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Abstract

Fibrosis is a hallmark of the tumor microenvironment in many solid cancers, driving tumor
progression, immune evasion, and treatment resistance; however, the molecular and cellu-
lar mechanisms underlying fibrogenesis—particularly stromal-immune crosstalk across
organs—remain incompletely understood, compounded by organ-specific heterogeneity
and a lack of reliable immune-related biomarkers. To address this, we performed an in-
tegrative single-cell RNA sequencing (scRNA-seq) analysis of fibrotic tissues from four
major organs—Iliver, lung, heart, and kidney—alongside non-fibrotic controls, applying
unsupervised clustering, trajectory inference, cell-cell communication modeling, and gene
set variation analysis (GSVA) to map the fibro-immune landscape. Our analysis revealed
both conserved and organ-specific features: fibroblasts were the dominant extracellular
matrix (ECM)-producing cells in liver and lung, whereas endothelial-derived stromal pop-
ulations prevailed in heart and kidney. Immune profiling uncovered distinct infiltration
patterns—macrophages displayed organ-specific polarization states; T cells were enriched
for tissue-resident subsets in lung and mucosal-associated invariant T (MAIT) cells in liver;
and B cells exhibited marked heterogeneity, including a pathogenic interferon-responsive
subset prominent in pulmonary fibrosis. GSVA further identified divergent signaling pro-
grams across organs and lineages, including TGF-f3 /TNF-« in the heart, NOTCH/mTOR
in the kidney, glycolysis/ROS in the lung, and KRAS/interferon pathways in the liver.
Cell-cell communication analysis highlighted robust crosstalk between macrophages, T/B
cells, and stromal cells mediated by collagen, laminin, and CXCL signaling axes. Together,
this cross-organ atlas delineates a highly heterogeneous fibro-immune ecosystem in hu-
man fibrotic diseases, revealing shared mechanisms alongside organ-specific regulatory
networks, with immediate translational implications for precision anti-fibrotic therapy, im-
munomodulatory drug repurposing, and the development of context-specific biomarkers
for clinical stratification and therapeutic monitoring.
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1. Introduction

Fibrosis is a common pathological endpoint of many chronic diseases, capable of
affecting nearly every major organ, including the liver, lungs, kidneys, and heart. It is
characterized by the excessive deposition of extracellular matrix (ECM) components and
aberrant tissue remodeling that progressively erode organ structure and function [1,2].
Globally, fibrotic diseases account for an estimated 35% of all deaths [3], imposing a
substantial and growing burden on public health worldwide. Despite significant progress
in understanding its molecular mechanisms, effective therapies capable of halting or
reversing disease progression remain elusive [4]. Consequently, fibrosis remains a chronic,
end-stage condition that poses one of the most formidable challenges in modern medicine.
To overcome this challenge, a deeper understanding of its fundamental pathogenesis
is required.

Fundamentally, fibrosis results from a dysregulation of the intricate processes gov-
erning injury, inflammation, and tissue repair [5]. Under physiological conditions, acute
tissue injury triggers a self-limited inflammatory response and regenerative repair, which
collectively restore tissue homeostasis. However, upon repetitive or persistent damage,
inflammatory signals fail to resolve, driving the tissue into a state of chronic stress charac-
terized by continuously activated immune-stromal interactions [6]. This process drives
fibroblasts to acquire a persistently activated phenotype and differentiate into contrac-
tile myofibroblasts, which produce excessive collagen and other ECM components [7].
Simultaneously, impaired matrix degradation coupled with progressive tissue stiffening
creates a self-reinforcing feedback loop that sustains fibrogenesis [8]. Central signaling
networks—including transforming growth factor-3 (TGF-f3) [9], WNT, Notch, and Hedge-
hog pathways [10]—coordinate inflammatory, metabolic, and mechanical cues to regulate
fibroblast activation and ECM turnover. Collectively, fibrosis can be viewed as a process
driven by inflammation, executed by stromal activation, and orchestrated through immune
regulation. Notably, fibrotic remodeling shares mechanistic parallels with tumor stroma,
including aberrant fibroblast activation, excessive extracellular matrix deposition, and
immunosuppressive microenvironment formation. These overlapping features underscore
a bidirectional crosstalk in which fibrosis can foster tumorigenesis and tumors often co-
opt fibrotic pathways to support growth and immune evasion. Understanding fibrosis
thus holds dual significance for chronic disease and cancer biology, offering synergistic
opportunities for therapeutic intervention across both contexts.

Despite this intricate understanding of fibrotic pathogenesis, pharmacological strate-
gies against fibrosis have thus far achieved limited clinical success. The antifibrotic agents
pirfenidone and nintedanib, which primarily suppress fibroblast activation and ECM syn-
thesis, are approved for idiopathic pulmonary fibrosis [11] and show modest benefits in
other disorders. Critically, however, these treatments fail to reverse established fibrotic
lesions [12], underscoring that the condition is not merely a consequence of aberrant stro-
mal repair but a multicellular, dynamic process shaped by complex interactions within
the fibrotic niche. Recent advances in single-cell technologies have highlighted the pivotal
role of the immune microenvironment in regulating both fibrotic progression and potential
regression [6]. Monocyte-derived macrophages, T-cell subsets, and their cytokine networks
modulate fibroblast activation, ECM metabolism, and tissue homeostasis, collectively deter-
mining whether a damaged organ heals or scars. Nevertheless, it remains unclear whether
immune-stromal interactions operate through conserved regulatory frameworks across
organs or follow organ-specific molecular logic—an unresolved question that hinders an
integrated understanding of fibrogenesis.
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The limited efficacy of current therapies underscores several fundamental knowledge
gaps that persist in the field. While fibrosis presents conserved histopathological hall-
marks across organs, it arises from distinct cellular lineages, transcriptional programs, and
microenvironmental contexts. Conventional single-organ studies, while invaluable, are
inherently limited in their ability to capture the full spectrum of cross-organ mechanistic
diversity. Moreover, animal models differ markedly from human disease in immune
composition, metabolism, and remodeling dynamics, which limits translational applicabil-
ity [6]. Compounding these challenges, reliable biomarkers for detecting early immune
imbalance or microenvironmental disturbance are still lacking, hindering early diagnosis
and timely intervention. Therefore, addressing these gaps necessitates a cross-organ,
high-resolution framework to systematically uncover the shared and divergent regulatory
mechanisms that drive fibrotic evolution.

The rapid development of single-cell transcriptomic technologies has opened new
avenues to decode the cellular ecosystems of fibrotic diseases. By resolving cellular
heterogeneity, lineage trajectories, and intercellular communication at unprecedented
resolution [13], these approaches provide profound insights into the spatial and functional
complexity of tissue remodeling. In this study, we established a comprehensive pan-
organ single-cell atlas of fibrosis encompassing the lung, liver, kidney and heart [14-17].
Through integrative cross-organ analyses, we delineate the transcriptional landscapes
and regulatory circuits governing fibroblast evolution and immune microenvironment
remodeling. Our goal is to identify conserved and organ-specific drivers of fibrogenesis,
define immune-related biomarkers and therapeutic targets, and ultimately provide a
conceptual foundation for the development of novel immune modulatory strategies to
improve patient outcomes.

2. Results

2.1. Cross-Organ Integration Reveals Distinct Cellular Compositions and Microenvironmental
Heterogeneity in Fibrosis

To characterize the microenvironmental heterogeneity of fibrosis across different or-
gans, we integrated single-cell RNA-sequencing datasets derived from fibrotic liver, heart,
lung, and kidney tissues, together with corresponding normal controls, totaling 75 sam-
ples. After quality control, 297,337 cells were retained for downstream analysis. Batch
effects originating from different studies were mitigated using the Harmony algorithm
(Figure 1A). Following integration, the cells segregated into seven major clusters, which
were annotated based on established marker genes: epithelial cells (KRT18, KRT8, KRT19),
T cells (CD3D, PTPRC, CD3E), stromal cells (PDGFRA, DCN, LUM, RGS5, PDGFRB,
ACTA2), macrophage (CD38, CD163, LYZ), B cells (CD19, CD79A, MS4A1), mast cells
(KIT, MS4A2), and endothelial cells (PECAM1, VWF) (Figure 1B,C). Functional enrich-
ment analysis revealed that extracellular matrix (ECM) synthesis-related pathways were
predominantly enriched in stromal cells, underscoring their central role in fibrogenesis
(Figure 1D). Notably, the cellular composition varied substantially across organs: stro-
mal cells were markedly increased in fibrotic liver and lung tissues, whereas endothelial
cells and T cells were relatively enriched in the heart and kidney (Figure 1E). Despite
these differences in relative abundance, ECM-producing signatures in stromal cells were
consistently upregulated across all organs, indicating pronounced microenvironmental
heterogeneity in organ-specific fibrosis (Figure 1F-I).
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Figure 1. Integrating single-cell data from fibrotic diseases across different organs. (A) The single-cell
sequencing sources from four organs are subjected to quality control and filtering using Harmony Al-
gorithms. (B) After harmony integration, these cells were clustered into seven cell types. (C) Markers
of different cell types. (D) Perform ECM enrichment scoring on cell types using the AddModule-
Score algorithm. (E) Cell type proportions across organs and disease states. (F-I) ECM enrichment
scores across fibrotic organs. The red dashed line represents the connection of the quartiles of ECM
enrichment scores in cell subpopulations across different organs.
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2.2. Subclustering Identifies Stromal Cell Diversity and Organ-Specific Fibrogenic Responses

Given that stromal cells represented the principal drivers of fibrosis, we performed
subclustering to delineate their heterogeneity (Figure 2A). Based on lineage-specific marker
gene expression, stromal cells were classified into five major populations (Figure 2B,C).
Mesothelial cells were excluded from subsequent analyses due to their low abundance
and limited statistical robustness. ECM-related genes were predominantly expressed in
fibroblasts and were further upregulated during fibrosis, whereas myofibroblasts exhibited
relatively lower expression of these ECM synthetic programs. These findings suggest that fi-
broblasts serve as the primary ECM-producing population, while myofibroblasts contribute
mainly to ECM remodeling and contractile functions (Figure 2D). Pseudotime trajectory
analysis further indicated that myofibroblasts largely arose from fibroblasts and endothe-
lial cells through transdifferentiation during fibrogenesis (Figure 2E). We also observed
marked organ-specific differences in stromal cell composition (Figure 2F). Fibroblasts were
significantly enriched in fibrotic liver and lung tissues, whereas endothelial-derived stro-
mal populations were more prominent in the heart and kidney. These results together
suggest that fibroblasts constitute the predominant effector cells in hepatic and pulmonary
fibrosis, whereas endothelial-derived stromal cells may play a major role in cardiac and
renal fibrogenic responses.

2.3. Cell-Cell Communication Analysis Links Three Major Immune Cell Types to Stromal-
Driven Fibrosis

To delineate stromal cell interactions in fibrosis, we performed cell-cell communication
analysis. The quantity and strength of interactions among the seven major cell types are
summarized in Figure 3A,B. Integration with the signaling heatmap (Figure 3C) revealed
that macrophages, T cells, and B cells were most strongly associated with stromal cells,
prompting our focused analysis on these populations. Comparison of activated pathways
between fibrotic and healthy samples revealed significant dysregulation of ECM-related
(e.g., COLLAGEN, LAMININ) and inflammation-related (e.g., CXCL) pathways across
multiple immune cells (Figure 3D). Having established these key pathways, we constructed
detailed signaling networks (Figure 3E-G) to visualize the intensity and weight of cel-
lular crosstalk, which underscored the central role of these three immune cell types in
fibrogenic signaling. To further delineate the distinct functions of these cells, we analyzed
receptor-ligand pairs for the aforementioned pathways (Figure 3H-J). This analysis identi-
fied macrophages as the primary effector cells in ECM-related signaling, while T cells and
B cells predominantly mediated inflammatory pathways.

2.4. Cross-Organ Macrophage Differentiation Trajectories During Fibrosis

Macrophages are pivotal drivers of fibrotic diseases. To delineate their hetero-
geneity and differentiation paths across organs, we performed secondary clustering on
macrophage subpopulations, identifying 12 distinct clusters (Figure 4A). We observed
striking heterogeneity in macrophage origins across organs and disease states (Figure 4B,C).
Based on lineage-specific markers, we annotated these clusters as M1 (CD80, CD86), M2
(CD163, MRC1, MSR1, TGFBI, IL10), lipid-associated (TREM2, APOE, LPL, GPNMB, CD?9,
AXL, SPP1), resident (MARCO, SIGLEC1, PPARG, CLEC4F, ID3, VSIG4, F13A1, LYVE1),
monocyte-derived (S100A8, S100A9, FCN1, VCAN, CD14), and interferon-responsive
(IFITM1, IFITM3, MX1, STAT1) macrophages (Figure 4D,E). Beyond common monocyte-
derived and resident macrophages, fibrotic samples were notably enriched (47.95%) in
lipid-associated macrophages (LAMs) (Figure 4F). Infiltrating macrophage composition var-
ied considerably by organ: monocyte-derived M1 macrophages predominated in the liver,
resident and LAMs were prominent in the lungs, M2 macrophages were notably abundant
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in the kidneys, and the heart was enriched for resident macrophages (Figure 4G). GSVA
revealed that these distinct infiltration backgrounds were associated with organ-specific
pathway activation: interferon response in the liver; reactive oxygen species and glycolysis
in the lungs; TGF-f and TNF-« pathways in the heart; and NOTCH and mTOR signaling
in the kidneys (Figure 4H). Finally, pseudotime trajectory analysis revealed two principal
differentiation paths in fibrosis: one primarily derived from monocytes, and another origi-
nating from resident macrophages and LAMs, both undergoing M1/M2 polarization as the
disease progressed, thereby contributing to fibrosis (Figure 4I-K).
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Figure 2. Characterization of Stromal Cell Subsets. (A) Subsetting of stromal cells for re-clustering and
annotation. (B,C) Canonical markers for stromal cell annotation. (D) Differential expression of collagen
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genes in stromal cell subsets across fibrotic and healthy tissues. (E) Pseudotime analysis of stromal
cells. The arrows represent the differentiation trend from fibroblasts or endothelial cells to myofibrob-
lasts, as calculated by the pseudo-time algorithm. (F) Proportions of stromal cells across different or-
gans in fibrotic disease models. Statistical significance levels were assigned as *** p < 0.001; ** p < 0.01;
*p <0.05 ns, p >0.05.
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Figure 3. Stromal-immune cell interaction networks in fibrotic diseases. (A,B) Number and weight
of CellChat interactions among seven cell types. (C) Heatmap of the number and weight of sig-
naling outputs among seven cell types. (D) Activated signaling pathways in three major immune
cell types between healthy and disease conditions. (E) COLLAGEN signaling pathway network.
(F) LAMININ signaling pathway network. (G) CXCL signaling pathway network. (H-J) Violin plots
of the expression of corresponding signaling pathway ligand-receptor pairs. Statistical significance
levels were assigned as *** p < 0.001; ** p < 0.01; * p < 0.05; ns, p > 0.05.

https://doi.org/10.3390/ijms27042017


https://doi.org/10.3390/ijms27042017

Int. J. Mol. Sci. 2026, 27,2017

8 of 23

10 10 10
® .
s l s s
o~ 3 o~ ~N
ﬂ.l : g n_l ﬂ.l » Control
<0 ’.ﬂ' :; < o f"' < © ’~" o Fibrosis
= g 5 =2 =
=) ° 10 o =)
= o 11 - -
10 -10 10
T o 5 o Er ) o ) 3
UMAP_1
10 IFN_response_Macrophages {- < eeco c0ce0 -0 .20 000c @0+
Monocyte_derived_Macrophages {- - - o0 .. . ®@®e o - ® - Average Expression
5 2
. : 1
NI Resident_like_Macrophages {- - @@e: - c@c0@: - @-0¢ c@--00:-c0-0- 0
o P -1
g Nl - Lipid_Associated_Macrophages {- ee@e -00c00-00:c-c0:. 0000 0.+ PercentExpressed
.25
-} i ® 50
M2_like_Macrophages {- e« coe« - e« c oot oan e00co-0.- O75
-5
IFN_response "M@
M1_like__Macrophages {- eeces - -0 . . 0c.0-0:0
-10
SEOE A RN
5 0 5 1] 3 0 d@? Q%"‘%qég\'@%qé\q& 492%\%%°E%\§2§%’\?
UMAP_1
Lipid_Associated_Macrophages M1_like_Macrophages IARK_GLYCOLYSIS
RK_REACTIVE_OXYGEN_SPECIES_PATHWAY
Resident_like_} M2_like_! CAP
Cell Proption Monocyte_derived_Macrophages [ i3] IFN_response_Macrophages s AT WAY l\
K_ADIPOGENESIS
(CCHOLESTEROL_HOMEOSTASIS ud

Resident_like_Macrophages (12.3%)

Monocyte_derived_Macrophages (10.85%) M1-like (12.38%)

Lipid_Associated_Macrophages (47.95%)

K"ANDROGEN_RESPONSE o
Clle JAK STATS SIGNALING
CBILE_ACID_METABOLIS] -0s
K3 STATS SIGUALNG N
(CCOMPLEMENT '
CFATTY_ACID_METABOLISM

\GULATION
(CANGIOGENESIS
EPITHELIAL MESENCHYMAL TRANSITION

Liver

22

/ IFN_response_Macrophages (2.85%)

TITIIIIITIIIIIIL

PP PEP PR P PSPPI E S PP PR BB S S B

Lung

N
CCTNFA S| GNALING VA NFKe
INFLAMMATORY RESPONSE
K LS TROGEN. RES’PODN £_LATE
ESTROGEN RESPONSE_EARLY
KRAS;:L SIGNALING_UP

Kidney

M2_like (4.67%)

AL
Heart <_NOTCH_SIGNALING
(CDNA_REPAIR
PI3K_AKT_MTOR_SIGNALING
K_INTERFERON_ALPHA_RESPONSE
(COXIDATIVE_PAOSPHORYLATION

3333333535 35535 S IS5 5555
g
I}
o
@
2z0
3
3

< Y % %
A
)
s T % 3
. z . « Lipid_Associated_Macrophages ~ « M1_like_Macrophages
Pseudotime mmm group - Liver . Lung . Heart . Kidney celltype - Resdent i Macrophages - M2_lie_Macrophages

Component 2

« Monocyte_derived_Macrophages « IFN_response_Macrophages

o0 N

Component 2
Component 2

Component 1 "~ Component 1 ' ~ Component 1

Figure 4. Heterogeneity of Macrophages in Fibrosis Models. (A-C) Subsetting of Macrophages for
Re-clustering. (D) Macrophages were annotated into six distinct subtypes. (E) Classical macrophage
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2.5. Dynamic T Cell Subsets in Fibrosis

T cells are also pivotal drivers of fibrotic pathogenesis. To systematically characterize
their heterogeneity, we performed secondary clustering on T cell subpopulations, identi-
fying 10 distinct clusters (Figure 5A) that exhibited substantial variation in tissue origin
and disease state (Figure 5B,C). Using canonical markers, we annotated six major subsets:
Helper T cells (TBX21, IFNG, CXCR3, STAT1, STAT4), Regulatory T cells (GATA3, CTLA4,
TIGIT, IKZF2), Memory T cells (CCR7, SELL, LEF1, GZMB, PRF1, IFNG), Tissue-resident
memory T cells (CD69, CXCR6, HAVCR2), NKT cells (TRDC, TRGC1, TRGC2, GNLY,
NKG?7), and MAIT cells (KLRB1, TRAV1, IL18R1, CXCR6) (Figure 5D,E). Among these,
helper T cells, MAIT cells, and tissue-resident T cells constituted the predominant pop-
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ulations in fibrotic samples (Figure 5F). We observed striking organ-specific infiltration
patterns: MAIT and NKT cells were enriched in the liver; tissue-resident T cells dominated
in the lung; helper T cells were most abundant in the heart; and regulatory T cells were
notably present in the kidney (Figure 5G). We next identified differentially expressed genes
in T cells across organs (Figure 5H) and performed GSEA. This revealed T cell-activated
signaling pathways distinct from those in macrophages. KRAS signaling was upregulated
in liver T cells; oxidative phosphorylation was enriched in lung T cells; autophagy-related
pathways were prominent in heart T cells; and TNF-« signaling via NF-«B was dominant
in kidney T cells. These findings underscore that distinct immune cell types engage in
non-overlapping, organ-specific signaling programs during fibrosis.
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Figure 5. Dynamic changes in T cell subsets in fibrotic diseases. (A-C) Subsetting of T cells for re-
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2.6. B Cell Immunogenicity in Fibrosis

B cell infiltration was observed across fibrotic diseases, implicating their potential
pro-fibrotic role. To dissect B cell heterogeneity, we performed secondary dimensionality
reduction and clustering, which resolved 15 distinct clusters (Figure 6A) with marked varia-
tion in organ origin and disease status (Figure 6B,C). Using canonical marker genes, we an-
notated six major B cell subsets: naive B cells (IGHD, FCER2, SELL), memory B cells (CD27,
CXCR4, TCL1A, BACH2), plasmablasts (IRF4, XBP1, PRDM1, SDC1, TNFRSF17, 1G]),
plasma cells JCHAIN, MZB1, DERL3, XBP1, PRDM1, SDC1, IGLL5, HSP90B1), activated
B cells (CD69, CD83, HLA-DRA), and pathogenic B cells (LTB, TNFSF13B, CCL3, CCL4,
IFITM1, IFI44L) (Figure 6D,E). Figure 6F illustrates the distribution of highly variable genes
across these subsets. Quantification of subset infiltration revealed distinct organ-specific
patterns: plasma cells dominated the activated B cell pool in the liver; interferon-responsive
pathogenic B cells were most prevalent in the lung; the kidney was enriched for naive
B cells; and the heart exhibited a profile similar to the liver, with prominent plasma cell
and memory B cell infiltration (Figure 6G). Differential gene expression analysis further
highlighted organ-specific fibrogenic mechanisms. A heatmap of B cell transcriptomes
showed not only enrichment of immunoglobulin-related genes, but also organ-wise activa-
tion of transcription factors and pro-apoptotic genes—most notably in kidney and heart
samples, suggesting distinct pathogenic processes relative to the liver and lung (Figure 6H).
GSVA further demonstrated that B cells engaged in organ-specific signaling programs: in
the liver, interferon-alpha and KRAS signaling were predominant, aligning with patterns
observed in macrophages and T cells; lung B cells were enriched for inflammatory and
apoptotic pathways; whereas B cells in the heart and kidney exhibited broad pathway acti-
vation, indicative of heightened immunogenicity in these organs (Figure 6I). Collectively,
these findings reveal the complex and organ-specific regulatory landscape of B cells in
fibrotic pathogenesis.

2.7. Validated by Immunohistochemistry and gPCR

To further validate the aforementioned findings obtained through single-cell sequenc-
ing, we utilized previously established animal models of fibrosis from our research center
to acquire tissue samples from mouse models of liver fibrosis, pulmonary fibrosis, and
renal fibrosis. We then employed antibodies against Collal, Cxcll, and Cd31 to assess
their expression patterns across these organ-specific fibrosis models. The results showed
that Collal was expressed to varying degrees in all three fibrosis models—liver, lung, and
kidney—consistent with our earlier observation that stromal cells across different fibrotic
organs commonly exhibit upregulated ECM production. Cxcll, a classic inflammatory
marker, also demonstrated increased expression in fibrotic lesions compared to healthy
controls, suggesting that inflammatory responses represent a core pathway in fibrogenesis.
Additionally, Cd31 staining for endothelial cells revealed that endothelial activation was
particularly prominent in the renal fibrosis model (Figure 7A).

For elucidating differences in activated signaling pathways among fibrotic processes
in distinct organs, we performed qPCR to examine the activity of the KRAS pathway, ox-
idative phosphorylation-related pathways, and the Notch pathway across multiple organs.
The qPCR results aligned well with our prior single-cell sequencing analyses: the KRAS
pathway was significantly upregulated in liver fibrosis (Figure 7B), pulmonary fibrosis
predominantly involved oxidative phosphorylation-related pathways (Figure 7C), and
renal fibrosis was primarily characterized by Notch pathway activation—highlighting the
critical role of immune regulation in the pathogenesis of organ-specific fibrosis (Figure 7D).
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Figure 7. Validated by immunohistochemistry (IHC) and quantitative PCR (qPCR). (A) Tissues from
mouse models of liver fibrosis, pulmonary fibrosis, and renal fibrosis were subjected to immunohis-
tochemistry. (B-D) qPCR was used to evaluate pathways potentially activated in fibrotic diseases
across different organs. Statistical significance levels were assigned as *** p < 0.001.

3. Discussion

In this study, we integrated single-cell transcriptomic datasets from fibrotic tissues of
the liver, lung, kidney, and heart to generate a cross-organ immune-stromal atlas of human
fibrosis. This analysis allowed us to dissect both the conserved and organ-specific components
of immune remodeling during fibrotic disease. Across all four organs, stromal cells showed
consistently elevated ECM-related programs and a shared trajectory toward myofibroblast
activation (Figures 1F-I and 2E,F), supporting the central role of fibroblasts described in
previous studies [18]. A set of immune-stromal communication pathways, dominated by
COLLAGEN, LAMININ, and CXCL signaling, was also observed across organs (Figure 3E-G),
aligning with recent models that highlight immune-driven stromal activation as a fundamental
process in fibrosis [6,19]. Despite these shared features, organ-specific immune responses
were evident, particularly in the liver, which displayed pronounced innate-like immune
activation characterized by expansion of M1-like and monocyte-derived macrophages and
enrichment of MAIT and NKT cells (Figures 4G and 5G). This profile differs from the metabolic
stress-associated immune activation observed in the lung, the Th-dominant inflammatory
pattern in the kidney, and the resident immune-associated stress signatures in the heart.
These findings indicate that fibrosis reflects a combination of conserved stromal activation
and organ-dependent immune remodeling, rather than being driven by a uniform immune
mechanism across tissues.
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Comparison across organs further revealed common immune alterations as well as
distinct organ-specific signatures. All four tissues demonstrated enhanced stromal ac-
tivation and ECM upregulation (Figures 2D-F and 7A), accompanied by a consistent
shift in macrophages toward an M1-like phenotype and recruitment of monocyte-derived
macrophages (Figure 41-K). Regulatory T-cell reduction or impaired functional signa-
tures (Figure 5E-G) also appeared broadly across organs and are consistent with the
reported link between Treg imbalance and chronic tissue injury [20]. In addition to these
shared processes, each organ displayed distinct immune characteristics shaped by its
local microenvironment. In hepatic fibrosis, in addition to the commonly observed ex-
pansion of M1-like macrophages and monocyte-derived macrophages (Figure 4G), lipid-
associated-macrophages (LAMs) also participate to a certain extent in the regulation of
the inflammation-repair balance, suggesting that the endogenous lipid microenviron-
ment of the liver may shape additional immune regulatory nodes. The enrichment of
MAIT and NKT cells further highlights the liver’s unique innate-like immune landscape.
In contrast, lung fibrosis was marked by increased oxidative phosphorylation and gly-
colysis pathways (Figures 51 and 6l), consistent with the lung’s dependence on oxygen
metabolism [21,22]. Kidney fibrosis exhibited increased plasma-cell infiltration and activa-
tion of immunoglobulin-associated and TNF-«—NF-«B pathways (Figures 5 and 7B-D),
suggesting roles for chronic inflammation and potential autoantibody involvement, similar
to immune complex-mediated injury [23]. Cardiac fibrosis was characterized by activation
of apoptosis-related programs in tissue-resident T cells (Figure 5I), indicating local immune
dysregulation and cell stress responses [24]. These observations illustrate that, although
fibrosis shares a common immune-stromal axis, its progression is shaped by organ-specific
immune ecosystems, with the liver displaying the most extensive immune remodeling. The
conserved immune-stromal network we identified mirrors the immunosuppressive mi-
croenvironment in advanced tumors, underscoring fibrosis not only as a feature of chronic
organ damage but also as a critical contributor to cancer-associated stromal dysfunction.

Among the original studies we previously included, GSE135893, GSE168933, and
GSE198204 primarily focused on the roles of stromal cells—including mesenchymal cells,
endothelial cells, and fibroblasts—in individual organs during sclerotic diseases, largely
overlooking the critical contribution of the immune microenvironment to fibrotic disease
progression. In contrast, GSE211785 characterized the fibrotic microenvironment (FME) in
the kidney but lacked high-resolution, cross-organ human data capable of capturing the
heterogeneity of immune responses across tissues. These limitations have long kept fibrosis
research staying at the level of common mechanisms, and the understanding of organ-
specific immune-driven mechanisms remains insufficient. Based on the above foundation,
our study, for the first time, constructed a human multi-organ fibrosis immune atlas at the
single-cell level across the liver, lung, kidney, and heart, revealing shared and divergent
immune trajectories during the fibrotic process. Particularly in the liver, we observed a
unique immune composition and a more complex inflammatory amplification pattern,
including prominent expansion of M1-like and monocyte-derived macrophages, as well as
enrichment of MAIT/NKT cells, indicating that the liver exhibits the strongest innate-like
immune remodeling characteristics among the multi-organ comparison. In addition, we
identified a previously overlooked immune subset known as LAMs. Their presence in
fibrotic liver tissue suggests that the lipid environment may shape unique nodes of immune
activation, expanding the new dimensions of fibrosis immune regulation. More importantly,
by systematically integrating the cross-organ remodeling characteristics of macrophage, T
cell, and B cell subsets, we revealed a highly conserved and structurally stable immune-
stromal cell interaction network within the fibrotic microenvironment, forming a network
communication loop across multiple immune and stromal cell types. This multi-level
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interaction not only persists in all organs but also progressively strengthens with the
progression of fibrosis, indicating that it is not a downstream accompanying phenomenon
of fibrosis but rather the core driving engine for ECM accumulation and tissue remodeling,
which is highly consistent with the immune-driven fibrosis model proposed in recent
years [6,19].

The cross-organ immune atlas generated in this study not only delineates organ-
specific and shared features of fibrotic immune landscapes but also provides a robust
foundation for clinical translation. Organ-specific differences in immune composition
reveal promising early diagnostic biomarkers: for instance, the emergence of LAMs in liver
fibrosis reflects an early shift in immune-lipid signaling, suggesting that combined metrics
of lipid metabolism and immune activity could serve as sensitive indicators of hepatic fibro-
genesis. Similarly, endothelial activation and angiogenesis signatures in kidney and heart
point to microvascular remodeling as a potential early cue for disease detection. Beyond
diagnostics, the conserved immune-stromal network we identified—strikingly reminiscent
of the immunosuppressive microenvironment in advanced tumors—unlocks new thera-
peutic opportunities. Shared pathways across organs, including persistent IFN signaling,
stress responses, and dysregulated cell death, highlight core mechanisms amenable to
broad-spectrum anti-fibrotic strategies, while recent insights into immunometabolism,
apoptosis regulation, and immune-stromal crosstalk [6,25,26] are strongly supported by
our single-cell data. Critically, organ-specific immune ecosystems enable precision interven-
tion: in liver fibrosis, targeting LAM polarization or lipid-sensing receptors (e.g., PPARYy,
LXR) and harnessing MAIT cell cytotoxicity may restore inflammation-repair balance and
counteract stromal immunosuppression; in renal fibrosis, modulating naive B-cell activity
offers a more targeted alternative to global anti-inflammatory approaches; and in cardiac
fibrosis, mitigating T-cell-associated apoptosis may be more effective than broad immuno-
suppression. Moreover, given the metabolic rewiring observed—particularly enhanced
glycolysis and oxidative phosphorylation in lung fibrosis—combining metabolic modula-
tors (e.g., metformin, dichloroacetate) with immunotherapies warrants investigation. Most
compellingly, the parallels between fibrotic and tumor microenvironments suggest that im-
mune checkpoint inhibitors (e.g., anti-PD-1/PD-L1, anti-CTLA-4), though often ineffective
in fibrosis-rich cancers, could regain potency when paired with anti-fibrotic agents (e.g.,
LOXL2 or FAK inhibitors) or stroma-modulating regimens, thereby dismantling both phys-
ical and immunological barriers to enhance drug delivery and T-cell infiltration. Future
clinical trials must therefore stratify patients by organ-specific fibro-immune signatures to
enable precision targeting and maximize therapeutic efficacy.

Although this study has constructed a systematic immune atlas of cross-organ fibrosis,
there are still several limitations. Firstly, the limitation of sample size inevitably affects
the universality of immune composition inference, particularly in tissues such as the
heart, where the relatively low number of available single cells may result in certain low-
abundance immune subpopulations not being adequately captured. Secondly, the inherent
nature of single-cell transcriptomics primarily reveals associations and state characteristics
rather than causal relationships. While we observed cross-organ common immune-stromal
interaction networks that suggest potential functional connections, these inferences still
require further validation through co-culture, organoid, or animal models to confirm their
true role in the fibrotic process. Furthermore, this study has not incorporated spatial
dimension information. Although a schematic of immune-stromal interactions through co-
receptor analysis has been constructed, the spatial topological structure of these interactions
in real tissues cannot be directly resolved by single-cell data. Future integration of spatial
transcriptomics and spatial proteomics will allow more precise mapping of immune-cell
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localization within specific fibrotic niches in different organs, which will be of great value
for understanding their unique fibrotic trajectories.

4. Materials and Methods
4.1. Data Sources

The single-cell RNA sequencing (scRNA-seq) datasets from human fibrotic tissues
were obtained from the Gene Expression Omnibus (GEO) repository (https://www.ncbi.
nlm.nih.gov/geo/, accessed on 1 November 2025). To investigate transcriptional alter-
ations across multiple organ-specific fibrotic microenvironments, four publicly available
datasets representing pulmonary fibrosis (GSE135893), hepatic fibrosis (GSE168933), cardiac
fibrosis (GSE198204), and renal fibrosis (GSE211785) were included in this study [14-17].
Each dataset contained fibrotic tissues paired with non-fibrotic controls. All samples
were downloaded as raw expression matrices or raw sequencing files, ensuring standard-
ized preprocessing across studies for subsequent analyses. Metadata associated with the
datasets are summarized in Table S1. Only human-derived data were included, and all
datasets originated from previously published studies with ethical approval reported by the
original investigators.

4.2. Human Fibrotic Conditions Included

The datasets analyzed were derived from human subjects diagnosed with organ-
specific fibrotic diseases, including pulmonary fibrosis, hepatic fibrosis, cardiac fibrosis,
and renal fibrosis. These conditions represent major clinical forms of chronic tissue remod-
eling characterized by excessive ECM deposition and progressive loss of organ function.
The included samples encompass tissues obtained from patients with Idiopathic fibrosis
(IPF), cirrhotic liver of various etiologies, atrial fibrillation associated with fibrosis, and
renal fibrosis related to chronic kidney disease. Each dataset also includes corresponding
non-fibrotic or healthy control tissues, enabling comparative analysis of transcriptional
alterations associated with fibrotic progression.

4.3. Data Loading, Quality Control, and Preprocessing

The raw single-cell RNA sequencing data from the included human fibrotic tissue
datasets, formatted according to 10x Genomics specifications, were imported into R and
processed using the CreateSeuratObject function from the Seurat package (version 4.3.0). To
remove low-quality and sparsely detected transcripts, the parameters were configured to
exclude genes detected in fewer than five cells (min.cells = 5) and to retain cells expressing
at least 300 genes (min.features = 300). For human-derived samples, the proportion of
mitochondrial transcripts was calculated using the PercentageFeatureSet function with the
pattern “"MT-". Cells with 200-6000 detected genes (nFeature_RNA) and mitochondrial
UMI proportions below 20% were retained, ensuring the exclusion of apoptotic, stressed,
or low-quality cells. All filtering procedures were performed using the subset function.

Following quality control, gene expression values were normalized using the Normal-
izeData function with the “LogNormalize” method and a scale factor of 10,000. Highly
variable genes (HVGs) were identified using the FindVariableFeatures function with the
“vst” method, selecting the top 2000 HVGs to capture the most informative transcriptional
signals. The resulting gene expression matrices were scaled using the ScaleData function,
during which mitochondrial transcript proportion (percent.mt) and sequencing depth
(nCount_RNA) were regressed out to mitigate their confounding effects. The processed
and standardized expression matrix was subsequently used for dimensionality reduction
and downstream analyses.

https://doi.org/10.3390/ijms27042017


https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
https://doi.org/10.3390/ijms27042017

Int. J. Mol. Sci. 2026, 27,2017

16 of 23

4.4. Dimensionality Reduction and Batch Integration

Principal component analysis (PCA) was performed on the scaled highly variable
genes (HVGs) using the RunPCA function in Seurat (version 4.3.0) with the number of
principal components (npcs) set to 50. Based on elbow plot inspection and the cumulative
variance explained, the top 20 principal components (PCs) were selected for subsequent
analyses [27]. Because the four included GEO datasets originated from different organs
and were generated in independent studies, dataset-specific technical variations were ad-
dressed using Harmony (version 0.1.1). Integration was performed using the RunHarmony
function with “dataset” specified as the grouping variable (group.by.vars = “dataset”),
reduction = “pca”, dims.use = 1:20, and max.iter.harmony = 10. Harmony-corrected embed-
dings were subsequently used for downstream dimensionality reduction and visualization.
The effectiveness of integration was evaluated by comparing UMAP and PCA embeddings
before and after Harmony correction using DimPlot [28], ensuring that dataset-related
batch effects were mitigated without obscuring biologically meaningful inter-organ tran-
scriptional differences.

4.5. Cell Clustering and Visualization

A shared nearest neighbor (SNN) graph was constructed using Harmony-corrected
principal component embeddings based on the top 20 dimensions (FindNeighbors, reduc-
tion = “harmony”, dims = 1:20). Graph-based clustering was then performed using the
Louvain algorithm with a resolution parameter of 0.1 (FindClusters). Cellular heterogeneity
was visualized in two dimensions using Uniform Manifold Approximation and Projection
(UMAP) via the RunUMAP function, implemented on the Harmony-integrated embedding
space (reduction = “harmony”, dims = 1:20, n.neighbors = 30, min.dist = 0.3). The resulting
UMAP representations were visualized utilizing DimPlot, with cells colored by cluster
identity or sample group as appropriate.

4.6. Cell Type Annotation and Subpopulation Analysis

Cluster-specific marker genes were identified using the FindAllMarkers function
with stringent filtering criteria (only.pos = TRUE, min.pct = 0.25, logfc.threshold = 0.25,
test.use = “wilcox”). Cell type annotation was initially performed by comparing cluster-
enriched marker genes with well-established human single-cell reference signatures reported
in previous studies and curated marker databases. Annotation accuracy was further confirmed
by examining gene expression patterns using FeaturePlot and VInPlot.

To resolve cellular heterogeneity within major lineages, clusters corresponding to
specific cell types were isolated using the subset function. Each subset underwent an
independent re-analysis pipeline, including data renormalization, identification of highly
variable genes (HVGs), principal component analysis (PCA) using the top 20 principal
components, and higher-resolution subclustering (FindClusters, resolution = 0.05). UMAP
visualization and marker gene identification were subsequently repeated for each subpop-
ulation. Subclustering analyses were performed independently for each lineage without
additional dataset integration to preserve organ-specific transcriptional distinctions. The
full list of marker genes used for cell type annotation is provided in Table S2.

4.7. Differential Expression and Gene Set Variation Analysis (GSVA)

Differentially expressed genes (DEGs) between fibrotic and corresponding non-fibrotic
control tissues were identified for each organ-specific dataset using the FindMarkers
function in Seurat. The filtering criteria included a minimum detection fraction of 0.25
(min.pct = 0.25), a minimum log2 fold-change threshold of 0.25 (logfc.threshold = 0.25),
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and the “MAST” statistical test. Genes with an adjusted p-value < 0.05 were considered
statistically significant.

To explore pathway-level alterations associated with fibrotic progression, Gene Set
Variation Analysis (GSVA) was performed using the normalized expression matrix via the
“GSVA” R package (version 1.46.0). Hallmark gene sets from the Molecular Signatures
Database (MSigDB) (http:/ /www.gsea-msigdb.org/gsea/index.jsp, accessed on 20 July
2024) were retrieved using the “msigdbr” package (species set to Homo sapiens; category
“H: Hallmark gene sets”). GSVA enrichment scores were computed for each cell or sample,
enabling the assessment of biological pathway activity across fibrotic and control groups.

4.8. Pseudo-Time Trajectory Analysis

Pseudotime trajectory analysis was performed to infer the continuous transitions of
cellular states associated with fibrotic progression. Lineage-specific subsets (e.g., fibrob-
lasts, macrophages, endothelial cells) were isolated based on their annotated identities
and subjected to trajectory reconstruction using the Monocle package (version 2.26.0). A
cell_data_set object was constructed from the normalized expression matrix, and highly
variable genes identified within each subset were used as ordering features. Dimensionality
reduction was performed using Uniform Manifold Approximation and Projection (UMAP),
followed by principal graph learning to generate the trajectory structure. Pseudotime
values were computed using the order_cells function, assigning the root state according
to clusters enriched for control or less-activated phenotypes. This approach enabled the
visualization of dynamic transcriptional transitions and the identification of key molecular
changes associated with fibrotic state progression.

4.9. Cell-Cell Communication Analysis

Cell—cell communication analysis was performed independently for each organ us-
ing the CellChat R package (available at https://github.com/sqjin/CellChat, accessed
on 4 August 2024). For each dataset, a CellChat object was created using normalized
expression data and cell type annotations. Ligand-receptor interactions were inferred
based on the CellChatDB.human database, retaining pairs in which both components
were expressed in at least 10% of cells within a given population. Communication prob-
abilities were computed using computeCommunProb and aggregated at the pathway
level with computeCommunProbPathway. The overall signaling networks were sum-
marized with aggregateNet and visualized using standard CellChat functions, includ-
ing circle plots, hierarchy plots, and chord diagrams [29]. All analyses were conducted
separately for pulmonary, hepatic, cardiac, and renal tissues to preserve organ-specific
signaling characteristics.

4.10. Quantitative Real-Time PCR (qPCR)

Total RNA was isolated from snap-frozen fibrotic and age-matched control tissues
of mouse liver, lung, heart, and kidney using TRIzol reagent (Invitrogen, CA, USA). One
microgram of total RNA was reverse-transcribed into cDNA using the HiScript IV All-
in-One Ultra RT SuperMix for qPCR (Vazyme, Shanghai, China) with random primers,
according to the manufacturer’s protocol. Negative controls without reverse transcriptase
(-RT) were included to verify absence of genomic DNA amplification. Quantitative real-
time PCR was performed in duplicate on a CFX96™ Real-Time PCR System (BIO-RAD,
CA, USA) using TagProUniversal SYBR qPCR Master Mix (Vazyme, Shanghai, China).
Gene-specific primers (listed in Supplementary Table S4) were designed to span exon—
exon junctions based on Mus musculus RefSeq sequences and validated for amplification
efficiency (90-110%) and single-peak melting curves.
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4.11. Immunohistochemistry (IHC)

Tissues from mouse liver, lung and kidney were harvested at the experimental end-
point, fixed in 4% paraformaldehyde (PFA) for 48 h at 4 °C, and subsequently embedded
in paraffin after dehydration through a graded ethanol series. Serial sections (4-5 pm
thick) were cut using a rotary microtome and mounted on microscope slides. For immuno-
histochemical staining, sections were deparaffinized in xylene and rehydrated through
a descending ethanol gradient to distilled water. Antigen retrieval was performed by
heating slides in EDTA buffer (1 mM EDTA, pH 8.0), depending on the primary antibody
requirement, using a pressure cooker or microwave for 10-15 min. Endogenous perox-
idase activity was blocked with 3% hydrogen peroxide in methanol for 15 min at room
temperature, followed by incubation in blocking serum (5% normal goat or donkey serum
in PBS) for 1 h to reduce non-specific binding. Primary antibodies were diluted in antibody
diluent and applied overnight at 4 °C. The following primary antibodies were used: Collal,
Cxcll, Cd31. After washing with PBS, sections were incubated with HRP-conjugated sec-
ondary antibodies for 1 h at room temperature. Inmunoreactivity was visualized using
3,3'-diaminobenzidine (DAB) chromogen (Vazyme, Shanghai, China), followed by counter-
staining with hematoxylin. Slides were dehydrated, cleared in xylene, and coverslipped
with permanent mounting medium.

4.12. Statistical Analysis

Statistical analyses were conducted using the R software (version 4.1.2) and GraphPad
Prism (version 8.3.0). Data quantifications are reported as means =+ standard deviation (SD).
For comparisons among three or more groups, one-way ANOVA with Dunnett’s multiple
comparisons test was used. For comparisons between two groups, a two-tailed Student
t-test was applied. Statistical significance was assessed using a threshold of p < 0.05.

5. Conclusions

In conclusion, this study presents a cross-organ single-cell immune atlas that charac-
terizes both conserved and organ-specific immune remodeling processes during fibrosis,
and constructs a comprehensive immune—fibrotic interaction landscape. Our work not
only uncovers conserved mechanisms driving fibroblast activation and immune response
amplification, but also elucidates marked inter-organ disparities in macrophage and T/B
cell remodeling, as well as immune-stromal crosstalk. These insights establish a novel
conceptual framework for understanding fibrosis heterogeneity. Collectively, our findings
advance the understanding of fibrotic immunopathology and lay the groundwork for
the development of targeted and personalized immune-based anti-fibrotic therapies in
the future.

Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/1jms27042017 /s1. References [30-92] are cited in the Supplementary Materials.

Author Contributions: Conceptualization, G.D.; methodology, Y.L. (Yusheng Luo); software, Y.L.
(Yusheng Luo); validation, X.L. and Y.R.; formal analysis, Y.Z. and Y.P; investigation, Y.L. (Yuging
Lin); resources, S.F.; data curation, X.M.; writing—original draft preparation, G.D.; writing—review
and editing, G.D., Y.L. (Yusheng Luo), Y.P, and Y.R.; visualization, Y.L. (Yusheng Luo); supervision,
S.E; project administration, X.M.; funding acquisition, S.F. All authors have read and agreed to the
published version of the manuscript.

Funding: This study was funded by grants from National Natural Science Foundation of China (32200583,
32570931), Natural Science Foundation of Guangdong Province (2025A1515011958), Basic Research
Program of the Shenzhen Science and Technology Innovation Commission (JCYJ20210324123012035,
JCYJ20230807110312026, JCY]J20250604143323031, JCY]20250604143516021), Shenzhen Clinical Medical

https://doi.org/10.3390/ijms27042017


https://www.mdpi.com/article/10.3390/ijms27042017/s1
https://www.mdpi.com/article/10.3390/ijms27042017/s1
https://doi.org/10.3390/ijms27042017

Int. J. Mol. Sci. 2026, 27,2017 19 of 23

Research Center for Digestive System Diseases (Digestive Surgery) 2024 Open Fund (GSCRC202408)
and Postdoctoral Research Start-up Fund of the Seventh Affiliated Hospital, Sun Yat-sen University
(ZSQYRSFPD0097).

Institutional Review Board Statement: This study was approved by the Ethics Committee of the
Seventh Affiliated Hospital, Sun Yat-sen University (Approval No. KY-2024-041-01, 26 February
2024) for human-related procedures. All animal experiments were conducted in accordance with the
National Institutes of Health Guide for the Care and Use of Laboratory Animals and were approved
by the Institutional Animal Care and Use Committee (IACUC) of Sun Yat-sen University (Approval
No. SYSU-IACUC-2021-B1013, 18 March 2021).

Informed Consent Statement: Patient consent was waived because this study utilized publicly
available data from the Gene Expression Omnibus (GEO) database. All data were de-identified by
the original data providers.

Data Availability Statement: All datasets analyzed in this study are publicly available in the NCBI
GEO repository (accession numbers: GSE135893, GSE168933, GSE198204 and GSE211785). Links to
the datasets are provided in ‘Methods” and ‘Supplementary File’'.

Acknowledgments: We would like to express our sincere gratitude to Wang Jiancheng from The
Seventh Affiliated Hospital of Sun Yat-sen University for his valuable support of this work.

Conflicts of Interest: The authors have no conflicts of interest to report.

References

1. Lurje, I; Gaisa, N.T.; Weiskirchen, R.; Tacke, F. Mechanisms of Organ Fibrosis: Emerging Concepts and Implications for Novel
Treatment Strategies. Mol. Aspects Med. 2023, 92, 101191. [CrossRef]

2. Wynn, TA.; Ramalingam, T.R. Mechanisms of Fibrosis: Therapeutic Translation for Fibrotic Disease. Nat. Med. 2012, 18, 1028-1040.
[CrossRef] [PubMed]

3.  Mutsaers, H.AM.,; Merrild, C.; Norregaard, R.; Plana-Ripoll, O. The Impact of Fibrotic Diseases on Global Mortality from 1990 to
2019. J. Transl. Med. 2023, 21, 818. [CrossRef] [PubMed]

4. Fuster-Martinez, I.; Calatayud, S. The Current Landscape of Antifibrotic Therapy across Different Organs: A Systematic Approach.
Pharmacol. Res. 2024, 205, 107245. [CrossRef] [PubMed]

5. Li, J.; Wang, S.; Yuan, J.; Mao, X.; Wang, X.; Zhang, L.; Dong, Q.; Chen, Z.; Wang, Y.; Tang, N. Tissue Regeneration: Unraveling
Strategies for Resolving Pathological Fibrosis. Cell Stem Cell 2025, 32, 1639-1658. [CrossRef]

6. Bhattacharya, M.; Ramachandran, P. Immunology of Human Fibrosis. Nat. Immunol. 2023, 24, 1423-1433. [CrossRef]

7. Younesi, ES.; Miller, A.E.; Barker, T.H.; Rossi, EM.V.; Hinz, B. Fibroblast and Myofibroblast Activation in Normal Tissue Repair
and Fibrosis. Nat. Rev. Mol. Cell Biol. 2024, 25, 617-638. Correction in Nat. Rev. Mol. Cell Biol. 2024, 25, 671. [CrossRef]

8.  Wang, K,; Wen, D.; Xu, X,; Zhao, R;; Jiang, F,; Yuan, S.; Zhang, Y.; Gao, Y.; Li, Q. Extracellular Matrix Stiffness—The Central Cue
for Skin Fibrosis. Front. Mol. Biosci. 2023, 10, 1132353. [CrossRef]

9. Ren, L.-L,; Li, X.-J.; Duan, T.-T;; Li, Z.-H.; Yang, J.-Z.; Zhang, Y.-M.; Zou, L.; Miao, H.; Zhao, Y.-Y. Transforming Growth Factor-f
Signaling: From Tissue Fibrosis to Therapeutic Opportunities. Chem.-Biol. Interact. 2023, 369, 110289. [CrossRef]

10. Hoeft, K.; Kramann, R. Developmental Signaling and Organ Fibrosis. Curr. Pathobiol. Rep. 2017, 5, 133-143. [CrossRef]

11.  Kou, M,; Jiao, Y.; Li, Z.; Wei, B.; Li, Y.; Cai, Y.; Wei, W. Real-World Safety and Effectiveness of Pirfenidone and Nintedanib in the
Treatment of Idiopathic Pulmonary Fibrosis: A Systematic Review and Meta-Analysis. Eur. ]. Clin. Pharmacol. 2024, 80, 1445-1460.
[CrossRef] [PubMed]

12.  White, E.S.; Thomas, M.; Stowasser, S.; Tetzlaff, K. Challenges for Clinical Drug Development in Pulmonary Fibrosis. Front.
Pharmacol. 2022, 13, 823085. [CrossRef] [PubMed]

13. Stoeckius, M.; Hafemeister, C.; Stephenson, W.; Houck-Loomis, B.; Chattopadhyay, PK.; Swerdlow, H.; Satija, R.; Smibert,
P. Large-Scale Simultaneous Measurement of Epitopes and Transcriptomes in Single Cells. Nat. Methods 2017, 14, 865-868.
[CrossRef] [PubMed]

14. Habermann, A.C; Gutierrez, A.J.; Bui, L.T.; Yahn, S.L.; Winters, N.I; Calvi, C.L.; Peter, L.; Chung, M.-1.; Taylor, C.J.; Jetter, C.; et al.
Single-Cell RNA Sequencing Reveals Profibrotic Roles of Distinct Epithelial and Mesenchymal Lineages in Pulmonary Fibrosis.
Sci. Adv. 2020, 6, eabal972. [CrossRef]

15. Buonomo, E.L.; Mei, S.; Guinn, S.R.; Leo, LR,; Peluso, M.].; Nolan, M.-A ; Schildberg, F.A.; Zhao, L.; Lian, C.; Xu, S.; et al. Liver

Stromal Cells Restrict Macrophage Maturation and Stromal IL-6 Limits the Differentiation of Cirrhosis-Linked Macrophages. J.
Hepatol. 2022, 76, 1127-1137. [CrossRef]

https://doi.org/10.3390/ijms27042017


https://doi.org/10.1016/j.mam.2023.101191
https://doi.org/10.1038/nm.2807
https://www.ncbi.nlm.nih.gov/pubmed/22772564
https://doi.org/10.1186/s12967-023-04690-7
https://www.ncbi.nlm.nih.gov/pubmed/37974206
https://doi.org/10.1016/j.phrs.2024.107245
https://www.ncbi.nlm.nih.gov/pubmed/38821150
https://doi.org/10.1016/j.stem.2025.10.002
https://doi.org/10.1038/s41590-023-01551-9
https://doi.org/10.1038/s41580-024-00716-0
https://doi.org/10.3389/fmolb.2023.1132353
https://doi.org/10.1016/j.cbi.2022.110289
https://doi.org/10.1007/s40139-017-0136-8
https://doi.org/10.1007/s00228-024-03720-7
https://www.ncbi.nlm.nih.gov/pubmed/38963453
https://doi.org/10.3389/fphar.2022.823085
https://www.ncbi.nlm.nih.gov/pubmed/35173620
https://doi.org/10.1038/nmeth.4380
https://www.ncbi.nlm.nih.gov/pubmed/28759029
https://doi.org/10.1126/sciadv.aba1972
https://doi.org/10.1016/j.jhep.2021.12.036
https://doi.org/10.3390/ijms27042017

Int. J. Mol. Sci. 2026, 27,2017 20 of 23

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

Abedini, A.; Levinsohn, J.; Klotzer, K.A.; Dumoulin, B.; Ma, Z.; Frederick, J.; Dhillon, P.; Balzer, M.S.; Shrestha, R.; Liu, H.; et al.
Single-Cell Multi-Omic and Spatial Profiling of Human Kidneys Implicates the Fibrotic Microenvironment in Kidney Disease
Progression. Nat. Genet. 2024, 56, 1712-1724. [CrossRef]

Zeng, Z.; Wang, X,; Pei, J.; Wang, P,; Li, J.; Li, F.; Wang, ].; Zhao, Y.; Yu, C.; Liu, H.; et al. Endothelial Plasticity in Atrial Fibrosis by
Integrating Single-Cell Sequencing and Genetic Lineage Tracing. Eur. Heart J. 2025, 46, 3470-3482. [CrossRef]

Cowan, M.].B.; Davidson, S.; Coles, M.; Buckley, C.D. The Role of Fibroblasts across Inflammation and Immunity. Annu. Rev.
Pathol. 2025, 21, 423-445. [CrossRef]

Huang, E.; Peng, N.; Xiao, F.; Hu, D.; Wang, X.; Lu, L. The Roles of Immune Cells in the Pathogenesis of Fibrosis. Int. ]. Mol. Sci.
2020, 21, 5203. [CrossRef]

Wu, K;; Qian, Q.; Zhou, J.; Sun, D.; Duan, Y.; Zhu, X.; Sartorius, K.; Lu, Y. Regulatory T Cells (Tregs) in Liver Fibrosis. Cell Death
Discov. 2023, 9, 53. [CrossRef]

Wang, Y.; Wang, X.; Du, C.; Wang, Z.; Wang, J.; Zhou, N.; Wang, B.; Tan, K.; Fan, Y.; Cao, P. Glycolysis and beyond in Glucose
Metabolism: Exploring Pulmonary Fibrosis at the Metabolic Crossroads. Front. Endocrinol. 2024, 15, 1379521. [CrossRef] [PubMed]
Mirchandani, A.S.; Sanchez-Garcia, M.A.; Walmsley, S.R. How Oxygenation Shapes Inmune Responses: Emerging Roles for
Physioxia and Pathological Hypoxia. Nat. Rev. Immunol. 2025, 25, 161-177. [CrossRef] [PubMed]

Ding, X.; Ren, Y.; He, X. IFN-I Mediates Lupus Nephritis from the Beginning to Renal Fibrosis. Front. Immunol. 2021, 12, 676082.
[CrossRef] [PubMed]

Rao, W,; Li, D.; Zhang, Q.; Liu, T.; Gu, Z.; Huang, L.; Dai, ].; Wang, J.; Hou, X. Complex Regulation of Cardiac Fibrosis: Insights
from Immune Cells and Signaling Pathways. |. Transl. Med. 2025, 23, 242. [CrossRef]

Li, J.; Zhai, X.; Sun, X.; Cao, S.; Yuan, Q.; Wang, J. Metabolic Reprogramming of Pulmonary Fibrosis. Front. Pharmacol. 2022, 13,
1031890. [CrossRef]

McElhinney, K.; Irnaten, M.; O’Brien, C. P53 and Myofibroblast Apoptosis in Organ Fibrosis. Int. J. Mol. Sci. 2023, 24, 6737.
[CrossRef]

Hu, C; Li, T,; Xu, Y;; Zhang, X.; Li, F; Bai, J.; Chen, J.; Jiang, W.; Yang, K.; Ou, Q.; et al. CellMarker 2.0: An Updated Database
of Manually Curated Cell Markers in Human/Mouse and Web Tools Based on scRNA-Seq Data. Nucleic Acids Res. 2023, 51,
D870-D876. [CrossRef]

Korsunsky, I.; Millard, N.; Fan, J.; Slowikowski, K.; Zhang, F.; Wei, K.; Baglaenko, Y.; Brenner, M.; Loh, P--R.; Raychaudhuri, S.
Fast, Sensitive and Accurate Integration of Single-Cell Data with Harmony. Nat. Methods 2019, 16, 1289-1296. [CrossRef]

Jin, S.; Guerrero-Juarez, C.F; Zhang, L.; Chang, I.; Ramos, R.; Kuan, C.-H.; Myung, P; Plikus, M.V.; Nie, Q. Inference and Analysis
of Cell-Cell Communication Using CellChat. Nat. Commun. 2021, 12, 1088. [CrossRef]

Toivola, D.M.; Ku, N.-O.; Resurreccion, E.Z.; Nelson, D.R.; Wright, T.L.; Omary, M.B. Keratin 8 and 18 Hyperphosphorylation Is a
Marker of Progression of Human Liver Disease. Hepatology 2004, 40, 459—466. [CrossRef]

Govaere, O.; Komuta, M.; Berkers, J.; Spee, B.; Janssen, C.; de Luca, F; Katoonizadeh, A.; Wouters, J.; van Kempen, L.C.; Durnez,
A.; et al. Keratin 19: A Key Role Player in the Invasion of Human Hepatocellular Carcinomas. Gut 2014, 63, 674-685. [CrossRef]
Zhong, Y.; Wei, B.; Wang, W.; Chen, ].; Wu, W,; Liang, L.; Huang, X.-R.; Szeto, C.-C.; Yu, X.; Nikolic-Paterson, D.].; et al. Single-Cell
RNA-Sequencing Identifies Bone Marrow-Derived Progenitor Cells as a Main Source of Extracellular Matrix-Producing Cells
across Multiple Organ-Based Fibrotic Diseases. Int. ]. Biol. Sci. 2024, 20, 5027-5042. [CrossRef]

Payen, V.L.; Lavergne, A.; Alevra Sarika, N.; Colonval, M.; Karim, L.; Deckers, M.; Najimi, M.; Coppieters, W.; Charloteaux, B.;
Sokal, E.M; et al. Single-Cell RNA Sequencing of Human Liver Reveals Hepatic Stellate Cell Heterogeneity. JHEP Rep. 2021, 3,
100278. [CrossRef] [PubMed]

MacParland, S.A.; Liu, ].C.; Ma, X.-Z.; Innes, B.T.; Bartczak, A.M.; Gage, B.K.; Manuel, J.; Khuu, N.; Echeverri, J.; Linares, L; et al.
Single Cell RNA Sequencing of Human Liver Reveals Distinct Intrahepatic Macrophage Populations. Nat. Commun. 2018, 9, 4383.
[CrossRef] [PubMed]

Shan, Y.; Qi, D.; Zhang, L.; Wu, L.; Li, W.; Liu, H; Li, T,; Fu, Z.; Bao, H.; Song, S. Single-Cell RNA-Seq Revealing the Immune
Features of Donor Liver during Liver Transplantation. Front. Immunol. 2023, 14, 1096733. [CrossRef] [PubMed]

Andrews, T.S.; Atif, ].; Liu, ]J.C.; Perciani, C.T.; Ma, X.-Z.; Thoeni, C.; Slyper, M.; Eraslan, G.; Segerstolpe, A.; Manuel, J.; et al.
Single-Cell, Single-Nucleus, and Spatial RNA Sequencing of the Human Liver Identifies Cholangiocyte and Mesenchymal
Heterogeneity. Hepatol. Commun. 2022, 6, 821-840. [CrossRef]

Luo, X.; Luo, B.; Fei, L.; Zhang, Q.; Liang, X.; Chen, Y.; Zhou, X. MS4A Superfamily Molecules in Tumors, Alzheimer’s and
Autoimmune Diseases. Front. Immunol. 2024, 15, 1481494. [CrossRef]

Zhang, J.;Lu, T,; Lu, S;; Ma, S.; Han, D.; Zhang, K.; Xu, C.; Liu, S.; Gan, L.; Wu, X.; et al. Single-Cell Analysis of Multiple Cancer
Types Reveals Differences in Endothelial Cells between Tumors and Normal Tissues. Comput. Struct. Biotechnol. . 2023, 21,
665—676. [CrossRef]

https://doi.org/10.3390/ijms27042017


https://doi.org/10.1038/s41588-024-01802-x
https://doi.org/10.1093/eurheartj/ehaf372
https://doi.org/10.1146/annurev-pathmechdis-080624-105114
https://doi.org/10.3390/ijms21155203
https://doi.org/10.1038/s41420-023-01347-8
https://doi.org/10.3389/fendo.2024.1379521
https://www.ncbi.nlm.nih.gov/pubmed/38854692
https://doi.org/10.1038/s41577-024-01087-5
https://www.ncbi.nlm.nih.gov/pubmed/39349943
https://doi.org/10.3389/fimmu.2021.676082
https://www.ncbi.nlm.nih.gov/pubmed/33959133
https://doi.org/10.1186/s12967-025-06260-5
https://doi.org/10.3389/fphar.2022.1031890
https://doi.org/10.3390/ijms24076737
https://doi.org/10.1093/nar/gkac947
https://doi.org/10.1038/s41592-019-0619-0
https://doi.org/10.1038/s41467-021-21246-9
https://doi.org/10.1002/hep.20277
https://doi.org/10.1136/gutjnl-2012-304351
https://doi.org/10.7150/ijbs.98839
https://doi.org/10.1016/j.jhepr.2021.100278
https://www.ncbi.nlm.nih.gov/pubmed/34027339
https://doi.org/10.1038/s41467-018-06318-7
https://www.ncbi.nlm.nih.gov/pubmed/30348985
https://doi.org/10.3389/fimmu.2023.1096733
https://www.ncbi.nlm.nih.gov/pubmed/36845096
https://doi.org/10.1002/hep4.1854
https://doi.org/10.3389/fimmu.2024.1481494
https://doi.org/10.1016/j.csbj.2022.12.049
https://doi.org/10.3390/ijms27042017

Int. J. Mol. Sci. 2026, 27,2017 21 0f23

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

Jaitin, D.A.; Adlung, L.; Thaiss, C.A.; Weiner, A.; Li, B.; Descamps, H.; Lundgren, P; Bleriot, C.; Liu, Z.; Deczkowska, A.; et al.
Lipid-Associated Macrophages Control Metabolic Homeostasis in a Trem2-Dependent Manner. Cell 2019, 178, 686—-698.e14.
[CrossRef]

Sinjab, A.; Han, G.; Treekitkarnmongkol, W.; Hara, K.; Brennan, PM.; Dang, M.; Hao, D.; Wang, R.; Dai, E.; Dejima, H.; et al.
Resolving the Spatial and Cellular Architecture of Lung Adenocarcinoma by Multiregion Single-Cell Sequencing. Cancer Discov.
2021, 11, 2506-2523. [CrossRef]

Shi, T.; Denney, L.; An, H.; Ho, L.-P; Zheng, Y. Alveolar and Lung Interstitial Macrophages: Definitions, Functions, and Roles in
Lung Fibrosis. J. Leukocyte Biol. 2021, 110, 107-114. [CrossRef] [PubMed]

Mannes, PZ.; Adams, T.S,; Farsijani, S.; Barnes, C.E.; Latoche, ].D.; Day, K.E.; Nedrow, ].R.; Ahangari, F.; Kaminski, N.; Lee, ].S.;
et al. Noninvasive Assessment of the Lung Inflammation-Fibrosis Axis by Targeted Imaging of CMKLR1. Sci. Adv. 2024, 10,
eadm9817. [CrossRef] [PubMed]

Guillot, A.; Tacke, F. Liver Macrophages: Old Dogmas and New Insights. Hepatol. Commun. 2019, 3, 731-743. [CrossRef] [PubMed]
Deng, Z.; Loyher, P--L.; Lazarov, T.; Li, L.; Shen, Z.; Bhinder, B.; Yang, H.; Zhong, Y.; Alberdi, A.; Massague, J.; et al. The Nuclear
Factor ID3 Endows Macrophages with a Potent Anti-Tumour Activity. Nature. 2024, 626, 864-873. [CrossRef]

Wang, Z.; Deng, Q.; Gu, Y.; Li, M,; Chen, Y.; Wang, ].; Zhang, Y.; Zhang, J.; Hu, Q.; Zhang, S.; et al. Integrated Single-Nucleus
Sequencing and Spatial Architecture Analysis Identified Distinct Injured-Proximal Tubular Types in Calculi Rats. Cell Biosci. 2023,
13, 92. [CrossRef]

Lee, H.-W.; Qin, Y.-X,; Kim, Y.-M,; Park, E.-Y.; Hwang, ].-S.; Huo, G.-H.; Yang, C.-W.; Kim, W.-Y.; Kim, J. Expression of Lymphatic
Endothelium-Specific Hyaluronan Receptor LYVE-1 in the Developing Mouse Kidney. Cell Tissue Res. 2011, 343, 429-444.
[CrossRef]

Sun, X.-F; Luo, W.-C.; Huang, S.-Q.; Zheng, Y.-].; Xiao, L.; Zhang, Z.-W.; Liu, R.-H.; Zhong, Z.-W.; Song, ].-Q.; Nan, K,; et al.
Immune-Cell Signatures of Persistent Inflammation, Immunosuppression, and Catabolism Syndrome after Sepsis. Med 2025, 6,
100569. [CrossRef]

Azizi, E.; Carr, AJ.; Plitas, G.; Cornish, A.E.; Konopacki, C.; Prabhakaran, S.; Nainys, J.; Wu, K.; Kiseliovas, V.; Setty, M.; et al.
Single-Cell Map of Diverse Inmune Phenotypes in the Breast Tumor Microenvironment. Cell 2018, 174, 1293-1308.e36. [CrossRef]
Murray, PJ.; Wynn, T.A. Protective and Pathogenic Functions of Macrophage Subsets. Nat. Rev. Immunol. 2011, 11, 723-737.
[CrossRef]

Zhao, S.-J.; Kong, E-Q.; Jie, J.; Li, Q.; Liu, H.; Xu, A.-D.; Yang, Y.-Q.; Jiang, B.; Wang, D.-D.; Zhou, Z.-Q.; et al. Macrophage MSR1
Promotes BMSC Osteogenic Differentiation and M2-like Polarization by Activating PI3K/AKT/GSK3p /3-Catenin Pathway.
Theranostics. 2020, 10, 17-35. [CrossRef]

Wang, N.; Liang, H.; Zen, K. Molecular Mechanisms That Influence the Macrophage M1-M2 Polarization Balance. Front. Immunol.
2014, 5, 614. [CrossRef]

Regino-Zamarripa, N.E.; Ramirez-Martinez, G.; ]iménez-AlvareZ, L.A,; Cruz-Lagunas, A.; Gémez-Garcia, I.A.; Ignacio-Cortés, S.;
Marquez-Garcia, J.E.; Pacheco-Hernandez, L.M.; Ramirez-Noyola, J.A.; Barquera, R.; et al. Differential Leukocyte Expression
of IFITM1 and IFITM3 in Patients with Severe Pandemic Influenza a(H1N1) and COVID-19. |. Interferon Cytokine Res. 2022, 42,
431-443. [CrossRef] [PubMed]

Uccellini, M.B.; Garcia-Sastre, A. ISRE-Reporter Mouse Reveals High Basal and Induced Type I IFN Responses in Inflammatory
Monocytes. Cell Rep. 2018, 25, 2784-2796.€3. [CrossRef] [PubMed]

Schroder, K.; Spille, M.; Pilz, A.; Lattin, J.; Bode, K.A; Irvine, K.M.; Burrows, A.D.; Ravasi, T.; Weighardt, H.; Stacey, K.J.; et al.
Differential Effects of CpG DNA on IFN-Beta Induction and STAT1 Activation in Murine Macrophages versus Dendritic Cells:
Alternatively Activated STAT1 Negatively Regulates TLR Signaling in Macrophages. J. Immunol. 2007, 179, 3495-3503. [CrossRef]
[PubMed]

Szabo, S.J.; Kim, S.T.; Costa, G.L.; Zhang, X.; Fathman, C.G.; Glimcher, L.H. A Novel Transcription Factor, T-Bet, Directs Th1
Lineage Commitment. Cell 2000, 100, 655-669. [CrossRef]

Pawlak, M.; Ho, A.W.; Kuchroo, V.K. Cytokines and Transcription Factors in the Differentiation of CD4+ T Helper Cell Subsets
and Induction of Tissue Inflammation and Autoimmunity. Curr. Opin. Immunol. 2020, 67, 57-67. [CrossRef]

Lukyanov, D.K,; Kriukova, V.V; Ladell, K.; Shagina, I.A.; Staroverov, D.B.; Minasian, B.E.; Fedosova, A.S.; Shelyakin, P.; Suchalko,
O.N,; Komkov, A.Y,; et al. Repertoire-Based Mapping and Time-Tracking of T Helper Cell Subsets in scRNA-Seq. Front. Immunol.
2025, 16, 1536302. [CrossRef]

Wang, Y.; Su, M.A.; Wan, Y.Y. An Essential Role of the Transcription Factor GATA-3 for the Function of Regulatory T Cells.
Immunity 2011, 35, 337-348. [CrossRef]

Dominguez Conde, C.; Xu, C,; Jarvis, L.B.; Rainbow, D.B.; Wells, S.B.; Gomes, T.; Howlett, S.K.; Suchanek, O.; Polanski, K,;
King, H.W.; et al. Cross-Tissue Immune Cell Analysis Reveals Tissue-Specific Features in Humans. Science 2022, 376, eabl5197.
[CrossRef]

https://doi.org/10.3390/ijms27042017


https://doi.org/10.1016/j.cell.2019.05.054
https://doi.org/10.1158/2159-8290.CD-20-1285
https://doi.org/10.1002/JLB.3RU0720-418R
https://www.ncbi.nlm.nih.gov/pubmed/33155728
https://doi.org/10.1126/sciadv.adm9817
https://www.ncbi.nlm.nih.gov/pubmed/38896611
https://doi.org/10.1002/hep4.1356
https://www.ncbi.nlm.nih.gov/pubmed/31168508
https://doi.org/10.1038/s41586-023-06950-4
https://doi.org/10.1186/s13578-023-01041-3
https://doi.org/10.1007/s00441-010-1098-x
https://doi.org/10.1016/j.medj.2024.12.003
https://doi.org/10.1016/j.cell.2018.05.060
https://doi.org/10.1038/nri3073
https://doi.org/10.7150/thno.36930
https://doi.org/10.3389/fimmu.2014.00614
https://doi.org/10.1089/jir.2022.0036
https://www.ncbi.nlm.nih.gov/pubmed/35708622
https://doi.org/10.1016/j.celrep.2018.11.030
https://www.ncbi.nlm.nih.gov/pubmed/30517866
https://doi.org/10.4049/jimmunol.179.6.3495
https://www.ncbi.nlm.nih.gov/pubmed/17785783
https://doi.org/10.1016/S0092-8674(00)80702-3
https://doi.org/10.1016/j.coi.2020.09.001
https://doi.org/10.3389/fimmu.2025.1536302
https://doi.org/10.1016/j.immuni.2011.08.012
https://doi.org/10.1126/science.abl5197
https://doi.org/10.3390/ijms27042017

Int. J. Mol. Sci. 2026, 27,2017 22 0f 23

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

Joller, N.; Lozano, E.; Burkett, PR.; Patel, B.; Xiao, S.; Zhu, C.; Xia, J.; Tan, T.G.; Sefik, E.; Yajnik, V.; et al. Treg Cells Expressing the
Coinhibitory Molecule TIGIT Selectively Inhibit Proinflammatory Th1l and Th17 Cell Responses. Immunity 2014, 40, 569-581.
[CrossRef]

Thornton, A.M.; Shevach, E.M. Helios: Still behind the Clouds. Immunology 2019, 158, 161-170. [CrossRef]

Fazeli, P; Kalani, M.; Hosseini, M. T Memory Stem Cell Characteristics in Autoimmune Diseases and Their Promising Therapeutic
Values. Front. Immunol. 2023, 14, 1204231. [CrossRef]

Zhou, X.; Xue, H.-H. Cutting Edge: Generation of Memory Precursors and Functional Memory CD8+ T Cells Depends on T Cell
Factor-1 and Lymphoid Enhancer-Binding Factor-1. J. Immunol. 2012, 189, 2722-2726. [CrossRef] [PubMed]

Li, X.; Li, S.; Wang, Y.; Zhou, X.; Wang, F.; Muhammad, I.; Luo, Y.; Sun, Y; Liu, D.; Wu, B.; et al. Single Cell RNA-Sequencing
Delineates CD8+ Tissue Resident Memory T Cells Maintaining Rejection in Liver Transplantation. Theranostics. 2024, 14, 4844-4860.
[CrossRef]

Knorck, A.; Schifer, G.; Alansary, D.; Richter, J.; Thurner, L.; Hoth, M.; Schwarz, E.C. Cytotoxic Efficiency of Human CD8+ T Cell
Memory Subtypes. Front. Immunol. 2022, 13, 838484. [CrossRef] [PubMed]

Bartsch, L.M.; Damasio, M.P.S.; Subudhi, S.; Drescher, H.K. Tissue-Resident Memory T Cells in the Liver-Unique Characteristics
of Local Specialists. Cells 2020, 9, 2457. [CrossRef] [PubMed]

Li, H,; Yang, D.; Hao, M.; Liu, H. Differential Expression of HAVCR2 Gene in Pan-Cancer: A Potential Biomarker for Survival and
Immunotherapy. Front. Genet. 2022, 13, 972664. [CrossRef]

Cerapio, ].P,; Perrier, M.; Pont, F.; Tosolini, M.; Laurent, C.; Bertani, S.; Fournie, ].-J. Single-Cell RNAseq Profiling of Human I's T
Lymphocytes in Virus-Related Cancers and COVID-19 Disease. Viruses 2021, 13, 2212. [CrossRef]

Gao, C.; Wang, S.; Xie, X.; Ramadori, P; Li, X;; Liu, X.; Ding, X,; Liang, J.; Xu, B.; Feng, Y.; et al. Single-Cell Profiling of Intrahepatic
Immune Cells Reveals an Expansion of Tissue-Resident Cytotoxic CD4+ T Lymphocyte Subset Associated with Pathogenesis of
Alcoholic-Associated Liver Diseases. Cell. Mol. Gastroenterol. Hepatol. 2025, 19, 101411. [CrossRef]

Fergusson, ].R.; Hithn, M.H.; Swadling, L.; Walker, L.J.; Kurioka, A.; Llibre, A.; Bertoletti, A.; Hollander, G.; Newell, E-W.; Davis,
M.M.; et al. CD161(Int)CD8+ T Cells: A Novel Population of Highly Functional, Memory CD8+ T Cells Enriched within the Gut.
Mucosal Immunol. 2016, 9, 401-413. [CrossRef]

Fang, Y.; Chen, Y;; Niu, S;; Lyu, Z.; Tian, Y.; Shen, X,; Li, Y.-R.; Yang, L. Biological Functions and Therapeutic Applications of
Human Mucosal-Associated Invariant T Cells. J. Biomed. Sci. 2025, 32, 32. [CrossRef]

Ma,].; Wu, Y;; Ma, L.; Yang, X.; Zhang, T.; Song, G.; Li, T.; Gao, K,; Shen, X,; Lin, J.; et al. A Blueprint for Tumor-Infiltrating B Cells
across Human Cancers. Science 2024, 384, eadj4857. [CrossRef] [PubMed]

Weisel, N.M.; Joachim, S.M.; Smita, S.; Callahan, D.; Elsner, R.A.; Conter, L.J.; Chikina, M.; Farber, D.L.; Weisel, EJ.; Shlomchik,
M.]J. Surface Phenotypes of Naive and Memory B Cells in Mouse and Human Tissues. Nat. Immunol. 2022, 23, 135-145. [CrossRef]
[PubMed]

Kashyap, M.K.; Amaya-Chanaga, C.I.; Kumar, D.; Simmons, B.; Huser, N.; Gu, Y.; Hallin, M.; Lindquist, K.; Yafawi, R.; Choi,
M.Y.; et al. Targeting the CXCR4 Pathway Using a Novel Anti-CXCR4 IgG1 Antibody (PF-06747143) in Chronic Lymphocytic
Leukemia. J. Hematol. Oncol. 2017, 10, 112. [CrossRef] [PubMed]

Teitell, M.A. The TCL1 Family of Oncoproteins: Co-Activators of Transformation. Nat. Rev. Cancer 2005, 5, 641-648. Erratum in
Nat. Rev. Cancer 2005, 5, 750.

Muto, A.; Ochiai, K.; Kimura, Y.; Itoh-Nakadai, A.; Calame, K.L.; Ikebe, D.; Tashiro, S.; Igarashi, K. BacH2 Represses Plasma Cell
Gene Regulatory Network in B Cells to Promote Antibody Class Switch. EMBO J. 2010, 29, 4048-4061. [CrossRef]

Zhao, Y.; Gong, S.; Yang, Y.; Lu, Y.; Bai, J.; Liu, M.; Bai, W.; Dong, J. CFP1 Promotes Germinal Center Affinity Maturation and
Restrains Memory B Cell Differentiation through H3K4me3 Modulation. Nat. Commun. 2025, 16, 8013. [CrossRef]

Phad, G.E,; Pinto, D.; Foglierini, M.; Akhmedov, M.; Rossi, R.L.; Malvicini, E.; Cassotta, A.; Fregni, C.S.; Bruno, L.; Sallusto, F.;
et al. Clonal Structure, Stability and Dynamics of Human Memory B Cells and Circulating Plasmablasts. Nat. Immunol. 2022, 23,
1076-1085. [CrossRef]

Li, Y.; Huang, H.; Wang, Q.; Zheng, X.; Zhou, Y.; Kong, X.; Huang, T.; Zhang, J.; Zhou, Y. Identification of Prognostic Risk
Model Based on Plasma Cell Markers in Hepatocellular Carcinoma through Single-Cell Sequencing Analysis. Front. Genet. 2024,
15, 1363197. [CrossRef]

Geary, B.; Sun, B,; Tilvawala, R.R.; Barasa, L.; Tsoyi, K.; Rosas, 1.O.; Thompson, P.R.; Ho, I.-C. Peptidylarginine Deiminase 2
Citrullinates MZB1 and Promotes the Secretion of IgM and IgA. Front. Immunol. 2023, 14, 1290585. [CrossRef]

Deng, E; Jiang, W.; Wang, N.; Wu, Y.; Xu, J.; Hou, R.; Jia, F. Bioinformatics Identification of Key Genes Correlating NOD1 and
Endoplasmic Reticulum Stress in Hepatitis B Virus-Induced Acute Liver Failure. Sci. Rep. 2025, 15, 35919. [CrossRef] [PubMed]
Todd, D.J.; McHeyzer-Williams, L.].; Kowal, C.; Lee, A.-H.; Volpe, B.T.; Diamond, B.; McHeyzer-Williams, M.G.; Glimcher, L.H.
XBP1 Governs Late Events in Plasma Cell Differentiation and Is Not Required for Antigen-Specific Memory B Cell Development.
J. Exp. Med. 2009, 206, 2151-2159. [CrossRef] [PubMed]

https://doi.org/10.3390/ijms27042017


https://doi.org/10.1016/j.immuni.2014.02.012
https://doi.org/10.1111/imm.13115
https://doi.org/10.3389/fimmu.2023.1204231
https://doi.org/10.4049/jimmunol.1201150
https://www.ncbi.nlm.nih.gov/pubmed/22875805
https://doi.org/10.7150/thno.96928
https://doi.org/10.3389/fimmu.2022.838484
https://www.ncbi.nlm.nih.gov/pubmed/35493468
https://doi.org/10.3390/cells9112457
https://www.ncbi.nlm.nih.gov/pubmed/33187162
https://doi.org/10.3389/fgene.2022.972664
https://doi.org/10.3390/v13112212
https://doi.org/10.1016/j.jcmgh.2024.101411
https://doi.org/10.1038/mi.2015.69
https://doi.org/10.1186/s12929-025-01125-x
https://doi.org/10.1126/science.adj4857
https://www.ncbi.nlm.nih.gov/pubmed/38696569
https://doi.org/10.1038/s41590-021-01078-x
https://www.ncbi.nlm.nih.gov/pubmed/34937918
https://doi.org/10.1186/s13045-017-0435-x
https://www.ncbi.nlm.nih.gov/pubmed/28526063
https://doi.org/10.1038/emboj.2010.257
https://doi.org/10.1038/s41467-025-63291-8
https://doi.org/10.1038/s41590-022-01230-1
https://doi.org/10.3389/fgene.2024.1363197
https://doi.org/10.3389/fimmu.2023.1290585
https://doi.org/10.1038/s41598-025-19813-x
https://www.ncbi.nlm.nih.gov/pubmed/41087615
https://doi.org/10.1084/jem.20090738
https://www.ncbi.nlm.nih.gov/pubmed/19752183
https://doi.org/10.3390/ijms27042017

Int. J. Mol. Sci. 2026, 27,2017 23 0f 23

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

Cheng, R.Y.-H.; Hung, K.L.; Zhang, T.; Stoffers, C.M.; Ott, A.R,; Suchland, E.R.; Camp, N.D.; Khan, LE; Singh, S.; Yang, Y.-].; et al.
Ex Vivo Engineered Human Plasma Cells Exhibit Robust Protein Secretion and Long-Term Engraftment in Vivo. Nat. Commun.
2022, 13, 6110. [CrossRef] [PubMed]

Feng, ]J.; Hou, Y.; Liu, C.; Wang, Y.; Chen, W,; Liu, Y.; Bian, H. IGLL5 Has Potential to Be a Prognostic Biomarker and Its Correlation
with Immune Infiltrates in Breast Cancer. Am. J. Clin. Exp. Immunol. 2025, 14, 111-126. [CrossRef]

Liu, B.; Li, Z. Endoplasmic Reticulum HSP90b1 (Gp96, Grp94) Optimizes B-Cell Function via Chaperoning Integrin and TLR but
Not Immunoglobulin. Blood 2008, 112, 1223-1230.

Osmani, Z.; Beudeker, B.].B.; Groothuismink, Z.M.A.; de Knegt, R.]J.; Chung, R.T.; Aerssens, J.; Bollekens, J.; Janssen, H.L.A;
Gehring, A.J.; Lauer, G.M,; et al. B-Cell Activation Gene Signature in Blood and Liver of Hepatitis B e Antigen-Positive Patients
with Immune Active Chronic Hepatitis B. . Infect. Dis. 2024, 230, e1263-e1273. [CrossRef]

Shin, E.; Schwarz, K.B.; Jones-Brando, L.V.; Florea, L.D.; Sabunciyan, S.; Wood, L.D.; Yolken, R.H. Expression of HLA and
Autoimmune Pathway Genes in Liver Biopsies of Young Subjects with Autoimmune Hepatitis Type 1. J. Pediatr. Gastroenterol.
Nutr. 2022, 75, 269-275. [CrossRef]

Tumanov, A.; Kuprash, D.; Lagarkova, M.; Grivennikov, S.; Abe, K.; Shakhov, A.; Drutskaya, L.; Stewart, C.; Chervonsky, A.;
Nedospasov, S. Distinct Role of Surface Lymphotoxin Expressed by B Cells in the Organization of Secondary Lymphoid Tissues.
Immunity 2002, 17, 239-250. [CrossRef]

Novak, A.],; Slager, S.L.; Fredericksen, Z.S.; Wang, A.H.; Manske, M.M.; Ziesmer, S.; Liebow, M.; Macon, W.R; Dillon, S.R.; Witzig,
T.E.; et al. Genetic Variation in B-Cell-Activating Factor Is Associated with an Increased Risk of Developing B-Cell Non-Hodgkin
Lymphoma. Cancer Res. 2009, 69, 4217-4224. [CrossRef]

Tsai, S.-C.; Lin, S.-J.; Lin, C.-J.; Chou, Y.-C; Lin, J.-H.; Yeh, T.-H.; Chen, M.-R,; Huang, L.-M.; Lu, M.-Y.; Huang, Y.-C.; et al.
Autocrine CCL3 and CCL4 Induced by the Oncoprotein LMP1 Promote Epstein-Barr Virus-Triggered B Cell Proliferation. J. Virol.
2013, 87,9041-9052. [CrossRef]

Wilkins, C.; Woodward, J.; Lau, D.T.-Y.; Barnes, A.; Joyce, M.; McFarlane, N.; McKeating, ]J.A.; Tyrrell, D.L.; Gale, M. IFITM1 Is a
Tight Junction Protein That Inhibits Hepatitis C Virus Entry. Hepatology 2013, 57, 461-469. [CrossRef]

Zhang, K.; Luo, Z.; Yao, X; Lu, D.; Hong, T.; Zhu, X.; Chen, M.; Wang, X. Identification of Epigenetic Alteration of the IFI44L
Gene in B Cells of Sjogren’s Syndrome as a Clinical Biomarker and Molecular Significance. J. Inflammm. Res. 2025, 18, 2499-2512.
[CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/ijms27042017


https://doi.org/10.1038/s41467-022-33787-8
https://www.ncbi.nlm.nih.gov/pubmed/36245034
https://doi.org/10.62347/XLCY5727
https://doi.org/10.1093/infdis/jiae280
https://doi.org/10.1097/MPG.0000000000003538
https://doi.org/10.1016/S1074-7613(02)00397-7
https://doi.org/10.1158/0008-5472.CAN-08-4915
https://doi.org/10.1128/JVI.00541-13
https://doi.org/10.1002/hep.26066
https://doi.org/10.2147/JIR.S503309
https://doi.org/10.3390/ijms27042017

	Introduction 
	Results 
	Cross-Organ Integration Reveals Distinct Cellular Compositions and Microenvironmental Heterogeneity in Fibrosis 
	Subclustering Identifies Stromal Cell Diversity and Organ-Specific Fibrogenic Responses 
	Cell–Cell Communication Analysis Links Three Major Immune Cell Types to Stromal-Driven Fibrosis 
	Cross-Organ Macrophage Differentiation Trajectories During Fibrosis 
	Dynamic T Cell Subsets in Fibrosis 
	B Cell Immunogenicity in Fibrosis 
	Validated by Immunohistochemistry and qPCR 

	Discussion 
	Materials and Methods 
	Data Sources 
	Human Fibrotic Conditions Included 
	Data Loading, Quality Control, and Preprocessing 
	Dimensionality Reduction and Batch Integration 
	Cell Clustering and Visualization 
	Cell Type Annotation and Subpopulation Analysis 
	Differential Expression and Gene Set Variation Analysis (GSVA) 
	Pseudo-Time Trajectory Analysis 
	Cell–Cell Communication Analysis 
	Quantitative Real-Time PCR (qPCR) 
	Immunohistochemistry (IHC) 
	Statistical Analysis 

	Conclusions 
	References

