liver Injury and Fibrosis 328 

Male C57BL/6 mice (6–8 weeks, 20–22 g) were purchased from SpePharm 329 

(Beijing) Biotechnology Co., Ltd. (License No. SCXK (Jing) 2024-0001) and 330 

maintained in an SPF facility. Mice were allocated to control, carbon 331 

tetrachloride (CCl₄; 0.5 μL/g i.p., twice weekly for 8 weeks), or 332 

3,5-diethoxycarbonyl-1,4-dihydrocollidine (DDC; 0.1% diet for 4 weeks) groups 333 

(n = 4/group). At endpoints, mice were deeply anaesthetised with isoflurane (3%–334 

5% in oxygen). Following the loss of the pedal withdrawal reflex, animals were 335 

promptly euthanized via cervical dislocation to achieve instantaneous, painless 336 

death. Death was confirmed by permanent cessation of respiration and heartbeat, 337 

pupillary dilation, and absent reflexes prior to blood and liver tissue harvesting. 338 

Carcasses were disposed of as biohazardous waste by the animal center. All 339 

procedures complied with GB/T 35892-2018 and ARRIVE guidelines, and were 340 

approved by the Institutional Animal Care and Use Committee (IACUC) of the 341 

First Affiliated Hospital of Kunming Medical University (Protocol No. 342 

2025DF013). 343 

10. Western Blotting 344 

For immunoblotting, 30 μg liver protein was separated by SDS–PAGE, 345 

transferred to PVDF membrane, and probed with antibodies against α-SMA and 346 

β-actin (Cell Signaling Technology). Cell Signaling Technology secondary 347 

antibodies were used. Signals were detected by enhanced chemiluminescence and 348 

quantified in ImageJ; α-SMA was normalized to β-actin and expressed relative to 349 

control. 350 

11. Immunofluorescence Staining 351 



Paraffin sections (4 μm) underwent antigen retrieval and were incubated 352 

overnight at 4 °C with antibodies against F4/80 (Thermo Fisher Scientific, 353 

14-4801-82; 1:200), YY1 (Proteintech, 22156-1-AP; 1:200), CD8α (Thermo Fisher 354 

Scientific, 14-0081-82; 1:200), or EOMES (Abcam, ab319166; 1:100), followed by 355 

fluorophore-conjugated secondary antibodies (Cell Signaling Technology). Nuclei 356 

were counterstained with DAPI. Images were acquired by confocal microscopy, 357 

and five randomly selected fields per section were quantified. Fields were 358 

averaged within each animal; the animal, not the microscopic field, was the 359 

experimental unit. 360 

12. Statistical Analysis 361 

Analyses were conducted in R v4.1.0 and GraphPad Prism v9.0. Animal-level data are 362 

shown as individual points with mean ± SD. Three-group comparisons used one-way 363 

ANOVA followed by Tukey adjustment when assumptions were met. Exact two-sided 364 

P values should accompany significance symbols in the source data. For the human 365 

single-cell dataset, the donor was the biological replicate; analyses performed at cell 366 

level are explicitly described as exploratory. No prospective sample-size calculation 367 

was reported. 368 

 369 
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 667 

Figure Legends 668 

Figure 1. Single-cell landscape of cirrhotic and histologically non-cirrhotic liver. (A) 669 

Study workflow. (B–D) UMAP plots by group, cluster, and annotated cell class. (E) 670 

Cell-class proportions. (F) Log-ratio of proportions. (G) Gene Ontology enrichment of 671 

marker genes. (H) Enrichment of exploratory cell-type-specific differentially 672 

expressed genes. 673 



(A) Schematic of scRNA-seq workflow. (B-D) UMAP plots colored by group (B), 674 

cluster (C), and cell type (D). (E) Cell-type proportions in LC and NC. (F) Log-ratio 675 

of cell-type proportions. (G) GO enrichment heatmap of top 50 marker genes per cell 676 

type. (H) GO enrichment of upregulated DEGs per cell type (LC vs. NC). 677 

 678 

Figure 2: Monocyte/macrophage subclustering and transcription factor analysis 679 

(A-C) UMAP plots of monocytes/macrophages colored by group (A), cluster (B), and 680 

cell type (C). (D) Box plot of cell-type proportions. (E) GO enrichment of top 50 681 

markers per cell type. (F) Dot plot of TF regulon activity per cell type. (G) Volcano 682 

plot of differentially expressed TFs in Mono1. (H) Network of top differentially 683 

expressed TFs and their target DEGs in Mono1. (I) GO enrichment of TF target DEGs 684 

in inflammatory macrophages. 685 

 686 

Figure 3: T cell subclustering and transcription factor analysis 687 

(A-C) UMAP plots of T cells colored by group (A), cluster (B), and cell type (C). (D) 688 

Box plot of cell-type proportions. (E) GO enrichment of top 50 markers per cell type. 689 

(F) Dot plot of TF regulon activity per cell type. (G) Volcano plot of differentially 690 

expressed TFs in cytotoxic T cells. (H) Expression and activity of key TFs across 691 

T-cell subsets. (I) GO enrichment of TF target DEGs in cytotoxic T cells. 692 

 693 

Figure 4: Pseudotime trajectory analysis of monocyte/macrophage differentiation 694 

(A) Pseudotime trajectories colored by state, cell type, and pseudotime value. (B) Dot 695 

plot of top 5 markers per state. (C) UMAP colored by cell state. (D) State proportions 696 

in LC versus NC. (E) GO enrichment of top 50 markers per state. (F) BEAM heatmap 697 

of differentially expressed genes along pseudotime. (G) Expression dynamics of 698 

representative genes along pseudotime. 699 

 700 

Figure 5: Cell-cell communication analysis in cirrhotic and normal liver tissues 701 

(A) Numbers and strengths of cell-cell interactions in LC and NC. (B) Heatmap of 702 

differential interactions. (C) Chord diagram of differentially regulated signaling 703 



pathways sourced from monocytes/macrophages. (D) Chord diagram of differentially 704 

regulated pathways targeting monocytes/macrophages. 705 

 706 

Figure 6. YY1 and EOMES expression in two mouse liver-injury models. (A) 707 

Hematoxylin and eosin staining; arrows indicate inflammatory infiltrates. Scale bar, 708 

100 μm. (B, C) α-SMA immunoblot and quantification. (D, E) F4/80 (green), YY1 709 

(red), and DAPI (blue), with animal-level quantification of YY1-positive 710 

F4/80-positive cells. Scale bar, 20 μm. (F, G) CD8α (green), EOMES (red), and DAPI 711 

(blue), with animal-level quantification of EOMES-positive CD8α-positive cells. 712 

Scale bar, 20 μm. n = 4 animals per group; mean ± SD; one-way ANOVA with Tukey 713 

adjustment. *P <0.05, **P <0.01, ***P <0.001. 714 

(A) H&E staining of liver sections from NC, CCl₄, and DDC groups. Arrows indicate 715 

inflammatory infiltration. Scale bar, 100 μm. (B) Western blot of α-SMA and β-actin. 716 

(C) Quantification of relative α-SMA expression (n = 4). (D) Immunofluorescence of 717 

F4/80 (green), YY1 (red), and DAPI (blue). Insets: zoomed merge. Arrows: 718 

F4/80⁺YY1⁺ cells. Scale bar, 20 μm. (E) Percentage of YY1⁺F4/80⁺ macrophages (n = 719 

4). (F) Immunofluorescence of CD8 (green), EOMES (red), and DAPI (blue). Insets: 720 

zoomed merge. Arrows: CD8⁺EOMES⁺ cells. Scale bar, 20 μm. (G) Percentage of 721 

EOMES⁺CD8⁺ T cells (n = 4). Data are mean ± SD. One-way ANOVA with Tukey's 722 

test. *P < 0.05, **P < 0.01, ***P < 0.001. 723 

 724 

Figure S1 725 

(A) Bar plot presents the number of differentailly regulated genes (DEGs) with LC vs 726 

NC. (B) Heat map showing the up regulated DEGs in each cell type enrichment result 727 

of GO BP. (C) Heat map showing the down regulated DEGs in each cell type 728 

enrichment result of GO BP. 729 

 730 

Figure S2 731 

(A) Box plot presents the cell ratio in both group. (B) Dot plot of the top 3 marker 732 

genes in each cell cluster. (C) Volcano plot showing the differentially expressed 733 



transcription factors (DETFs) in infla_Macro cell. (D) Network plot presents the 734 

interaction of top5 up DETFs and targeted DEGs in infla_Macro cell. (E) Heat map 735 

showing the targeted DEGs in (D) enrichment result of GO BP. (F) Violin plot 736 

presents the expression level and AUC cell activity of TFs. 737 

 738 

Figure S3 739 

(A) Box plot presents the cell ratio in both group. (B) Dot plot of the top 3 marker 740 

genes in each cell cluster. (C) Volcano plot showing the differentially expressed 741 

transcription factors (DETFs) in Treg cell. (D) Network plot presents the interaction 742 

of top5 up DETFs and DEGs in Treg cell. (E) Heat map showing the targeted DEGs 743 

in (D) enrichment result of GO BP. (F) Violin plot presents the expression level and 744 

AUC cell activity of TFs. 745 

 746 

Figure S4 747 

(A) Pseudotime plots of sub annotation in T cell. Color-coded according to cell 748 

state(left), cell type(middle), pseudo-time value(right). (B) Dot plot showing top 5 749 

markers in each cell state. (C) UMAP plot of sub annotation in T cell. Colors indicate 750 

cell state. (D) Bar plot presents the cell ratio in both group. (E) Heat map presents the 751 

top50 marker genes in each cell state enrichment result of GO BP. (F) Beam plot 752 

showing the expression level of differential pseudo-time genes. 753 

(G) Line chart showing the expression level differential pseudo-time genes according 754 

to pseudo-time. 755 

 756 

Figure S5 757 

(A) Chord diagram showing the number and strength of differentially regulated signal 758 

pathway that sourced from T cell. 759 

(B) Chord diagram showing the number and strength of differentially regulated signal 760 

pathway that targeted with T cell.  761 

(C) Violin plot showing the expression level of ligands in signal pathway MHC-II, 762 

COLLAGEN, LAMININ, ICAM, FN1, ANNEXIN, MHC-I. 763 



(D) Violin plot showing the expression level of ligands in signal pathway TGFb, 764 

MHC-I, CLEC. 765 

 766 
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