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Integrating multi-omics and machine learning
systematically deciphers cellular
heterogeneity and fibrotic regulatory networks
in the progression from MASLD to MASH
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The progression from metabolic dysfunction-associated steatotic liver disease (MASLD) to metabolic
dysfunction-associated steatohepatitis (MASH) is a critical link leading to cirrhosis and hepatocellular
carcinoma. Yet the responsible cellular programs remain unclear. We integrated public single-cell,
spatial, and bulk transcriptomic datasets to map microenvironmental remodeling and regulatory
networks during MASLD-MASH progression. Among the seven major liver cell types identified,
monocytes/macrophages and hepatic stellate cells (HSCs) were significantly enriched and
demonstrated spatial co-localization within the context of MASH. We identified a DTNA-+distinct
macrophage subpopulation that was specifically enriched in MASH. This subpopulation exhibited
characteristics consistent with M2 polarization, hypoxia, and enhanced inflammatory signaling.
Pseudotime trajectory analysis revealed that this state represents a differentiation pathway originating
from Kupffer cells to the DTNA+ state. RUNX2 emerged as the key transcriptional regulator. Cell
communication analysis demonstrated that DTNA+ macrophages potentially interact with activated
HSCs via the RUNX2-PLG-PARDS3 axis, contributing to the exacerbation of liver fibrosis. Finally,
ensemble machine learning models (mean AUC = 0.839), identified DTNA as the optimal predictive
biomarker for distinguishing MASLD from MASH. This study highlight DTNA+ macrophages and the
RUNX2-PLG-PARD3 axis as candidate mechanisms and targets for non-invasive diagnosis and
therapy in MASH.

MASLD has emerged as the most prevalent chronic liver disease worldwide,  is continuously rising, and this disease is now recognized as an independent
affecting approximately 38% of the adult population globally, with an  risk factor for hepatocellular carcinoma (HCC)’. The pathological spectrum
incidence rate of approximately 50 new cases per 1000 person-years. Its  of MASLD ranges from simple steatosis to MASH, the latter being char-
prevalence is notably higher in individuals with obesity and type 2 diabetes'.  acterized by inflammation, hepatocyte injury, and fibrosis. Approximately
Driven by changes in lifestyle and dietary patterns, the incidence of MASLD  20-30% of MASH patients ultimately progress to cirrhosis and potentially
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HCC’. Although the “multiple-hit” model, involving lipid accumulation,
oxidative stress, inflammatory cell infiltration, and fibrotic activation, is
implicated in the transition from MASLD to MASH, the precise underlying
molecular mechanisms remain to be determined. This knowledge gap has
hindered the development of reliable biomarkers for early prediction and
effective intervention strategies’. Conventional diagnostic tools, such as
imaging and biochemical markers (e.g, liver enzymes and fibrosis scores),
are widely used but fail to capture the cellular-level heterogeneity of disease
progression, often resulting in diagnostic delays and missed therapeutic
windows’.

While conventional bulk transcriptomics has led to the identifi-
cation of differentially expressed genes in MASLD/MASH, these
methods average signals across all cells, consequently overlooking the
cellular heterogeneity and spatial organization within the liver tissue.
They are thus unable to resolve the specific cell subpopulations driving
disease progression’. The recent rapid development of scRNA-seq and
spatial transcriptomics has provided powerful tools for dissecting this
complex tissue microenvironment. Specifically, sScRNA-seq enables the
identification of cell subpopulations, developmental trajectories, and
regulatory networks. Spatial transcriptomics complements this by
preserving tissue architecture, thereby revealing the spatial proximity
and interactions among cells”*. Furthermore, the combination of multi-
omics integration analysis with machine learning algorithms has been
successfully applied to biomarker screening and predictive model
construction in various diseases’. The application of these technologies
in liver disease research has demonstrated that macrophages and HSCs
play critical roles in fibrosis progression. For example, it has been shown
that inflammatory macrophages can activate HSCs by secreting cyto-
kines, thereby promoting collagen deposition™.

Current research on MASLD/MASH progression is limited by
incomplete characterization of cellular heterogeneity in liver diseases
and insufficient integration of multi-omics data. For instance, although
scRNA-seq has revealed the diversity of HSC subpopulations and
macrophage heterogeneity in the human liver, it often lacks spatial
context due to tissue dissociation biases and has limited capacity for
capturing rare cell types'' ™. Furthermore, multi-omics integration for
MASLD/MASH is constrained by challenges such as the handling of
missing data, the interpretation of high-dimensional data, and the
selection of optimal omics combinations'*™'®. This has resulted in a
limited understanding of the disease’s dynamic progression, as well as a
scarcity of dynamic trajectory analyses and translational predictive
models targeted at disease advancement. In this study, we sought to
address this gap by integrating scRNA-seq, spatial transcriptomics, and
bulk RNA-seq data from public datasets. Using this approach, we sys-
tematically resolved the key cell subpopulations, molecular networks,
and regulatory mechanisms driving the transition from MASLD to
MASH. Specifically, we identified a core population of DTNA+ mac-
rophages that drives this progression by interacting with activated
HSCs associated with the RUNX2-PLG-PARD3 axis, thereby exacer-
bating fibrosis. Concurrently, we employed machine learning models to
evaluate the predictive value of these key markers. This research not
only uncovered a novel role for myeloid cells within the liver micro-
environment but also provides a theoretical basis and potential bio-
markers for the early diagnosis of, and precision intervention in
MASLD/MASH.

Results

The integration of single-cell and spatial transcriptomic atlases
reveals the potential role of monocytes/macrophages in MASH
progression

The study design is shown in Fig. 1. To explore the heterogeneity of MASLD,
we integrated 115 samples from five scRNA-seq datasets: GSE289173,
GSE212837, GSE202379, GSE189600, and GSE189175 (Fig. 2A, B; Sup-
plementary Table 1), together with additional bulk transcriptomic datasets
(RNA-seq and microarray), spatial transcriptomic data, and ATAC-seq

datasets collected from public repositories (Supplementary Table 2). Among
them, the single-cell cohort comprised 14 MASLD samples, 66 MASH
samples, and 35 healthy control liver tissue samples (Fig. 2C). The MASH
group was further stratified to include 9 cases of eMASH and 10 cases of
aMASH. In total, 570,194 cells were retained for subsequent analysis and
clustered into seven major cell types (Fig. 2D). These were annotated based
on canonical marker gene expression, as follows: hepatocytes (n = 322,546;
ASGR1, CYP3A4), endothelial cells (n=93,372; STAB2), T cells
(n=64,205; CD3E, CD2), monocytes/macrophages (n=37,907; CD163,
MARCO), HSCs (n = 26,073; DCN, COL3A1), cholangiocytes (n = 20,910;
KRT7, CFTR), and B cells (n = 5181; MS4A1, CD79A). These annotations
were validated via a dot plot, which confirmed the distinct expression levels
of marker genes in each cluster (Fig. 2E). The same cellular composition and
expression patterns were also identified in the validation cohort (Fig.
SIA, B).

Although all seven major cell types were present across all groups, the
infiltration levels varied across populations, potentially reflecting differences
in the stages of MASLD progression. Among these major cell types,
monocytes/macrophages and HSCs were significantly enriched in MASH
(Fig. 2F). We quantified the proportional distribution of various cell types
across MASLD, MASH, and Healthy groups. The results showed that the
proportions of both hepatic stellate cells and monocytes/macrophages were
increased in the NASH group (Supplementary Table 3). This enrichment
was further confirmed in the validation cohort, where the numbers of
monocytes/macrophages were found to be significantly increased in mice
fed a high-fat high-fructose diet (HFHFD) for 30 weeks (Fig. S1C, D).
Furthermore, compared with eMASH, the proportion of HSCs was further
elevated in aMASH samples (Fig. 2G). We assessed the activity of
metabolism-related pathways in each cell type using gene set enrichment
analysis (GSEA), and revealing significant metabolic reprogramming in
hepatocytes (Fig. 2H). Moreover, spatial deconvolution analysis using
RCTD on seven MASH spatial transcriptomics samples revealed that there
was a high degree of spatial co-localization between monocytes/macro-
phages and HSCs (Figs. 2I and S2). These findings suggest that monocytes/
macrophages constitute a cell type that extensively interacts with HSCs,
emphasizing the importance of exploring the heterogeneity of monocytes/
macrophages as well as the characteristics underlying their associations with
HSCs in MASH.

Identification of five HSC subtypes in liver tissue

To identify the five HSC-related subtypes in liver tissue (quiescent HSCs
[qHSCs], intermediate HSCs [inHSCs], activated HSCs [aHSCs],
hepatocyte-like HSCs [hep-like HSCs], and smooth muscle cells
[SMCs]), we first performed UMAP-based dimensional reduction and
clustering analysis (Fig. 3A). This achieved a clear separation of the five
subtypes in two-dimensional space, with each subtype forming a distinct
cluster with clear boundaries. This representation illustrated the popu-
lation differentiation characteristics of the different subtypes, thereby
providing a visual typing basis for subsequent identification. Further
analysis of the gene expression markers for each subtype using a bubble
plot (Fig. 3B and Supplementary Table 4) showed that resting-state-
related genes, such as RELN, were highly expressed in gHSCs. In aHSCs,
the expression of inflammation and activation markers such as KALRN
and ITGBL1 was significantly upregulated. Smooth muscle
differentiation-related genes, such as MYHI1, were specifically highly
expressed in SMCs. Hep-like HSCs and inHSCs also showed unique gene
expression patterns, thus validating the identity of each subtype based on
differential marker gene expression.

Quantitative analysis using the Ro/e ratio (the ratio of observed to
expected cell numbers, used to highlight dynamic changes in cell
subpopulations during disease progression) (Fig. 3C) showed that,
with disease progression (from MASLD to MASH), the Ro/e value of
aHSCs increased, whereas that of qHSCs decreased. A comparison
specifically between eMASH and aMASH demonstrated that the Ro/e
value of aHSCs was higher in aMASH than in eMASH (Fig. 3D).
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Multi-Omics integration and Machine Learning
Pipeline for MASLD-MASH progression

Data Acquisition

Integrate 115 scRNA-seq samples, 7 spatial transcriptomics,
and multiple bulk RNA-seq datasets from GEO

scRNA-seq Processing & QC

Seurat v4.3.0: Scale data, 3000 HVGs, PCA, Harmony batch
correction, Clustering, UMAP visualization

Cell Annotation & Subclustering

Annotate 7 major types; subcluster monocytes/macrophages
(e.g., DTNA+subtype) and HSCs using markers

. ! ~

Trajectory Inference Transcriptional Regulation Cell Communication
pySCENIC: GENIE3 co-expression,
Rics Target regulons(360 identified),
AUCell scoring; CSI clustering into
multiple modules

CellChat: Infer ligand-receptor pairs
(e.g., RUNX2-PLG-PARD3 axis between
DTNA+ macrophages and aHSCS)

-

Monocle2 for pseudotime, CytoTRACE
for differentiation potential on
monocytes/macrophages and HSCs

\ o

Multi-Omics Integration

Spatial deconvolution(RCTD) for co-localization;
GSEA on bulk data

Machine Learning Biomarkers Screening
113 ensemble models(Lasso, Random Forest, etc.);
optimal Enet[alpha=0.9] (mean AUC=0.839); biomarkers
like DTNA

Results & Conclusions

DTNA-+macrophages may promote MASH associated
with the RUNX2-PLG-PARD3 axis; A machine-learning
model identified DTNA as the optimal predictive biomarker

Fig. 1 | Flow chart of the study.

Collectively, these findings precisely illustrate the dynamic changes in  groups (Fig. 3E, F and Supplementary Table 5). The results indicated that
the characteristics of the five HSC subtypes throughout the patholo- HSCs in the MASLD group were primarily enriched in pathways such as
gical process. Axon Guidance, Relaxin Signaling Pathway, and Dopaminergic Synapse. In

To further elucidate the differences in HSCs between MASLD and  contrast, HSCs in the MASH group were mainly enriched in pathways
MASH, we performed a differential analysis of the HSCs from the two  related to Cholesterol Metabolism and Bile Secretion.
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Fig. 2 | Integrated single-cell and spatial transcriptomic landscape of MASLD

progression. UMAP analysis of the discovery cohort across five datasets before (A)
and after (B) batch-effect removal. C UMAP plots colored by disease status: Healthy
(red), MASLD (green), and MASH (blue). D UMAP visualization of the seven major
cell types identified in the discovery cohort. E Ratio of observed to expected (Ro/e)
for major cell types in Healthy, MASLD, and MASH groups. F Ro/e comparison of
major cell types between early MASH (eMASH) and advanced MASH (aMASH).
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Fig. 3 | Identification and differentiation trajectory of hepatic stellate-cell (HSC)
subtypes. A UMAP visualization of five HSC subtypes in liver tissue: quiescent HSC
(qHSC), inflammatory HSC (inHSC), activated HSC (aHSC), hepatocyte-like HSC
(hep-like HSC), and smooth-muscle-cell-like HSC (SMC). B Dot plot displaying
marker-gene expression for each HSC subtype, scaled by percentage of expressing
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trends of each HSC subtype across MASLD and MASH. D Ro/e analysis quantifying
relative abundance trends of each HSC subtype across eMASH and aMASH.
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CytoTRACE analysis (Fig. 3G) was used to evaluate the differentiation
potential of each HSC subtype. This analysis revealed that gHSCs were
concentrated in the high CytoTRACE value region, while aHSCs and SMCs
were distributed in the low CytoTRACE value region. This observation
strongly suggests that qHSCs may represent the progenitor state subtype. In
combination with cell trajectory analysis (Fig. 3H, I), it was further clarified
that the five subtypes follow the differentiation path: “qHSC—inHS-
C—aHSC/hep-like HSC/SMC”. States 4 and 5 correspond to the gHSC
progenitor state, and State 1 corresponds to the aHSC or SMC terminal
differentiation state, clearly presenting the developmental hierarchical
relationship among the subtypes. Finally, gene expression patterns across
these state transitions were analyzed and are presented in a smoothed
heatmap in Fig. 3].

DTNA+ macrophages are key cells in the progression of MASLD
to MASH

UMAP analysis revealed seven distinct clusters of hepatic myeloid cells,
including VCAMI1+ Kupffer cells (KCs), SAA1+ KCs, DTNA+ macro-
phages, VCAN+ monocytes, myeloid dendritic cells (mDCs), plasmacytoid
dendritic cells (pDCs), and MKI67+ macrophages (Fig. 4A). This clustering
highlights the spatial distribution of the cells based on transcriptional pro-
files. We generated a dot plot of key marker genes (Fig. 4B and Supple-
mentary Table 6), which demonstrated the genes that were highly expressed
in each cell type: CDI163 and MARCO in resident macrophages; VCAM1
and SAAI in KC subtypes; DTNA and ITGAX in DTNA+ macrophages;
VCAN and FCNI in monocytes; and proliferation markers, such as MKI67
and TOP2A, in MKI67+ macrophages. These markers are scaled by
expression percentage and average expression level. We further quantified
the cell proportions (Ro/e value) between MASLD and MASH, and found
that the number of DTNA+ macrophages was significantly increased in
MASH, concurrent with a decrease in other clusters, such as VCAM1-+ KCs
(Fig. 4C).

We generated a heatmap of metabolic and inflammatory pathway z-
scores, which demonstrated enhanced M2 macrophage polarization and
activation of hypoxia/HIF regulatory pathways in DTNA+ macrophages
during MASH (Fig. 4D). Significant increases (p < 0.05 to < 0.001) in gly-
colysis, hypoxia, lipid mediator activity, M1/M2 polarization, pro-
inflammatory responses, TCA cycle activity, and interferon scores were
also observed in MASH compared with MASLD (Fig. 4E). A heatmap of
Hallmark gene set enrichment (Fig. 4F) also revealed elevated inflammatory
signaling, including TNFA signaling via NFKB and IL6-JAK-STATS3,
alongside increased coagulation and cholesterol homeostasis in DTNA+
macrophages in MASH. Finally, GSEA was performed to visualize the
differentially enriched pathways between MASLD and MASH. The results
showed significant upregulation of angiogenesis, coagulation, hypoxia, and
inflammatory signaling within MASH-oriented clusters, particularly those
enriched for DTNA+ macrophages (p <0.05 to p<0.0001) (Fig. 4G).
Collectively, these findings imply that DTNA+ macrophages comprise a
key cell population driving the transition from MASLD to MASH, med-
iating disease progression through enhanced M2 polarization and pro-
inflammatory adaptive mechanisms.

Pseudotime and transcriptional regulatory analysis of DTNA+
macrophages

CytoTRACE analysis was used to establish the stemness score distribution
across hepatic myeloid cells, spanning a normalized range from 0.00 (highly
differentiated) to 1.00 (highly stem-like). The resulting gradient demon-
strated that specific populations, namely VCAM1+ KCs and SAA1+ KCs,
exhibit greater stemness potential (Fig. 5A). A subsequent projection plot,
delineating cell states (States 1-5), illustrated a defined evolutionary pro-
gression from States 1 to 5, indicating a potential differentiation trajectory
(Fig. 5B). Furthermore, a projection plot color-coded by cell type dis-
tinguished clusters—including VCAM1+ KCs, SAA1+ KCs, DTNA+
macrophages, VCAN+ monocytes, mDCs, pDCs, and MKI67+ macro-
phages—and specifically highlighted the spatial localization of the DTNA+

macrophages within the plot (Fig. 5C). The accompanying gene expression
patterns throughout the state transitions are presented in a smoothed
heatmap in Fig. 5D.

Next, we performed SCENIC analysis to identify key transcription
factors (TFs) responsible for driving cell state transitions during disease
development. This analysis resolved distinct gene regulatory networks
(GRNs), or regulons, across different cell populations. A GRN is defined as a
collection of TFs and cofactors that collectively regulate the expression of
downstream genes, leading to specific cellular states. We identified a total of
360 significant regulons. These regulons were subsequently categorized and
re-clustered using the Connection Specificity Index (CSI). Transcriptional
activity across the resulting M1-M17 modules was characterized using a
heatmap (Fig. 5E). Notably, DTNA+ macrophages demonstrated sig-
nificant enrichment in modules M2, M3, M10, and M12, which together
comprised 74 TFs (Fig. S3A and Supplementary Table 7). We also ranked
the top 10 TFs in various cell types based on the Regulon Specificity Score
(RSS), and noted that these TFs were strongly associated with DTNA+
macrophages (Figs. 5F and S3B). A Venn diagram was used to illustrate the
intersection of two distinct regulon sets (Fig. 5G), identifying four specific
TFs—BHLHE41(+), RUNX2(+), BACH2(+), and MEF2C(+)—that were
highly specific to DTNA+ macrophages. Among them, RUNX2 has been
reported to promote HSC activation and liver fibrosis by regulating ITGAV
expression'’. Furthermore, RUNX2 upregulation promotes MCP-1
expression, enhances hepatic macrophage infiltration'®, and drives hepa-
tocyte death, leading to fibrosis in MASH". These findings suggest that
RUNZX2 may play a crucial role in the development and progression of liver
fibrosis through myeloid-mediated mechanisms. Collectively, these data
reveal the differentiation trajectory, gene modules, and regulatory networks
of DTNA+ macrophages.

DTNA-+ macrophages potentially interact with aHSCs via the
RUNX2-PLG-PARDS axis, which may contribute to the exacer-
bation of liver fibrosis and progression to MASH

The network diagram shown in Fig. 6A illustrates the number of cell-cell
interactions in MASLD and MASH. It highlights a significant increase in
interactions involving DTNA+ macrophages and other cells—specifically
aHSCs, hep-like HSCs, and inHSCs—in MASH, indicating that commu-
nication is enhanced during disease progression. A heatmap (Fig. 6B) of
differential interaction counts and strength further shows relative changes
(from —20 to 20) between senders and receivers in MASH versus MASLD.
DTNA+ macrophages, acting as the sender, showed a positive differential
interaction enhancement with cells such as aHSCs, meaning that this spe-
cific interaction was significantly enhanced in MASH. Intercellular com-
munication mediated by the PLG-PARD3 pair was also observed to be
specifically enhanced in MASH, particularly in DTNA+ macrophages (Fig.
6C). Violin plots (Fig. 6D) comparing PLG and PARD3 expression in dif-
ferent cell clusters across MASLD (pink) and MASH (blue) show PLG
activation in DTN A+ macrophages in MASH, while PARD3 is expressed in
HSCs under both conditions. Finally, correlation scatter plots from the
GSE126848 dataset (Fig. 6E) show a correlation between the fibrosis sig-
nature score and PLG expression (R=0.639, p=0.00011), and between
RUNX2 and PLG expression (R =0.655, p=6.33 x 107°), suggesting that
RUNX2 influences fibrosis via PLG. These findings were corroborated in
other datasets (Fig. S4).

We profiled genome-wide chromatin accessibility landscapes using
ATAC-seq on liver biopsies from patients with MASH and MASLD. Our
specific focus was on the regulatory circuitry of the PLG locus and the
annotation of RUNX2 transcription factor binding sites (TFBS). In the
MASH versus MASLD comparison, we identified 145,812 upregulated and
10,567 downregulated differential accessibility regions (DARs) (Fig. S5A
and Supplementary Table 8). Importantly, all seven PLG-associated cis-
regulatory elements were mapped to the up-cluster, emphasizing their
functional role in MASH pathogenesis (Supplementary Table 9). Motif
enrichment within these seven elements yielded 27 specific RUNX2 TFBS
(Supplementary Table 10). Functional annotation of the TFBS (Fig. S5B and
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Supplementary Table 11) revealed that RUNX2 predominantly binds to
PLG promoters and introns, with a smaller number of sites located in
distal intergenic regions. This finding experimentally validates the
RUNZX2-PLG regulatory axis. Distribution analysis relative to the PLG
transcription start site (TSS) further showed that most TFBS resided
10-100 kb downstream or upstream of the TSS (Fig. S5C). Collectively,
these data uncover MASH-specific epigenetic reprogramming and offer
novel mechanistic insights for therapeutic strategies targeting the
RUNZX2-PLG axis. Additionally, considering the importance of lactate
accumulation in liver fibrosis***', we supplemented our analysis with a

correlation study between key targets and lactate metabolism-related
genes (Fig. S6). The results showed that three key genes (RUNX2, PLG,
and PARD3) were significantly correlated with multiple lactate
metabolism-related genes, suggesting a potential metabolic regulatory
mechanism. In the scRNA-seq validation cohort, we found that RUNX2
expression was upregulated in mice fed a HFHFD for 30 weeks(Fig. S7A,
B). Finally, a correlation matrix of cell types across nine MASH bulk
datasets showed that there was a significant positive correlation between
DTNA+ macrophages and aHSCs in six of the datasets (p <0.05,
R > 0.8; Fig. 6F).
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To accelerate the translation from mechanistic discovery to therapeutic
strategy, we performed a joint drug-repurposing screen targeting the three
core genes RUNX2, PLG, and PARD3 via the CTD database. This yielded 18
candidate compounds that simultaneously modulate all three targets. Each
of these drugs has been reported for the treatment of fatty-liver disease, liver
injury, cirrhosis, or non-alcoholic fatty liver disease, as summarized in Fig.
S8. Overall, these data suggest that DTN A+ macrophages play a critical role
in MASLD, potentially interacting with aHSCs via the RUNX2-PLG-
PARD?3 axis, thereby exacerbating liver fibrosis and driving the progression
to MASH.

PLG secreted by DTNA+ macrophages may contribute to liver
fibrosis via complement and coagulation cascades

MASH samples were stratified into high-PLG and low-PLG expression
groups based on the 75th percentile PLG level derived from DTNA-+
macrophages. Differentially expressed genes in DTNA+ macrophages
were compared between these two groups to characterize transcriptional
differences associated with varying levels of macrophage-derived PLG
(Fig. 7A and Supplementary Table 12). GSEA (Gene Set Enrichment
Analysis) of macrophages in the high-PLG group revealed significant
enrichment of the “Complement and coagulation cascades” pathway
(Fig. 7B, C). In parallel, spatial transcriptomics data from MASH
demonstrated that there was strong spatial co-localization between
DTNA+ macrophages and aHSCs. Quantification of this relationship
using scatter plots showed the DTNA+ macrophage signature score was
significantly and positively correlated with the aHSC signature score
across patient samples (Figs. 7D, E and S9). Consistent with these find-
ings, the PLG-PARD3 axis exhibited pronounced spatial co-expression
(Fig. $10).

DTNA+ macrophages can accurately predict MASLD and MASH
The predictive power of DTNA+ macrophages for MASLD and MASH was
assessed using machine learning. We generated a heatmap illustrating the
AUC performance of 113 machine learning models across the training set
(GSE135251) and five external validation sets. This analysis highlighted the
ElasticNet model (Enet, « = 0.9) as having the highest predictive accuracy
(mean AUC=0.839) (Fig. 8A). This result indicates that ElasticNet is
superior for classifying MASLD and MASH. We plotted the Receiver
Operating Characteristic (ROC) curves for the model genes derived from
the optimal Enet [ = 0.9] model across all cohorts, thereby validating the
generalizability of these model genes. Critically, DTNA itself exhibited the
highest predictive power across all datasets (Fig. 8B-G). Furthermore, box
plots demonstrated that the expression of ARHGAP22, DHRS9, DTNA,
ITGAX, RUNX2, and TRPM2 was significantly elevated in the MASH group
compared to the MASLD group, whereas that of TESK2 showed no sig-
nificant difference (Fig. 8H). Furthermore, IGV visualization of ATAC-seq
data revealed that chromatin accessibility within +2 kbp of the promoter
regions of eight model genes was significantly higher in MASH samples
compared to MASLD samples (Fig. S11). Collectively, these data demon-
strate that the signature genes of DTN A+ macrophages, particularly DTNA,
achieve high AUC values across multiple independent cohorts and can
accurately predict MASLD and MASH.

SHAP analysis was subsequently conducted on the Enet [a=0.9]
model to quantify the impact of features on the output for MASLD and
MASH classification. The mean absolute SHAP values, visualized in a bar
plot (Fig. 9A), indicated that DTNA (0.100) was the most important feature,
followed by DHRS9 (0.011), TRPM2 (0.009), TESK2 (0.007), ARHGAP22
(0.006), ITGAX (0.004), RUNX2 (0.003), and AUTS2 (0.002). This hier-
archy suggests that DTNA is the primary contributor to the model’s pre-
diction. A bee swarm plot was generated to display the SHAP value
distribution. As shown in Fig. 9B, DTNA exhibited the widest horizontal
spread in both high (red) and low (blue) values, indicating that its expression
level, regardless of direction, exerted a significant effect on the model output.
A waterfall plot showed the cumulative feature contribution to the final
prediction [f(x) =0.158] from the base value E[f(x)] =0. SHAP values

indicate the contribution of each feature to the model’s prediction: a positive
value means the feature pushes the prediction upward, whereas a negative
value pulls it downward. Starting from the baseline E[f(x)] = 0, these con-
tributions are summed to reach the final output, thereby quantifying each
feature’s importance. DTNA (41.01), RUNX2 (+0.643), and TRPM2
(4-0.755) functioned as positive drivers, while TESK2 (—0.852) and DHRS9
(—0.748) exerted negative effects from the base value E[f(x)] = 0, showing
DTNA and RUNX?2 as key features driving the prediction (Fig. 9C). DTNA
(41.01) and RUNX2 (+40.643) were the main positive contributors, with
TRPM2 (40.755) jointly enhancing the prediction, while TESK2 (—0.852)
and DHRS9 (—0.748) had a negative impact, collectively supporting the
dominant role of DTNA in the model (Fig. 9D). These results consistently
demonstrate the high predictive ability of DTNA+ macrophages, via
DTNA expression, to accurately distinguish and predict MASLD and its
progression to MASH.

Discussion

By integrating multi-omics data from scRNA-seq, spatial transcriptomics,
and bulk transcriptomics, this study systematically delineated the key cel-
lular and molecular mechanisms driving the progression from MASLD to
MASH. We identified seven major liver cell types, with monocytes/mac-
rophages and HSCs showing marked enrichment and spatial co-localization
in MASH. Further subdivision revealed five HSC subtypes, highlighting a
marked transition from qHSCs to aHSCs with increasing disease severity.
Within the monocyte/macrophage compartment, DTNA+ macrophages
emerged as a critical subpopulation, showing an increased proportion in
MASH, accompanied by M2 polarization and enhanced hypoxia signaling.
Pseudotime analysis suggested a differentiation trajectory from KCs toward
the DTNA+- state. Transcriptional regulatory network analysis identified
distinct regulon modules in DTNA+ macrophages, including TFs such as
RUNX?2, that may contribute to pro-inflammatory and fibrotic programs.
Cell-cell communication analysis suggested the RUNX2-PLG-PARD3 axis
linking DTNA+ macrophages and aHSCs, which may contribute to liver
fibrosis. Moreover, an ensemble machine learning model identified mar-
kers, including DTNA, with strong predictive performance (mean AUC =
0.839) in distinguishing MASLD from MASH. Collectively, these findings
clarify how cellular heterogeneity, spatial organization, and regulatory
networks contribute to disease progression, offering a mechanistic foun-
dation for both biological insight and clinical translation.

An integrated multi-omics analysis delineated the central function of
the monocyte/macrophage lineage in the progression from MASLD to
MASH, specifically emphasizing the enrichment of DTNA+ macrophages
and their direct interaction with HSCs. This finding corroborates estab-
lished literature regarding the pivotal role of the inflammatory micro-
environment in liver fibrosis'”. Notably, however, our study provides
enhanced mechanistic resolution through single-cell and spatial tran-
scriptomic dimensions. Traditional bulk transcriptomics studies, while
identifying the differential expression of genes related to lipid metabolism
and inflammation in MASLD?, are fundamentally constrained by cellular
heterogeneity and cannot resolve the contributions of distinct cellular
subpopulations. Our investigation integrated 115 scRNA-seq and 7 spatial
transcriptomics samples, classifying them into seven principal cell types:
hepatocytes, endothelial cells, T cells, monocytes/macrophages, HSCs,
cholangiocytes, and B cells. A significant increase in the number of
monocytes/macrophages was detected in MASH, exhibiting spatial co-
localization with activated aHSCs, thereby extending prior single-cell liver
atlases that reported inflammatory activation of KCs in MASH” Multiple
studies have shown that M1-polarized macrophages serve as the principal
mediators of early acute inflammation in MASH, contributing to hepatocyte
injury and the consequential release of pro-inflammatory cytokines, such as
TNF-a and IL-1f***. Conversely, the present study highlights the sig-
nificant contribution of M2-polarized DTNA+ macrophages to the tra-
jectory of fibrosis progression. This finding is concordant with existing
evidence that M2 macrophages are actively involved in the chronic
inflammation and tissue remodeling characteristic of late-stage MASH**".

npj Digital Medicine | (2026)9:167

10


www.nature.com/npjdigitalmed

https://doi.org/10.1038/s41746-026-02352-8 Article

A B

DEG: PLG high expressed vs PLG low expressed o Fatty Acid Degradation — Bile Secretion
threshold @ down(164) ns ® up(374) 8 — Complement And Coagulation Cascades
® e F‘LG. on NES Pvalue Ajusted Pvalue
3001 mavar R 2 075 315 <0001 <0001
o H.g.' SERPINA1 GE) f 237 <0.001 <0.001
Ry SERPINA3 £ 0501 I 241 <0.001 <0.001
%, ALDOB E o2
) ygp’w Ll 0.254
5 200 AL = I
© . °*% —
g o € 0.00
a <. c
] o S 11T I 1 [ ]
g . ©
S SAA1 [T L ] 1
100 ° A I |
TNFAIP2 % 3
sicashe dJ 2 'I-
o kel 14
HgssT2 GAP10 E M
CD36° 5k, c
T 14
0 x v
0 0 1 > 3 ) 5000
Log,FoldChange Rank in Ordered Dataset

Drug metabolism - cytochrome P450 4 Count
Metabolism of xenobiotics by cytochrome P450 -
Chemical carcinogenesis — DNA adducts - ®

@
@ «
@

Retinol metabolism -

Steroid hormone biosynthesis -
Drug metabolism - other enzymes -
Bile secretion 4

Biosynthesis of amino acids -
Biosynthesis of cofactors -

Calcium signaling pathway1 @ p.adjust
Endocytosis 1 EE 0.04

Toxoplasmosis{ @

Spliceosome{ @

Complement and coagulation cascades - :l
L 3
[
L ]
[
4
3

Fc gamma R-mediated phagocytosis{ @ 0.02
NOD-like receptor signaling pathway 4
B cell receptor signaling pathway - ! 0.01
Lysosome |
Osteoclast differentiation -!
D -2.0 -1.5 -1.0 -0.5 000 1 2 3

NES

Signature score of )
DTNA+ macrophages Signature score of aHSC

. SRS I .
> 0 R=0.36,p<22e6,
020 H 0.100 %’ 010 P . s "':--'..’.' .
— © *os, ¥ °
(2} %5 005
* 0.15 / 0.075 ©
% % § 0.00
< @»
0.10 0.050 o _
= g 0.05
©
0.05 0.025 5,010
(7] 0o 087%
0.00 0.000 015 ° °
-0.2 =01 0.0 0.1 0.2
Signature score of
Signature score of DTNAT macrophages
DTf%A+ macrophages Signature score of aHSC
E 025 I .
L Q R=0314,p<22e516 o0 ,
~ 0.20 012 T O
{ 5
i 0.15 g 00
(:5 008 3
< 12
s 0.10 <4
% -0.1
0.04 @
005 >
7]
2 0.00 : 0.00 0z °

-0.3 -0.2 -0.1 0.0 0.1 02
Slﬁnature score of
DTNA+ macrophages

Fig. 7 | DTNA" macrophage-derived PLG accelerates liver fibrosis via the com-  pathway in the high-PLG group. D, E Spatial transcriptomics showing pronounced
plement and coagulation cascades. A Volcano plot of differentially expressed genes  co-localization of DTNA" macrophages and aHSCs in MASH sections; correlation

in DTNA" macrophages between high-PLG and low-PLG groups. B, C GSEA scatter plot confirms a significant positive association (p < 0.001).
revealing significant enrichment of the “Complement and coagulation cascades”

npj Digital Medicine | (2026)9:167 11


www.nature.com/npjdigitalmed

https://doi.org/10.1038/s41746-026-02352-8

Article

Enetfalpha=0.4]
Lasso+gimBoost

[ | ||
0,742 |[ 0839
826
842
834
824
832
[0:834
829
824
829
824
816
826
811
. 813
0821 [ 0.709 |[ 0826
824

glmBoost+Enet[alpha=0.7]| C
0.9]

07311[0824
0.736 || 0.816

glmBoost+Lasso
Stepglm[both]+Lasso
Lasso+GBM
Stepgim[both]+RF

0.
0.7]

0.833
0.832
0.832
0.832
0.831

0.753 || 0.83

Stepgim[backward]+gimBoost | C
RF+Enet[alph: 9]
glmBoost+Enet[alph:
RF+Enet[alpha=0.4]
RF+plsRgim
glmBoost+Enet[alpha=0.6]
glmBoost+plsRgim
Lasso+plsRglm
Stepglm(both]+Enet[alpha=0.9]

817 |[ 0.725 || 0.82 0831
.80¢ .742 || 0.829
.808
816
.805
. 803
0.817 || 0.725 || 0.808
- 821 |
821
X 832
0.798 || 0648 | 0.784
0806 |[ 0.725 |[ 0813

0.5] .817 || 0.714 | 0.808 |
glmBoost+Stepgim[forward] 1 .731 || 0.795
Lasso+Stepgim[forward] .81 731 ][ 0.795
glmBoost+GBM 1 .676 || 0.816
glmBoost+Enet[alpha=0.4] .81 .714 || 0.805
RF+Enet[alpha=0.3] .821 |[ 0.692 || 0.792
Stepglm[backward]+Lasso .8 0.725 || 0.805
Stepgim[both]+Enet[alpha=0.6] 810 || 0.714 | 0.789 |
glmBoost+Enet[alpha=0.3] .8 0.714 |[ 0.797
Stepgim[both]+GBM 74 0.615 || 0.821
0.1] 8 §
RF+Enet[alpha=0.2]| 0.831 || 0.871
Stepglm[backward]+RF

0.2]| 0.831 || 0.858

0.831 .867
LDA[0.814 | 0.854

782

Lasso+LDA| 0.814 || 0.854

Stepglm[backward]+plsRgim| 0.814 || 0.871

805
.
76

829 |[ 0681 || 0.784

.802 || 0.714 |[ 0.776
.845 || 0.648 768

glmBoost+Enet[alpha=0.1]| C
plsRgim
glmBoost+Ridge

779
845
766

Stepglm(both]+Enet[alpha=0.5]
Stepglm[backward]+GBM
0.4][ 0.830

755
0789

0747

RF+Ridge

Stepglm[both]+plsRglm

ward]

Lasso+XGBoost
Stepglm(both]+Ridge | C
Stepglm[both]+Enet[alpha=0.3]
Stepglm[both]+Enet[alph: 1]
Stepglm[backward]+Ridge
Stepglm[backward]+Enet[alph:

Stepglm([backward]+Enet[alpha:

NaiveBayes
Stepglm[backward]+Enet[alpha=0.3]| 0
i 0.811

o811

ImBc

Stepglm[both]+NaiveBayes| 0.737 ’»
XGBoos; 0.821 || 0.

RF+XGBoost| 0.821 ||

RF+LDA

Stepglm[backward]+LDA

Stepglm[forward] 0
Stepglm[both]+XGBoost

Stepglm[backward]+XGBoost
LDA

Stepglm[backward]+SVM [ 0.605 |

Fig. 8 | DTNA" macrophage signature genes predict MASLD and MASH. A Heat
map of AUC performance for 113 machine-learning models in training and vali-
dation sets; Enet (a = 0.9) achieved the highest mean AUC = 0.839. B-G ROC curves

GSE135251

e |
@
@
©
2 o 7|
2
H]
2
$ <
12 S DTNA, AUC=0.800
ITGAX, AUC=0.663
~— ARHGAP22, AUC=0.658
« —— DHRSY, AUC=0.702
o —— TRPM2, AUC=0.612
— RUNX2, AUC=0675
— AUTS2, AUC=0.592
o | — TESK2, AUC=0573
S
T T T T T T
0.0 02 04 06 0.8 1.0
1 - Specificity
GSE167523
e |
o |
S
©
2 o7
s
kol
2
S <
12 S = DTNA, AUC=0.887
= ITGAX, AUC=0.829
~— ARHGAP22, AUC=0.716
o~ ~—— DHRS9, AUC=0.822
S ~—— TRPM2, AUC=0.834
— RUNX2, AUC=0682
— AUTS2, AUC=0537
o | — TESK2, AUC=0537
=
T T T T T T
0.0 02 04 06 0.8 1.0
1 - Specificity
GSE66676
o | I_—Hj
©
S

C GSE126848

Sensitivity
0.4 0.6 0.8
L | 1
L1 |
S~

DTNA, AUC=0875
ITGAX, AUC=0.742
ARHGAP22, AUC=0679

3 04
TESK2, AUC=0.562

T T T T T
0.2 04 0.6 0.8 1.0

00 02
N [

‘_

RN

0.
1 - Specificity
GSE48452
o | I—
) ﬂ_‘
«©
S
——
©
2 o7
2 ]
2
S <
2] S = DTNA, AUC=0.778
~— ITGAX, AUC=0.639
7 ARHGAP22, AUC=0583
o~
S E_
o | — TESK2, AUC=0627
=
T T T T T T
0.0 02 04 06 08 1.0
1 - Specificity
GSE89632
<
o |
S

2
|
3
2 -
$ s = DTNA, AUC=0.742 - -/— DTNA, AUC=0.832
S  AUC=( . AUC=
| ~= ITGAX, AUC=0.621 | A ~= ITGAX, AUC=0.663
=== ARHGAP22, AUC=0.670 == ARHGAP22, AUC=0.616
~ ~— DHRS9, AUC=0.571 ™ -+
o 7 ~— TRPM2, AUC=0.604 o 7
= RUNX2, AUC=0.648 |
AUTS2, AUC=0.615 0.
o —— TESK2, AUC=0.648 g 4 K4 —— TESK2, AUC=0.584
T T T T T T T T T T T T
AUC Conot 00 02 04 08 08 10 00 02 04 06 08 10
' MocsEi26848 1 - Specificity 1 - Specificity
0.8 _ GSE167523
M GSE48452
0.6 | GSE66676
,, M GSEB9632
04 7 Train
Group EJ MASLD ES MASH
251
. . . . ex . s .
< 2.0
K]
[73
]
S 154
X
w
° .
O
N 1,04
© N
g s
o
Z 0.5 .
004 -l-% é $%
v 1 o) \g v'\- 9 U
O E S & &
K ® J < < & < <&
Q.
¥

depicting predictive performance of the optimal gene signature across independent

cohorts; DTNA consistently yielded the highest AUC in all datasets. H Box plots
comparing expression of top signature genes between MASLD and MASH
(***p <0.001, *p < 0.05, ns not significant).
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This discrepancy is potentially attributable to disease stage-specific immune
response Kkinetics: M1 macrophages predominantly drive the initial
inflammatory phase, while distinct M2-like subpopulations progressively
manifest in the later fibrotic phase, thereby stimulating HSC activation and
extracellular matrix (ECM) deposition”**. Furthermore, differences arising
from experimental models (e.g., human vs. rodent data), combined with the
high resolution afforded by single-cell sequencing in this study, may reveal
the existence of M1/M2 hybrid phenotypes. In this context, DTNA+
macrophages not only express M2 markers but also exhibit pro-
inflammatory signaling, as evidenced by the upregulation of Hallmark
gene sets such as TNFA-NFKB and IL6-JAK-STAT3. This observation,
derived from our Hallmark GSEA, suggests that DTNA+ macrophages in
MASH may simultaneously exacerbate chronic inflammation and accel-
erate fibrosis””. This insight both complements findings from animal
models regarding macrophage-driven MASH inflammation'** and speci-
fically emphasizes the metabolic-inflammatory coupling mechanisms
observed in human samples.

Regarding the identification and dynamic alterations of HSC subtypes,
this study successfully delineated five distinct populations: gHSC, inHSC,
aHSC, hep-like HSC, and SMC. Marker gene expression for these subtypes,
such as the prominent expression of KALRN and ITGBLI in aHSCs, was
validated using UMAP and DotPlot visualizations. Consistent with the core
pathological process of hepatic fibrosis, which involves the transition of
HSCs from a quiescent to an activated state, we observed that the proportion
of aHSCs increased while that of qHSCs decreased as the disease

progressed™’". CytoTRACE and pseudotime trajectory analyses inferred a
differentiation path that initiates from qHSCs, posited as the progenitor
state, continuing toward either aHSCs or SMCs, a transformation accom-
panied by systematic changes in gene expression patterns during the state
transitions. While studies by Zhang et al.”” and Dobie et al.” provided
substantial insights into the diversity and function of HSCs in fibrosis—the
former focusing on activation/differentiation and the latter on spatial
functional differences—our findings complement this work by supporting
the view that HSCs constitute a complex population with multiple differ-
entiation and functional states, rather than being products of a single dif-
ferentiation trajectory. Crucially, our integration of human MASLD/MASH
data unveiled dynamic pathology-specific changes, contrasting with pre-
vious work primarily centered on animal models™*, thus underscoring the
clinical relevance of human HSC heterogeneity. Spatial deconvolution
analysis further confirmed the physical proximity and interaction between
HSCs and monocytes/macrophages, thereby extending the understanding
of microenvironment remodeling in MASH”".

The identification of DTNA+ macrophages and their role in MASH is
a key finding of this study. UMAP clustering analysis demonstrated that
DTNA+ macrophages (which co-express DTNA and ITGAX) are sig-
nificantly distinct from other myeloid clusters, notably VCAMI+ and
SAAI1+ KCs, and their unique identity was confirmed by marker gene dot
plot analysis. The proportion of this specific subpopulation was markedly
elevated in MASH samples, concurrent with the activation of both
inflammatory and metabolic pathways. Previous research suggested that
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CD11c+ (encoded by ITGAX) macrophages drive liver fibrosis in MASH
mouse models by promoting hepatic crown-like structure (hCLS) forma-
tion triggered by hepatocyte death'’. Furthermore, related reviews indicate
that the composition of macrophage subpopulations exhibits dynamic
alterations during MASH fibrosis and is intimately linked to micro-
environment remodeling”*”. Building upon this background, our finding
that the DTN A+ macrophage subpopulation is substantially enriched in
MASH and is associated with the activation of inflammatory and metabolic
pathways further substantiates the critical involvement of macrophages in
liver disease microenvironment remodeling. However, our gene enrichment
analysis provides a nuanced perspective by highlighting the upregulation of
signaling pathways associated with angiogenesis, coagulation, and hypoxia,
thereby challenging the traditional view that macrophages function solely as
pro-inflammatory entities™*. Moreover, CytoTRACE analysis indicated that
DTNA+ macrophages possess low stemness, and pseudotime trajectory
analysis revealed an evolutionary path from VCAM1+ KCs to the DTNA+
state, accompanied by specific changes in gene module expression. This
differentiation sequence complements existing research on myeloid cell
plasticity within the context of liver disease”.

Transcriptional regulatory network analysis provided a deeper
mechanistic understanding of the DTNA+ macrophage population.
Employing SCENIC, we identified 360 regulons, which were subsequently
clustered into M1-M17 modules based on the CSI. DTNA+ macrophages
exhibited enrichment within modules M2, M3, M10, and M12, encom-
passing a total of 74 TFs. According to our Rank Specificity Score (RSS)
analysis, TFs such as BHLHE41, RUNX2, BACH2, and MEF2C demon-
strated high specificity within this distinct subpopulation. RUNX2 is known
to be upregulated in the fibrotic liver and in activated HSCs, where it pro-
motes a pro-fibrotic HSC phenotype through the transcriptional activation
of ITGAV. In MASLD models, HSC-specific RUNX2 can also upregulate
MCP-1, thereby driving macrophage infiltration'”. Building on this existing
evidence, our multi-dataset analysis revealed that RUNX2 exhibits a sig-
nificant positive correlation with the ligand PLG, and PLG is, in turn,
significantly positively correlated with the degree of liver fibrosis. Further-
more, we observed that RUNX2 expression was upregulated in myeloid cells
within a MASH mouse model. Accordingly, we propose that the RUNX2-
PLG-PARD3 axis serves to enhance the interaction between DTNA-+
macrophages and aHSCs. Although most relevant studies indicate that PLG
mediates a reparative effect by degrading and remodeling the ECM, con-
sequently inhibiting fibrosis formation® ™, our data revealed a significant
positive correlation between PLG expression/activity and the severity of
hepatic fibrosis. We hypothesize that, within the context of chronic liver
injury, PLG function may become dysregulated, culminating in abnormal
ECM deposition and subsequent progression of fibrosis. This phenomenon
could be closely associated with the excessive activation of PLG, an imbal-
ance of its related factors, or sustained activation of HSCs. Furthermore,
PARD3 is an established regulator of cell polarity, known to influence tumor
cell proliferation and migration through the modulation of cell-cell and cell-
matrix interactions'**’. Given the high expression of PARD3 observed in
HCC and its fundamental role in regulating cellular polarity, we propose
that PARD3 may contribute to the progression of hepatic fibrosis by actively
remodeling both cell polarity and the local microenvironment. The
mechanism involving the proposed RUNX2-PLG-PARD?3 axis significantly
complements existing research on ligand-receptor interactions in MASH.
Crucially, however, our study is the first to integrate this mechanism with
transcriptional regulation, thereby establishing RUNX2 as an upstream
driver of MASH pathogenesis. In addition to this axis, the FNI-
(ITGAV + ITGBI) and C3-ITGAX/ITGB2 ligand-receptor pairs also exert
significant influence on the MASH fibrosis process. Specifically, ITGB1 has
been widely reported to promote the activation of HSCs, drive ECM
deposition, and facilitate EMT, all of which exacerbate the progression of
fibrosis"*". This pathway further enhances fibroblast proliferation and
collagen production, consequently increasing tissue stiffness and accel-
erating the overall fibrotic process**. Similarly, the complement compo-
nent C3 promotes myeloid cell adhesion, phagocytosis, and the activation of

pro-inflammatory signaling pathways, thereby sustaining chronic inflam-
mation and HSC activation, which collectively drive fibrosis
progression”™. The aggregated data underscore the inherent complexity of
the cross-cellular signaling networks involved. Consistent with this, the
correlation matrix derived from bulk datasets confirmed the existence of a
positive correlation between DTNA+ macrophages and aHSCs (R = 0.36,
p<22x107%).

The results obtained from the machine learning ensemble model
provide critical validation of the translational potential for the iden-
tified mechanisms. We constructed 113 distinct model combinations,
with the Enet[a = 0.9] model achieving a mean AUC of 0.839 across
the training and validation cohorts. Within this model, DTNA
demonstrated the highest predictive power. SHAP analyses further
quantified the substantial contribution of DTNA (mean absolute
SHAP =0.100), with RUNX2 and TRPM2 identified as significant
positive drivers. This method offers a superior predictive capability
compared to the application of single algorithms for MASH predic-
tion, such as Random Forest (RF) models, which typically report
AUCs of approximately 0.75'*. Our study’s multi-paradigm
ensemble approach ensured robustness and consistently identified
markers—including DTNA, ITGAX, and RUNX2—that are sig-
nificantly upregulated in MASH across multiple cohorts. In compar-
ison to existing biomarkers, such as CK-18, a common MASH
diagnostic marker with a reported AUC of approximately 0.80 in
multiple studies and meta-analyses®™', our single-cell-derived mar-
kers exhibit higher specificity and demonstrate effective general-
izability across diverse GEO datasets. This outcome not only echoes
recent multicenter studies employing machine learning for risk stra-
tification of MASH/at-risk MASH™ but also aligns with the concept of
leveraging transfer learning and reference atlas mapping to integrate
multi-source single-cell data, thereby strengthening the connection
between mechanistic insight and clinical prediction®.

The findings of this study have substantial implications for clinical
practice in liver disease management. First, the DTNA+ macrophage
markers (including DTNA, ITGAX, and RUNX2), which were rigorously
screened at single-cell resolution, exhibit considerable non-invasive
predictive potential. When integrated with imaging assistance, these
markers could facilitate the early stratification of high-risk MASH
populations and consequently reduce the current reliance on invasive
liver biopsies™. Second, the detailed elucidation of the RUNX2-PLG-
PARD?3 axis provides a robust mechanistic basis for the development of
targeted therapies. For instance, the design of RUNX2 inhibitors to
specifically block the detrimental macrophage-HSC interactions could
potentially serve as a strategy to delay fibrosis progression'’. Furthermore,
at the population level, global epidemiological data consistently empha-
size the close association between MASLD/MASH and metabolic syn-
drome. Consequently, enhanced intervention strategies and stratified
management approaches for this high-risk population must be prior-
itized as a public health imperative’”). Although the identification of
DTNA as a predictive biomarker is exciting, the challenges and limita-
tions of translating it into clinical application deserve attention. First,
these biomarkers lack large-scale, multicenter prospective validation,
which may lead to insufficient accuracy and reproducibility across diverse
populations. Second, they are not liver-specific and can be influenced by
comorbidities such as obesity or metabolic syndrome, potentially redu-
cing diagnostic specificity. Additionally, while the computational pipe-
line is comprehensive, current evidence for the RUNX2-PLG-PARD3
axis lacks orthogonal validation at the protein or functional level. Future
work should confirm causality through these validation approaches.

In this study, through multi-omics integration, we revealed the core
mechanisms and regulatory networks underlying the role of DTNA+
macrophages in the progression of MASLD to MASH, providing a new
paradigm for liver disease research. These findings not only advance theo-
retical understanding but also provide a foundation for developing diag-
nostic applications and therapeutic strategies for MASH.
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Methods

Data acquisition and preprocessing

Bulk RNA-seq and Affymetrix microarray datasets from patients with
MASLD were downloaded from the Gene Expression Omnibus (GEO)
database, including GSE126848, GSE135251, GSE167523, GSE48452,
GSE66676, GSE89632, GSE164760, GSE162694, and GSE24807. A dataset
comprising 115 scRNA-seq samples assembled from the GEO database
(GSE289173, GSE212837, GSE202379, GSE189600, GSE189175) served as
the discovery cohort. In the single-cell dataset GSE289173, MASH is clas-
sified by fibrosis severity into eMASH (FO0-2, representing no to mild
fibrosis) and aMASH (F3-4, representing advanced fibrosis) according to
the liver fibrosis staging system. Thirty-eight scRNA-seq samples from
GSE166504 were employed as the validation cohort. Spatial transcriptomics
data included 7 MASH samples from GSE248077. Additionally, ATAC-seq
data comprising 44 samples were downloaded from the Sequence Read
Archive under accession PRINA725028.

Single-cell RNA-seq data processing and quality control

The expression profiles were loaded using the Seurat package (v4.3.0),
following which the cells were filtered based on total UMI counts, the
number of expressed genes, and the percentage of mitochondrial gene
expression. The mitochondrial gene expression percentage represents the
proportion of transcripts derived from mitochondrial genes relative to all
transcripts in a cell. Cells with high mitochondrial transcript levels generally
exhibit reduced RNA abundance, indicating that these cells are entering
apoptosis. Quality control was performed using the Median Absolute
Deviation (MAD) method, whereby values exceeding 3 MADs from the
median were considered outliers and removed. Data scaling was conducted
using the FindVariableFeatures function in Seurat to identify the top 3000
highly variable genes (HVGs), which were subsequently used for principal
component analysis (PCA). The FindNeighbors function was then applied
to determine nearest neighbors for PC-based graph clustering, and cell
subtypes were defined using FindCluster. Visualization was achieved
through Uniform Manifold Approximation and Projection (UMAP). To
correct for batch effects, the Harmony algorithm was applied prior to
clustering. Harmony was applied using the RunHarmony function, which
leverages a soft k-means clustering approach to integrate cells across mul-
tiple datasets by removing dataset-specific technical variation while pre-
serving genuine biological heterogeneity. Subsequently, we applied
FindNeighbors and FindClusters functions in Seurat to perform graph-
based clustering and identify distinct cell subtypes.

Cell type annotation and subclustering

Major cell populations were annotated based on canonical marker genes:
hepatocytes (ASGRI, CYP2CI9, CYP3A4), endothelial cells (PTHIR,
PTPRB, STAB2), T cells (CD2, CD3D, CD3E), monocytes/macrophages
(CD163, LYZ, MARCO), HSCs (COL3A1, DCN), cholangiocytes (KRT7,
CFTR), and B cells (CD79A, MS4A1, IGHM). To explore intra-population
heterogeneity, independent subclustering was performed on monocytes/
macrophages and HSCs, followed by fine-grained subtype identification
using the respective marker genes.

Developmental trajectory inference

A trajectory analysis was conducted on the monocyte/macrophage and HSC
subclusters using the Monocle2 and CytoTRACE algorithms. Monocle2, a
trajectory analysis tool designed for scRNA-seq data™, reconstructs cellular
developmental paths by ordering cells based on their gene expression
profiles. Monocle2 can identify key genes driving cell fate decisions and
visualize cell progression between different states, thereby inferring cell
differentiation trajectories. CytoTRACE evaluates the differentiation
potential of individual cells by analyzing gene expression diversity and
complexity”. The algorithm predicts cellular developmental potential,
where higher scores indicate greater differentiation potential and gene
expression diversity. CytoTRACE can assist Monocle2 in determining the
starting point of cellular development. First, a CellDataSet object was built

using RNA-seq data. Dimensionality reduction was then performed with
the DDRTree method, and cells were pseudotemporally ordered along the
reconstructed trajectory. In parallel, CytoTRACE was employed to assess
the differentiation potential of individual cells based on gene expression
diversity. Finally, the obtained CytoTRACE scores were integrated into the
Monocle2 object to compare developmental potential across the pseudo-
temporal trajectory.

Cell-cell communication analysis

Intercellular communication networks were inferred using the CellChat R
package™. A CellChat object was constructed using the normalized
expression matrix as input. Expressed ligand-receptor pairs and signaling
pathways were then identified using default parameters. Communication
probabilities and pathway-specific interactions were calculated, and the
aggregated network was visualized to reveal alterations in signaling path-
ways across different cell hierarchies.

Transcription factor regulatory network analysis

Single-cell regulatory network inference and clustering (SCENIC) consists
of three main steps: co-expression analysis, target gene motif enrichment
analysis, and regulon activity assessment. Briefly, in the first step, GENIE3 is
used to infer co-expression modules between TFs and candidate target
genes. Each module consists of a TF and its predicted targets, based solely on
co-expression. In the second step, RcisTarget is used to analyze each co-
expression module for enriched motifs; only modules and targets with TF
motif enrichment are retained. Each TF and its potential direct targets
constitute a regulon. In the third step, the activity of each regulon in every
cell is assessed using AUCell, which calculates the area under the recovery
curve (AUC). The AUCell scores are used to generate a regulon activity
matrix. This matrix can be binarized by setting an AUC threshold for each
regulon, determining in which cells the regulon is “active.” The regulon
activity matrix can be used to cluster cells, thereby identifying cell types and
states based on shared regulon network activity. pySCENIC, a high-speed
Python implementation of the SCENIC workflow”, designed to infer
transcriptional regulatory networks from scRNA-seq data, assess regulon
activity in individual cells, and perform cell clustering based on shared
regulatory network activity. We used pySCENIC to analyze activated reg-
ulons in each cell type, with the raw count matrix serving as input. Co-
expression networks were computed by GRNboost, and regulons were
identified by RcisTarget. Regulon activity for each cell was scored using
AUCell

Regulon module identification

The identification of regulon modules was based on the Connection
Specificity Index (CSI), a context-based metric for identifying specific
association partners®. The assessment of the CSI involves two steps. First,
the Pearson Correlation Coefficient (PCC) is evaluated for each pair of
regulon activity scores. Second, for a fixed pair of regulons A and B, the
corresponding CSI is defined as the proportion of all other regulons
whose PCC with A and B islower than that between A and B. Based on the
resulting CSI matrix, hierarchical clustering was performed using
Euclidean distance to identify distinct regulon modules. Furthermore, a
regulon association network was constructed using a cutoff of CSI > 0.7
to explore the relationships between different regulons. For each regulon
module, its activity score associated with a specific cell type was defined as
the average activity score of its member regulons across all cells within
that cell type. The top-ranking cell types were then determined for each
module.

Quantification of the fibrosis score

The fibrosis-related gene set was retrieved from the Molecular Signatures
Database (MsigDB), specifically corresponding to the gene set ID
HP_HEPATIC_FIBROSIS (database link: https://www.gsea-msigdb.org/
gsea/msigdb/cards/HP_HEPATIC_FIBROSIS). The single-sample Gene
Set Enrichment Analysis (ssGSEA) algorithm was used to quantify the
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fibrosis score. This method calculates an independent enrichment score for
each sample-gene set pair, assessing whether the genes in a specific gene set
are coordinately upregulated or downregulated in the sample. This scoring
mechanism provides a quantitative measure of the degree of fibrosis.

Robust cell type decomposition

The spacexr R package’' was employed for cell type deconvolution, lever-
aging scRNA-seq data from the validation cohort (GSE166504) as a refer-
ence atlas. This dataset comprises transcriptomic profiles from 38 high-fat,
high-fructose diet (HFHFD)-fed liver samples alongside matched controls,
reflecting the cellular heterogeneity of hepatocytes and non-parenchymal
cells in metabolic liver disease contexts. The Robust Cell Type Decom-
position (RCTD) algorithm, a core component of spacexr, was then applied
to all Visium spatial transcriptomics datasets. This facilitated the precise
assignment of cell type annotations to individual spatial spots, while sepa-
rately enabling deconvolution at the single-cell resolution to map fine-
grained cellular distributions.

Feature selection through machine learning-based ensembles
In this study, we developed an integrated ensemble learning framework
incorporating 12 diverse machine learning algorithms, encompassing reg-
ularization techniques (Lasso, Ridge, and Elastic Net), generalized linear
models (Stepwise GLM [Stepglm], boosted GLM [glmBoost], and partial
least squares GLM [plsRglm]), ensemble methods (Random Forest [RF],
Gradient Boosting Machine [GBM], and eXtreme Gradient Boosting
[XGBoost]), and pattern recognition approaches (Support Vector Machine
[SVM], Linear Discriminant Analysis [LDA], and Naive Bayes). This het-
erogeneous ensemble integrates linear regression paradigms with sophisti-
cated non-linear architectures to enhance model robustness and
generalizability. The analytical pipeline comprised two principal stages:
feature selection via Recursive Feature Elimination (RFE) to pinpoint the
most predictive variables, and predictive modeling through stacked gen-
eralization. All models underwent rigorous evaluation using stratified 10-
fold cross-validation (CV). Following comprehensive hyperparameter
tuning, 113 unique model configurations were derived, comprising 22
single-algorithm variants (optimized independently for each algorithm) and
91 ensemble models (formed by pairwise combinations of algorithms).
Performance metrics focused on the Area Under the Receiver Operating
Characteristic Curve (AUC) for both training and validation sets. The
configuration yielding the highest mean AUC across CV folds was selected
as the optimal predictor, with its constituent genes designated as pivotal
biomarkers for forecasting the progression from MASLD to MASH.

Statistical analysis

All statistical analyses and data visualizations were conducted using R
software (version 4.3.0) and Python (version 3.10.11). For continuous
variables, Pearson correlation coefficients were calculated when the data
followed a normal distribution; otherwise, Spearman correlation was
applied. Differences between two groups were assessed using the Wilcoxon
rank-sum test. Statistical significance was considered at p < 0.05 (*p < 0.05,
*¥p <0.01, ***p < 0.001).

Data availability

The datasets used in this study are publicly available. Bulk RNA-sequencing
and Affymetrix data can be accessed from GEO under the following
accession numbers: GSE126848, GSE135251, GSE167523, GSE48452,
GSE66676, GSE89632, GSE164760, GSE162694, and GSE24807. Single-cell
RNA-seq data were obtained from GEO (accession numbers: GSE289173,
GSE212837, GSE202379, GSE189600, GSE189175, GSE166504). Spatial
transcriptomics data are available in GEO under accession number
GSE248077. Additionally, ATAC-seq data comprising 44 samples were
downloaded from the Sequence Read Archive under accession
PRJNA725028. All datasets supporting the findings of this study are fully
accessible as described in this article.

Code availability
The code supporting this analysis can be provided upon available request.
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