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Abstract

Background and Aims: Metabolic dysfunction–associated steatotic liver

disease (MASLD) is a leading cause of chronic liver disease worldwide.

Progression from simple metabolic dysfunction–associated steatotic liver

(MASL) without necro-inflammation to metabolic dysfunction–associated

steatohepatitis (MASH) triggers fibrosis, leading to liver-related morbidity and

mortality. Early recognition of MASH is imperative to enable appropriate

interventions aimed at preventing liver damage. Thus, this study aimed to

elucidate molecular mechanisms driving MASLD progression and identify

early-stage transcriptomic signatures by analyzing paired liver tissue and

peripheral blood mononuclear cells (PBMCs).

Methods: We collected 16 paired liver and PBMC samples from 8 histo-

logically confirmed patients with MASLD. Liver tissue was obtained by

needle biopsy for single-nucleus RNA sequencing, and PBMCs underwent

single-cell and bulk RNA sequencing. PBMC–liver interactions were exam-

ined to identify cross-tissue signaling, and machine learning was applied to

derive transcriptomic signatures predictive of fibrosis stage.

Results: Hepatocyte transcriptomic profiling revealed distinct MASH-asso-

ciated alterations, including downregulated fatty acid metabolism, upregu-

lated immune activation pathways, and changes in tissue remodeling. PBMC

analysis identified shifts in immune populations, with increased aTregs and

chronic CD4+ T cell activation. Liver–PBMC interaction analysis highlighted

Abbreviations: aTreg, activated regulatory T cell; CD4 Tcm, CD4 central memory T cell; CD4 Tem, CD4 effector memory T cell; CD8 Tcm, CD8 central memory T cell;
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analysis; ILC, innate lymphocyte cell; MASLD, metabolic dysfunction-associated steatotic liver disease; MASH, metabolic dysfunction-associated steatohepatitis;
MASL, metabolic dysfunction–associated steatotic liver; MetALD, MASLD with increased alcohol intake; NK, natural killer; OXPHOS, oxidative phosphorylation;
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enhanced HSC–natural killer cell signaling in MASH, linking immune

responses to fibrosis progression. Machine learning identified liver-derived

and PBMC-derived transcriptomic signatures that robustly distinguished mild

(F0–F2) from advanced (F3–F4) fibrosis (AUC=0.93), suggesting their

potential for early diagnostic stratification.

Conclusions: Significant molecular and immune alterations occur in dis-

ease progression of MASLD to MASH, reflecting both localized hepatic

changes and systemic immune dysregulation. The identified transcriptomic

signatures provide a promising tool for fibrosis prediction and monitoring,

underscoring the need to target early disease mechanisms for improved

diagnosis and therapeutic strategies.

Keywords: bulk RNA sequencing, early-stage MASLD, liver, PBMC, single
cell/single nuclei

INTRODUCTION

Nonalcoholic fatty liver disease (NAFLD) is a primary
contributor to liver-related morbidity and mortality that
affects ~30% of the global population.[1–3] Its incidence
is rising parallel to the increasing prevalence of
metabolic syndrome and obesity. The risk of serious
pathological states such as cardiovascular diseases,
liver complications, and extrahepatic and hepatic
malignancies is substantially elevated by NAFLD.
Recently, a new classification of steatotic liver disease
(SLD) has emerged, taking into consideration the
interplay between metabolic disease and alcohol intake,
suggesting new terminologies: metabolic dysfunction–
associated steatotic liver disease (MASLD), MASLD
with increased alcohol intake (MetALD), and alcohol-
associated liver disease.[4–6]

According to the presence of hepatic necro-inflam-
mation, MASLD can be classified into 2 spectrums: (1)
simple metabolic dysfunction–associated steatotic liver
(MASL), which involves only accumulation of fat in the
liver without hepatic necro-inflammation, and (2) meta-
bolic dysfunction–associated steatohepatitis (MASH) is
a more severe form of MASLD accompanying hepatic
necro-inflammation in addition to fat accumulation with
varying degrees of fibrosis.[7] Without appropriate
pharmacological intervention or lifestyle modification,[8]

hepatic necro-inflammation and resultant liver fibrosis
progress, eventually leading to liver cirrhosis and/or
HCC.[9]

Bulk RNA sequencing and microarray analyses
have identified numerous molecular markers associ-
ated with MASLD progression.[10–12] While these
approaches have provided valuable insights into
disease pathophysiology, they lack the resolution to
capture cellular heterogeneity within liver tissue. A

prevailing hypothesis suggests that chronic hepatic
injury induced by intrahepatic fat accumulation dis-
rupts the balance of metabolic and immune
responses, promoting disease progression from sim-
ple MASLD to MASH.[13,14] However, the precise
molecular mechanisms driving this transition remain
poorly understood.

Recent advancements in single-cell RNA sequenc-
ing (scRNA-seq) have revolutionized biological
research by enabling the characterization of intercellular
heterogeneity and the identification of disease-specific
cellular subtypes. Prior studies have primarily focused
on nonparenchymal cells, such as HSCs, which play a
central role in fibrosis development during MASLD
progression.[15–17] While these studies have provided
crucial insights into advanced disease stages, early-
stage MASLD still remains underexplored, particularly
regarding molecular changes in peripheral blood mono-
nuclear cells (PBMCs). As PBMCs reflect systemic
immune responses, they hold promise as a non-
invasive biomarker source. However, studies investi-
gating PBMC-associated molecular alterations linked to
MASLD progression are scarce. Despite paired liver–
PBMC analyses being established in viral hepatitis[18,19]

research, such integrated approaches remain
unexplored in MASLD. Furthermore, obtaining paired
samples from MASLD patients presents significant
challenges due to the asymptomatic nature of early
disease and limited clinical indications for biopsy.[20]

This gap underscores the need for integrative
approaches that combine tissue-specific and systemic
data to identify early molecular markers of MASLD
progression.

To address these limitations, we conducted paired
single-nucleus RNA sequencing (snRNA-seq) of liver
tissue obtained via needle biopsy and scRNA-seq of
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PBMCs from early-stage MASLD patients (F0–F2), a
critical yet challenging stage for sample acquisition. By
simultaneously profiling liver tissue and blood samples
from matched patients, we aimed to identify molecular
markers associated with the transition from simple
MASLD to MASH. Our approach integrates bulk RNA
sequencing with single-cell technologies to refine
cellular resolution and uncover liver–PBMC cellular
communication networks driving disease progression.
By validating our findings in a large public cohort,
applying machine learning to identify MASH-specific
transcriptomic signatures, and utilizing cost-effective
sample pooling, we establish a scalable framework
for earlier MASH diagnosis and improved disease
monitoring.

METHODS

Sample collection

This study adhered to the ethical principles of the
Declaration of Helsinki and Istanbul and was approved
by the Institutional Review Board (IRB) of Severance
Hospital (IRB number: 4-2018-0537). Informed consent
was obtained from all patients sequenced in this study.
For blood samples, 5–10 mL fresh peripheral blood was
collected in EDTA anticoagulant tubes. Liver tissue
samples were obtained through the liver needle biopsy
procedure. A 5.5–11 mg fragment of tissue was
preserved for snRNA-seq by snap freezing in liquid
nitrogen.

PBMC isolation

PBMCs were isolated from fresh peripheral blood
collected in EDTA tubes using HISTOPAQUE-1077
(Sigma-Aldrich) according to the manufacturer’s instruc-
tions. Blood was layered onto HISTOPAQUE-1077,
centrifuged, and the immune cell layer at the plasma–
density gradient interface was collected. Cells were
washed twice with PBS containing 2% FBS, resus-
pended and aliquoted at ~5 × 106 cells/mL, cryopre-
served in CELLBANKER 2, and stored in liquid
nitrogen. These PBMCs were used for both bulk and
single-cell RNA sequencing.

Nuclei isolation and preparation

Nuclei were isolated from snap-frozen tissue using the
10x Genomics Chromium Nuclei Isolation Kit with
RNase Inhibitor (PN-1000494), following the manufac-
turer’s protocol. Briefly, frozen samples were transferred
to pre-chilled Sample Dissociation Tubes, homogenized
in Lysis Buffer, and filtered through a Nuclei Isolation

Column. After debris removal and washing steps, nuclei
were resuspended in Wash and Resuspension Buffer.
The detailed protocol is available in the Chromium
Nuclei Isolation Reagent Kits User Guide (CG000505
Rev A). Following isolation, nuclei were counted,
normalized to the desired concentration, pooled, and
processed using the 10x Genomics single-cell 3’ v3.1
assay, followed by library preparation and Illumina
sequencing.

Library construction and sequencing

Library construction was performed using the 10x
Chromium Next GEM Single-cell 3’ Reagent Kits v3.1
(10x Genomics) according to the manufacturer’s proto-
col (CG000315 Rev E). Purified libraries were analyzed
by an Illumina NovaSeq. 6000 sequencing platform with
150 bp paired-end reads.

Sequencing data processing

Bulk PBMC RNA-seq BAM files were processed for
variant calling using GATK (v4.4.0.0) to genotype
individual patients. Variant calling was also performed
on pooled scRNA-seq (PBMC) and snRNA-seq (liver)
samples to enable demultiplexing by patient using
Souporcell. Raw scRNA-seq and snRNA-seq data
were aligned to the GRCh38 reference genome and
processed with CellBender[21] (v.0.3.0) to remove
ambient RNA contamination. DoubletFinder[22]

(v.2.0.3) was applied to detect and exclude potential
doublets. Seurat[23] (v.5.0.0) was used for quality
control and downstream analysis. Cells filtering criteria
included expression of 300–6000 genes and mito-
chondrial UMI fractions below 10% for PBMCs and
20% for liver nuclei. Highly variable genes (2000 for
PBMCs, 3000 for liver) were selected for principal
component analysis (PCA), and the top 30 compo-
nents were used for clustering. Batch effects were
corrected using the reciprocal PCA (RPCA) method
within Seurat.

Machine learning analysis

To predict liver fibrosis stages (mild: F0–F2;
advanced: F3–F4), we trained a LightGBM model
using candidate gene features. The model was
evaluated on the GSE135251 bulk liver dataset
(n= 206) using 4-fold stratified cross-validation, with
each fold comprising 154–155 training and 51–52
testing samples. Within each fold, data were standard-
ized, and top-ranked features were selected based on
feature importance. Model performance was assessed
using the AUROC.
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RESULTS

Single-cell and single-nucleus
transcriptomic profiling of PBMCs and liver
tissues

To investigate molecular heterogeneity in MASLD, we
collected 16 paired PBMCs and liver tissue samples
from 8 patients, including 4 with simple MASL and 4
with definite MASH. All cases were histologically
confirmed, and detailed clinical and histological char-
acteristics are presented in Supplemental Table S1,
http://links.lww.com/HC9/C137. PBMCs were used for
both single-cell and bulk RNA sequencing, while liver
tissue, obtained via needle biopsy, was used for
snRNA-seq. We specifically employed snRNA-seq for
liver tissues because this method provides excellent
utility for profiling single hepatocytes from frozen
tissues, offering superior preservation of nuclear RNA
integrity compared with scRNA-seq performed on snap-
frozen samples.[24] We pooled PBMC samples from all 8
patients for scRNA-seq and liver samples from the
same patients for snRNA-seq. Variant calling was
performed on bulk PBMC RNA-seq data to identify
patient-specific single-nucleotide polymorphisms
(SNPs), which were then applied in Souporcell[25] to
demultiplex and accurately assign each cell and
nucleus to its respective patient (Figures 1A, B). Quality
control filtering retained only singlet-assigned cells for
all further downstream analyses, with doublets and
unassigned cells excluded (Supplemental Figure S1A,
http://links.lww.com/HC9/C138).

To estimate the power and accuracy of donor
assignment, we generated a genotype correlation
heatmap (Supplemental Figure S1B, http://links.lww.
com/HC9/C138) using SNP variants shared between
PBMC and liver samples for each individual. The
Pearson correlation coefficients between matched
PBMC and liver samples for each donor were clearly
higher than the correlations between unmatched
donor pairs.

From a total of 36,588 captured single cells from
PBMCs, 24,492 passed quality control and were
profiled, revealing nine distinct cell lineages
(Figure 1C). While most identified clusters contained
cells from both conditions, distinct MASH-specific and
MASL-specific clusters were also observed (Figure 1D).
Each cluster was annotated based on the expression of
known lineage markers (Figure 1E and Supplemental
Figure S1C, http://links.lww.com/HC9/C138). From liver
tissues, a total of 35,154 nuclei were captured, with
18,652 profiled after quality control, revealing 10 distinct
clusters (Figure 1F). While nuclei from other liver cell
types included both MASL and MASH conditions,
hepatocytes exhibited greater heterogeneity, with dis-
tinct clustering patterns observed between the 2
conditions (Figure 1G). The liver cell types were

annotated based on known canonical markers
(Figure 1H and Supplemental Figure S1D, http://links.
lww.com/HC9/C138).

Characterization of hepatocyte subtypes
and functional pathways in MASLD
progression

Further analysis of 16,098 hepatocytes revealed 6
distinct populations (Figure 2A). Hepatocyte clusters 2,
4, and 5 predominantly comprised MASL cells, while
clusters 1 and 3 exhibited a higher proportion of MASH
cells. Cluster 6 included a similar proportion of both
MASL and MASH hepatocytes (Figures 2B, C). The
hep1 cluster was characterized by the expression of
RGN, AKR1D1, and ADAMTS17, which showed enrich-
ment in oxidative phosphorylation and N-glycan bio-
synthesis pathways (Figure 2D and Supplemental
Table S2, http://links.lww.com/HC9/C137). Hep2
showed high ALPK2, GRM8, and HYDIN expression,
with ALPK2 polymorphisms associated with female
MASH,[26] and enrichment of immune response-related
pathways. Hep3, the cluster with the highest proportion
of MASH cells, expressed IGF1, ZNF385D, and P4HA1.
IGF1 expression has been associated with fibrosis
stages, rising in stages 1 and 2 and decreasing by
stage 3,[27] aligning with our findings of high IGF1
expression in early-stage MASH samples (fibrosis
stages 1B and 2). Hep4 showed expression of
CTNNA3, PDK4, and LRRTM3, while hep5 expressed
PNPLA3, FDPS, and FDFT, with both clusters enriched
for ERBB signaling pathways. Hep6, a cluster with
similar proportions of MASL and MASH cells,
expressed RBMS3, ZEB2, and MAML2, indicating
activated Wnt/β-catenin and Notch signaling pathways.

Hepatocyte transcriptomic changes during
MASLD progression

Following our characterization of hepatocyte subtypes,
we performed pseudobulk analysis to identify tran-
scriptomic differences between MASL and MASH
hepatocytes. This approach identified comprehensive
transcriptomic differences between the 2 conditions,
providing broader insights into MASL-specific and
MASH-specific signatures. We identified 519 differen-
tially expressed genes between the MASL and MASH
groups, including 78 upregulated genes in MASH and
441 upregulated genes in MASL, showing condition-
specific molecular signatures (Figure 2E and Supple-
mental Table S3, http://links.lww.com/HC9/C137). Gene
set enrichment analysis (GSEA) showed increased
immune and inflammatory activation in MASH hepato-
cytes, with enrichment in T cell, natural killer (NK) cell,
chemokine, and cytokine signaling, indicating
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heightened immune cell recruitment and response (eg,
CXCL10, CCL20, LCP2). In addition, upregulation of
JAK–STAT (STAT1) and Notch (NOTCH1, MAML2)
pathways suggests their involvement in inflammation
and fibrosis,[28] promoting HSC activation, epithelial–
mesenchymal transition, and ductular reactions.[29]

Meanwhile, downregulation of pyruvate metabolism
and fatty acid biosynthesis pathways in MASH reflects
disrupted hepatocyte metabolism, contributing to cellu-
lar stress and injury (Figures 2F, G).

To identify progressive transcriptomic signatures
using healthy tissue as a baseline, we integrated
healthy hepatocyte data and examined sequential
gene expression changes across healthy, MASL, and
MASH conditions using the healthy liver snRNA-seq
dataset (GSE185477; Figure 2H).[24] By assessing

differentially expressed genes throughout disease
progression (Figure 2I), we found genes progressively
increased from healthy to MASH, associated with
transcriptional regulation and potential roles in tumor
progression (ZNF514), cell growth and apoptosis
(ABTB2, RASSF3), glycosylation and metabolism
(SLC35G1, GTDC1), and cellular trafficking and
signaling (SCAMP4, EHBP1). In contrast, genes that
gradually decreased in expression were linked to
folate metabolism (MTHFR, SHMT1), lipid metabolism
(APOA2, DHCR7), and DNA repair (POLD2, RBBP8),
suggesting roles in metabolic dysregulation and
cellular stress. This approach highlights genes with
potential as robust biomarkers, reflecting key regula-
tory shifts in hepatocyte transcriptomics during early
MASLD progression.
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F IGURE 2 Characterization and interactions of hepatocytes in human MASLD liver. (A) Clustering of 16,098 hepatocytes from MASL (n= 4)
and MASH (n=4) human livers. (B) UMAP projection of hepatocytes group by condition (MASL vs. MASH). (C) Proportions of hepatocyte
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To better understand the dynamic transcriptional
changes within hepatocytes during MASLD progres-
sion, we employed trajectory analysis and pseudotime
ordering (Monocle2)[30] to capture the continuous
spectrum of hepatocyte states transitioning from MASL
to MASH phenotypes (Figure 2J and Supplemental
Figure S2, http://links.lww.com/HC9/C139). Specifically,
we aimed to determine whether the DEGs identified in
our pseudobulk analysis exhibit progressive expression
changes along the MASLD trajectory. The pseudotime
analysis revealed a well-aligned transition, with early
pseudotime cells predominantly corresponding to MASL
and late pseudotime cells aligning with MASH. In early
cells, pathways related to phosphatidylinositol bio-
synthetic processes and extracellular matrix (ECM)
organization were activated, whereas late cells showed
predominant activation of pathways associated with NK/
T cell activation and regulation of endocytosis (Supple-
mental Table S4, http://links.lww.com/HC9/C137).
Beyond parenchymal cells, we also characterized
liver-resident immune cell populations. Kupffer cells
accounted for the largest fraction in both conditions,
while CD8+ T cells and NK cells were the next most
represented populations in MASL and MASH, respec-
tively (Supplemental Figure S3, http://links.lww.com/
HC9/C140).

Enhanced fibrosis and inflammation
signaling during MASLD progression

Next, we identified ligand–receptor signaling pathways
in MASLD using CellChat,[31] categorized into metabolic
and lipid regulation (ApoA, Glutamate), immune and
inflammatory response (MHC-I, MHC-II, Complement,
VCAM, ADGRE), and tissue remodeling and fibrosis
(CDH, SEMA6, TENASCIN, CD99) (Figure 2K). The
ApoA1–ABCA1 signaling pathway facilitates cholesterol
efflux via ABCA1 and HDL synthesis through ApoA1.[32]

This pathway was enriched in cholangiocyte-to-hepato-
cyte interactions within MASL and may contribute to
lipid homeostasis by mitigating fat accumulation during

early disease stages. Glutamate signaling involved
cholangiocytes, hepatocytes, and HSCs and exhibited
2 distinct regulatory modes: inhibitory GRM8 (mGluR8)
signaling in MASL and excitatory GRIA3 (AMPA)
signaling in MASH. In MASL, GRM8 signaling poten-
tially maintained metabolic balance while suppressing
pro-inflammatory cytokine release.[33] In contrast,
GRIA3 signaling in MASH correlated with lipid accumu-
lation and oxidative stress.[34] Complement signaling,
along with MHC-I and MHC-II activation, was observed
in MASL, indicating an early-phase immune response.
VCAM and ADGRE signaling between endothelial cells
and Kupffer cells suggested innate immune cell
infiltration during this stage. MHC-II activation became
more prominent in MASH, reflecting a shift toward
adaptive immune responses as the disease progresses.
CDH signaling, which regulates cell adhesion and
migration through cadherin interactions, was active in
hepatocytes, cholangiocytes, and HSCs during MASH,
consistent with enhanced fibrosis and tissue remodel-
ing. SEMA6A–PlxnA2 interactions were enriched in
MASL and were associated with cell migration and
architectural regulation. These findings reveal distinct
ligand–receptor signaling patterns across MASLD
stages, reflecting shifts in metabolic regulation, immune
responses, and tissue remodeling processes during
disease progression (Figure 2L and Supplemental
Figure S4, http://links.lww.com/HC9/C141).

Immune activation and stress response in
CD4+ T cells during progression to MASH

In total, 15,717 cells were clustered into 10 groups,
including CD4 T naive, CD4 central memory T (CD4
Tcm), CD4 effector memory T (CD4 Tem), CD8 T naive,
CD8 central memory T (CD8 Tcm), CD8 effector
memory T (CD8 Tem), innate lymphoid cells (ILC), NK
cells, activated regulatory T cells (aTreg), and resting
regulatory T cells (rTreg) (Figure 3A), with both MASL
and MASH cells present in each cluster (Figure 3B).
Each cluster was annotated using canonical marker

subpopulations in MASL and MASH livers. (D) Dot plot of hepatocyte cluster marker genes. (E) Heatmap of significant (adjusted p-value <0.05)
DEGs from pseudobulk analysis (MASL vs. MASH), color-coded by genotype ID and condition. (F) Bar plot of significant (adjusted p-value <0.05)
KEGG pathways from GSEA using pseudobulk DEGs (MASL vs. MASH). Red bars indicate pathways enriched in MASH, while blue bars indicate
pathways enriched in MASL. (G) GSEA enrichment plot of selected KEGG pathways. Leading-edge genes for each pathway are displayed. (H)
UMAP projection of integrated hepatocyte data from Healthy (n=4, GSE185477), MASL (n=4), and MASH (n=4) human livers. (I) Heatmap of
genes showing progressive changes across Healthy, MASL, and MASH conditions. (J) Trajectory visualization of hepatocytes along pseudotime,
with cells colored by pseudotime value (top left) and condition (MASL and MASH, top right). Pseudotemporal heatmap (middle) is grouped by
hierarchical clustering (k=2), with exemplar genes labeled, and representative GO terms associated with each cluster (bottom). (K) Heatmap
showing the contribution of signaling pathways in MASL (left) and MASH (right). The right bar plot shows the total signaling strength of a signaling
pathway by summarizing all cell groups displayed in the heatmap. (L) Dot plot of significant ligand–receptor interactions predicted by CellChat.
Abbreviations: DEGs, differentially expressed genes; GO, Gene Ontology; GSEA, gene set enrichment analysis; KEGG, Kyoto Encyclopedia of
Genes and Genomes; MASH, metabolic dysfunction–associated steatohepatitis; MASL, metabolic dysfunction–associated steatotic liver; MASLD,
metabolic dysfunction–associated steatotic liver disease; UMAP, uniform manifold approximation and projection.
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subpopulation (right). (E) Heatmap of significant (adjusted p-value <0.05) DEGs from pseudobulk analysis in CD4T. (F) Bar plot of significant
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genes to confirm cell type identities (Figure 3C). Cell
type proportion comparison analysis revealed that in
MASH, CD4 Tcm, aTreg, and NK cells were aug-
mented, whereas CD4 T naive cells and ILC were
depleted, reflecting shifts in immune cell balance during
disease progression (Supplemental Figure S5, http://
links.lww.com/HC9/C142).

Regulatory T cells (Tregs) are essential for immune
tolerance and inflammation control and can be divided
into functionally distinct subsets.[35] However, their roles
in MASLD PBMCs remain poorly understood. Here, we
identified 2 major Treg subsets—resting Tregs (rTregs)
and activated Tregs (aTregs)—and compared their
proportions between MASL and MASH conditions
(Figure 3D). The analysis revealed an increase in
aTreg proportion in MASH compared with MASL. Gene
expression analysis showed that aTregs exhibited
elevated expression of CTLA4, CCR6, ITGB1, and
IL32, which are associated with immune suppression
and activation, whereas rTregs expressed higher levels
of CCR7, BACH2, and SELL, indicating their role in
maintaining stability and migratory capacity. These
findings suggest that aTregs exist in a more activated
state within the inflammatory environment of MASH,
reflecting their dual role in MASLD pathogenesis, where
Tregs typically exert protective effects against inflam-
mation while potentially promoting fibrosis through TGF-
β secretion. The increased proportion of aTregs in
MASH PBMCs observed in our study supports the
emerging evidence that Tregs may contribute to fibrosis
progression in MASLD.

In the pseudobulk analysis of CD4+ T cells, MASH
showed increased expression of genes linked to
immune activation (HLA-DPA1), oxidative stress
(DDIT4, JUNB), mitochondrial function (NR4A2,
MTFP1), and endoplasmic reticulum (ER) stress (HER-
PUD1, TIPARP). In contrast, MASL showed increased
expression of genes associated with metabolic regula-
tion (LINC00861, AK5), cell signaling (ARL17A/B,
PTPRM), and energy homeostasis (AK5) (Figure 3E
and Supplemental Table S5, http://links.lww.com/HC9/
C137). In the pathway analysis of CD4+ T cells,
upregulation of pathways related to immune activation
and cellular stress was observed, such as antigen
processing and presentation, unfolded protein

response, apoptosis, and IL-6–JAK–STAT3 signaling
for MASH. Metabolic pathways, including Myc targets
v1, mTORC1 signaling, and adipogenesis, were also
enriched in MASH, suggesting metabolic dysregulation.
In contrast, pathways related to oxygen transport
(hemoglobin binding), lipid homeostasis (lipoprotein
clearance), and immune cell adhesion (leukocyte
tethering) were downregulated (Figure 3F).

In summary, these results highlight the critical
involvement of CD4+ T cells in the inflammatory and
stress response in MASH, with their activation and
stress-related pathways potentially driving immune
dysregulation and metabolic disturbances that contrib-
ute to disease progression.

Immune exhaustion and metabolic
reprogramming in MASH PBMCs

Next, we analyzed exhaustion marker expression
across all cell types. Notably, CD8+ Tem and NK cells
showed distinct patterns (Figure 3G). In MASL,
HAVCR2 (TIM-3) was higher in CD8+ Tem cells, while
LAG3 was lower in NK cells. In MASH, HAVCR2 (TIM-
3) was lower in CD8+ Tem cells, and LAG3 was higher
in NK cells, reflecting differential exhaustion marker
expression between the conditions.

To explore whether these immune alterations extend
to global transcriptional changes, we analyzed PBMC
bulk RNA sequencing data, revealing significant MASH-
associated pathways (Figure 3H and Supplemental
Table S6, http://links.lww.com/HC9/C137). Pathways
related to immune activation, inflammation, cell cycle
regulation, stress response, and cell death were upregu-
lated in MASH, whereas pathways linked to energy
metabolism (glycolysis) and heme/oxygen transport
(heme metabolism, oxygen binding, hemoglobin binding)
were downregulated. Interestingly, unlike the reduced
hepatic OXPHOS capacity typically observed in MASH
due to mitochondrial dysfunction,[36] PBMCs showed
increased OXPHOS pathways alongside decreased
glycolysis. This metabolic adaptation is characteristic
of chronic immune activation, where sustained stimula-
tion drives T cells toward exhaustion or alternative
metabolic programming. While activated T cells

(adjusted p-value <0.05) pathways from GSEA using CD4T pseudobulk DEGs (MASH vs. MASL). Red bars indicate pathways enriched in
MASH, while blue bars indicate pathways enriched in MASL. (G) Violin plot of HAVCR2 expression in CD8 Tem cells (left) and LAG3 expression in
NK cells (right) comparing MASL and MASH conditions. (H) Dot plot of significant pathways (adjusted p-value <0.05, |NES| > 1) from GSEA using
PBMC bulk RNA-seq data. Dot size represents the adjusted p-value, and color intensity indicates the NES, with NES >1 indicating pathways
enriched in MASH and NES <−1 indicating pathways enriched in MASL. (I) Heatmap showing the contribution of signaling pathways in MASL
(left) and MASH (right). Color intensity indicates the relative signaling strength. (J) Significant ligand–receptor interactions predicted by CellChat.
Abbreviations: DEGs, differentially expressed genes; GSEA, gene set enrichment analysis; ILC, innate lymphocyte cell; MASH, metabolic
dysfunction–associated steatohepatitis; MASL, metabolic dysfunction–associated steatotic liver; MASLD, metabolic dysfunction–associated
steatotic liver disease; NES, normalized enrichment score; NK, natural killer; PBMC, peripheral blood mononuclear cell; UMAP, uniform manifold
approximation and projection.
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predominantly rely on glycolysis for rapid energy
production and robust immune responses, chronically
stimulated or memory T cells shift their metabolic
preference toward OXPHOS.[37,38]

Distinct PBMC interaction patterns reflect
immune response differences in early-
stage MASLD

Cell–cell interaction analysis revealed distinct immune
signaling patterns in early-stage (F0–F2) MASL and
MASH, reflecting differences in immune responses
during disease progression. Key signaling pathways
fall into 4 major categories: immune cell migration and
adhesion (ICAM, SELPLG, PECAM), inflammatory
response and cytokine signaling (MIF, IL16, CysLTs,
PARs), T cell activation and immune regulation (CD6,
CD160, ICOS), and metabolic and tissue remodeling
(CHOLESTEROL, THBS, COLLAGEN) (Figure 3I). In
MASH, interactions promoting immune cell migration
and activation were enhanced. Notably, increased
ICAM1/2–ITGAL/ITGB2 signaling facilitated leukocyte–
endothelial adhesion, mainly in monocytes and NK
cells. MIF-(CD74+CXCR4/CD44) signaling mediated
immune activation and trafficking, enriched in NK, T,
and B cells. THBS1–receptor interactions drove
immune infiltration and inflammatory cytokine produc-
tion, especially in monocytes. ICOS-ICOSL/CD28 sig-
naling between B and T cells was present but less
prominent than other MASH-related pathways
(Figure 3J). In contrast, MASL exhibited distinct
patterns, with early immune activation involving
CD160-mediated NK and T cell regulation and
SELPLG–SELL adhesion. Metabolic and tissue remod-
eling signals such as CHOLESTEROL–LIPA–RORA,
linked to lipid metabolism and inflammation, and
COL6A2-CD44, associated with ECM reorganization,
were also observed (Supplemental Figure S6, http://
links.lww.com/HC9/C143). These pathways indicate an
initial immune and metabolic response, but were less
intense than in MASH.

These results suggest PBMC immune responses
evolve from early activation in MASL to heightened
immune activity and metabolic reprogramming in
MASH, marking a shift from transient immune engage-
ment to chronic inflammation. Importantly, such
changes appear before advanced fibrosis (F3–F4),
indicating immune signaling alterations are closely tied
to early MASH progression.

Validation using public bulk RNA-seq
datasets

To validate our findings, we analyzed public bulk
RNA-seq datasets: liver (GSE130970[39]) and PBMC

(GSE267032[40]) datasets grouped into MASL-like and
MASH-like categories. CIBERSORTx digital cytometry
using custom signature matrices showed correlations
between bulk deconvolution and single-cell mean cell
fractions. Liver compositions showed correlations of
r=0.90–0.91, while PBMC populations displayed vari-
able concordance (MASL: r= 0.82, MASH: r=0.55),
with higher liver correlations likely influenced by
hepatocyte-dominant composition and limited immune
cell capture during nuclei isolation (Supplemental
Figure S7A, http://links.lww.com/HC9/C144, and
S8A, http://links.lww.com/HC9/C145). GSVA analysis
showed substantial concordance. For hepatocyte path-
ways, 87.5% (14/16) were directionally consistent, with
6 reaching statistical significance: apoptosis, chemo-
kine signaling, p53 signaling, T cell receptor signaling,
Toll-like receptor signaling, and VEGF signaling (Sup-
plemental Figure S7B, http://links.lww.com/HC9/C144).
For PBMC pathways, 78.3% (18/23) were consistent,
with 5 significant: E2F targets, IL2-STAT5 signaling,
mTORC1 signaling, MYC targets V1, and unfolded
protein response (Supplemental Figure S8B, http://
links.lww.com/HC9/C145).

PBMC–liver tissue interactions reveal
immune-liver communication in MASLD

To investigate PBMC–liver interactions in MASLD, we
leveraged our paired samples to integrate liver and
PBMC datasets, providing a more comprehensive view
of the cellular landscape. This integration captured
diverse cell types, including hepatocytes, nonparenchy-
mal cells, and various immune populations (Figure 4A).
Using this integrated dataset, we performed cell–cell
interaction analysis to examine differential interaction
strength between liver and PBMC cell types in MASL
and MASH. A key observation was the increased
predicted interaction between liver HSCs and PBMC
NK cells in MASH compared with MASL, suggesting a
significant shift in PBMC–liver communication that may
contribute to fibrosis progression (Figure 4B and
Supplemental Figure S9, http://links.lww.com/HC9/
C146). In MASH, the predicted upregulation of
LAMA2–CD44 and LAMB1–CD44 signaling, which
mediates ECM–immune cell interactions, strengthens
PBMC–liver interactions between PBMC NK cells and
liver HSCs. Given HSCs’ role in fibrosis and NK cells’
ability to modulate HSC activation, this CD44-mediated
interaction may facilitate the recruitment and retention
of PBMC-derived NK cells in fibrotic liver tissue,
enhancing local fibrogenic signaling. This hypothesis
is supported by previous findings showing CD44
expression on HSCs and its functional role in ECM
remodeling.[41,42] Together, these findings suggest that
CD44 signaling may promote HSC activation and ECM
remodeling, potentially accelerating fibrosis progression
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and contributing to a fibrotic microenvironment that
amplifies immune responses in MASH.

Early transcriptional changes as indicators
of fibrosis progression

To validate our previously identified candidate genes as
early markers of disease progression in a large public
cohort, we established a robust classifier for fibrosis
stages (F0–F2 vs. F3–F4). We first identified 695

candidate genes (310 liver-derived and 386 PBMC-
derived) from differential expression analysis between
MASL (F0, F1A) and MASH (F1A, F1B, F2). These
candidates were further refined using a public liver bulk
RNA-seq dataset (GSE135251) and feature selection
with LightGBM (LGBM). The dataset was randomly split
into 75% training and 25% testing sets (154–155
training and 51–52 testing samples per fold), with 4-
fold stratified cross-validation to ensure robustness.
After standardizing gene expression, we trained an
initial LGBM model with all candidate genes and ranked
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them by feature importance. The top 10 liver-derived
genes were selected based on feature importance, and
their classification performance was evaluated using the
ROC curve. The model achieved an AUC of 0.90,
indicating strong classification performance (Figure 4C).
Similarly, feature selection on the PBMC-derived
candidate genes identified 13 key genes with the
highest predictive value. This model slightly outper-
formed the liver-derived model, with an AUC of 0.92
(Figure 4D). We then performed feature selection
across the full set of 695 candidate genes (310 liver-
derived, 386 PBMC-derived), identifying a refined set of
19 key genes (10 liver-derived, 9 PBMC-derived). Most
overlapped with top-ranking genes from previous
analyses, but 3 additional genes (PCDHGA6, OSTN-
AS1, EMG1) emerged from this combined approach.
This final model achieved the highest AUC of 0.93,
outperforming models using liver or PBMC genes alone
(Figure 4E). This suggests that the newly identified
genes may play a potential role in fibrosis progression
by capturing interactions between liver-specific signals
and systemic immune responses reflected in PBMCs.
To further evaluate the generalizability of our classifier,
we validated the model using an independent external
liver bulk RNA-seq dataset (GSE130970). The liver,
PBMC, and combined gene models achieved AUCs of
0.85, 0.84, and 0.87, respectively, indicating good
predictive performance even in an independent cohort
(Supplemental Figure S10, http://links.lww.com/HC9/
C147.

Notably, the fibrosis classifier, built from F0–F2 stage
patients, demonstrated strong predictive power even
when distinguishing between F0–F2 and F3–F4 stages.
This finding implies that molecular changes occurring in
early-stage MASLD may not only reflect the current
fibrosis stage but also serve as early indicators of future
fibrosis progression.

DISCUSSION

Since some novel pharmacological approaches, in
addition to lifestyle modification, have become available
to manage MASLD nowadays, recognition of MASLD
disease progression earlier from MASL to MASH might
be quite important to prevent liver-related morbidity and
mortality. This study provides new insights into the early
disease progression of MASLD from MASL to MASH by
integrating paired snRNA-seq of liver tissue and
scRNA-seq of PBMCs. While most previous research
has focused on immune and nonparenchymal cells
within liver tissue, our approach of analyzing both liver
and PBMCs offers a more comprehensive view of the
disease. By identifying key transcriptomic changes that
distinguish MASL from MASH, we highlight the early
molecular shifts that drive disease progression. This
work emphasizes the importance of studying early-

stage MASLD and reveals how both localized liver
changes and systemic immune alterations contribute to
the transition from MASL to MASH.

Our hepatocyte analysis revealed fundamental
molecular reprogramming during MASLD progression.
First, immune activation pathways, including TLR, JAK–
STAT, and NOTCH signaling, were significantly upre-
gulated in MASH compared with MASL, consistent with
previous reports. This immune activation was further
supported by our pseudotime analysis, which demon-
strated a striking shift in hepatocyte function as the
disease progressed. Early MASL hepatocytes exhibited
enrichment of phosphatidylinositol biosynthesis and
ECM remodeling pathways, reflecting structural and
metabolic adaptations to lipid accumulation. As cells
transitioned to the MASH state, we observed a marked
increase in NK/T cell activation and endocytosis
regulation pathways, suggesting hepatocytes actively
participate in immune modulation during disease
progression.

The increased endocytosis pathways in MASH
hepatocytes are particularly noteworthy, as they likely
facilitate recognition of danger signals through pattern
recognition receptors like TLR4, which has been
implicated in MASH pathogenesis.[43] Concurrently, we
observed a gradual reduction in phosphatidylinositol
(PtdIns) biosynthesis as cells progressed along the
pseudotime trajectory toward the MASH phenotype,
which may contribute to disease progression through
multiple mechanisms. Recent studies have shown that
disruption of cellular PtdIns supply induces steatosis
similar to inositol deficiency.[41,44] As PtdIns is a major
component of ER membranes, insufficient PtdIns can
activate ER stress response pathways and promote
MASLD development. In addition, we observed a
progressive decrease in fatty acid metabolism in MASH,
supporting the role of lipotoxicity and mitochondrial
dysfunction in MASH pathogenesis.

These findings collectively indicate a fundamental
shift in hepatocyte function during MASLD progression
—from maintaining tissue homeostasis and extracellu-
lar environment remodeling to adopting a defensive
posture characterized by immune activation and altered
endocytic processing. The increased NK/T cell activa-
tion pathways in MASH hepatocytes are particularly
interesting, as recent studies have shown complex
interactions between hepatocytes and NKT cells during
MASLD progression.[45,46] Hepatocytes can present
lipid antigens to NKT cells via CD1d, which is
upregulated in MASH livers. This interaction can lead
to NKT cell activation, which in turn can affect
hepatocytes through various mechanisms, including
TNF-α secretion that may either promote hepatocyte
death or regeneration depending on the context. In
addition, activated NKT cells can enhance lipid uptake
by hepatocytes through secretion of TNFSF14 (LIGHT),
potentially exacerbating steatosis.[46] This metabolic
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reprioritization likely represents hepatocytes’ response
to increasing inflammatory signals and cellular stress.
Our results emphasize that hepatocytes are not merely
passive targets in MASLD but active participants driving
both immune activation and disease pathophysiology,
even in early disease stages.

PBMC analysis revealed important systemic immune
changes in MASH, with immune regulation mechanisms
engaged even in early-stage disease. We identified a
shift in CD4+ T cell gene expression toward immune
activation and oxidative stress, corroborating previous
studies linking these features to MASLD progression.
Notably, we observed an increased proportion of
activated Tregs in MASH PBMCs, aligning with recent
studies showing Tregs’ complex role in MASLD, where
they may exert both anti-inflammatory effects through IL-
10 secretion and pro-fibrotic effects through TGF-β
secretion.[47] Mouse models have demonstrated that
Treg depletion can alleviate steatosis and hepatocyte
injury at early disease stages, suggesting their potential
contribution to disease progression.[48] Our findings of
heightened immune activation in early MASH support the
broader understanding of MASLD progression, where
both innate and adaptive immune responses are initially
activated at early disease stages. However, studies of
advanced disease suggest that immune activity may
decline over time, transitioning to functionally less active
phenotypes in later stages.[49] These results characterize
MASLD as a systemic disorder with coordinated immune
responses across multiple compartments, with immune
dysregulation present even in early disease stages (F0–
F2), before fibrosis develops. Importantly, this systemic
nature may explain why our PBMC-derived gene
signatures demonstrated strong predictive performance
in independent liver bulk RNA-seq datasets—reflecting
hepatic–systemic immune crosstalk, where intrahepatic
immune and fibrotic processes are partially associated
with peripheral blood immune transcriptomes. In addition,
the highly vascularized liver tissue may capture immune
cells during biopsy sampling, especially in inflamed or
fibrotic states, further supporting the predictive capacity
of PBMC-derived markers in liver datasets.

This study is limited by its small sample size (16
paired liver–PBMC samples from 8 patients), which
restricts its ability to capture the full heterogeneity of
MASLD. Future studies should validate these findings in
larger, multicenter cohorts, with both in vivo and in vitro
experiments to further confirm and elucidate the
predicted cell–cell interactions and their functional roles.
While our findings demonstrated strong predictive
performance in an independent validation dataset
(AUC=0.93), additional validation with histological
and serum protein-level analyses is needed to confirm
the clinical relevance of these molecular markers.
Incorporating these approaches will strengthen the
biological implications of our study and improve the
translation of these findings to clinical practice.
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