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Metabolic dysfunction-associated steatotic liver disease (MASLD) is a
chronic conditionimpacting over 30% population, yet the dynamic changes
inmacrophage composition from steatosis to steatohepatitis (metabolic
dysfunction-associated steatohepatitis, MASH) remain unclear. Here,

by integrating single-nucleus transcriptomics, spatial multi-omics and
proteomics on human samples, we delineate the evolving landscape of
hepatic macrophages across the MASLD spectrum. Our analysis reveals a
progressive depletion of Kupffer cells accompanied by the emergence of
diverse, phenotypically distinct macrophage subsets. Spatial multi-omics
further demonstrates that disease progression toward MASH is marked by
anaccumulation of antigen-presenting, phagocytic GPNMB" macrophages,
supported by IL32-producing hepatocytes. These macrophages showed

an adaptive metabolic and pro-inflammatory phenotype that is tightly
regulated by both spatial context and disease stage. Identified macrophage
markers enable patient stratification by disease activity and its stage across
independent clinical cohorts. Our study sheds light on the diversity of
macrophage identities and metabolic-adaptive phenotypes during the
progression of MASLD.

Obesity has a pivotal role in triggering low-grade systemic chronic
inflammation, including the activation of macrophages, and serves as
amajor driver for the development of dysfunction-associated steatotic
liver disease (MASLD)'*>. MASLD, formerly called nonalcoholic fatty
liver disease (NAFLD), is a chronic and progressive condition that is
strongly associated with features of the metabolic syndrome and is
characterized by excessive accumulation of triglycerides in hepato-
cytes’. It encompasses a spectrum of disease states, ranging from
steatosis (MASL or ‘fatty liver’) to the active form of steatohepatitis
(metabolic dysfunction-associated steatohepatitis, MASH). The latter
is defined by the presence of lobular inflammation and hepatocyte bal-
looning, along with varying degrees of fibrosis. Consequently, due to
its progression to cirrhosis and hepatocellular carcinoma, MASH has
become a prominent indication for liver transplantation’.

MASLDis aninflammatory disease wherein the crosstalk between
macrophages and metabolic stimuli has a pivotal role®. In particular,
MASH has been implemented in disrupting the self-renewal capacity
ofthe Kupffer cells (KCs), the native resident macrophages, leading to
aprogressive increase of monocyte-derived macrophages’. In mouse
MASLD models, single-cell transcriptomic analysis has uncovered the
emergence of lipid-associated macrophages (LAMs), a macrophage
group broadly characterized by the expression of Trem2 (ref. 8). LAMs
were first identified in obese adipose tissue, where they were shown
to promote metabolic homeostasis in a Trem2-dependent manner?’.
A similar transcriptional signature was subsequently observed in
steatotic mouse liver, where a distinct subset of LAMs expressing
osteopontin (SpplI) was identified®. Notably, SppI* LAMs have been
implicated in attenuating the progression to MASH, suggesting a
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context-dependent protective role'. Consistent with this protective
role, Trem2" monocyte-derived macrophages, originated fromthe bone
marrow, have beenreportedtolocalizetofibroticareastoresolve stea-
tohepatitis and fibrosis'"2. Furthermore, in end-stage cirrhoticlivers,
TREM2' CD9* cells have been defined as scar-associated macrophages
(SAMs), of whichasubset can express SPP1, GPNMB or FABPS, indicating
a functional overlap between LAMs and SAMs"™*, Although some of
these findings have been spatially confirmed in human samples with
early steatosis and mixed alcohol intake®, translating these findings to
human MASLD remainsincomplete, especially regarding the transition
from MASL to MASH. Current models often oversimplify macrophage
heterogeneity in progressive MASLD by categorizing theminto broad
categories—KCs, monocytes or LAMs/SAMs—while overlooking the
dynamic, spatially regulated continuum of macrophages'. Thisgapin
translationarises, in part, because animal models do not fully capture
key features observed in patients with advanced or ‘at-risk’ MASH, such
as advanced fibrosis, lipogranuloma formation, distinctive lobular
inflammation and the presence of infiltratingimmune cell aggregates
in the portal tract” ™. As these patients are more likely to progress to
cirrhosisand are akey recruitmentgroup for drugtrials, itis crucial to
resolve the heterogeneity of the inflammatory component. Notably,
a higher degree of portal inflammation in MASLD patients has been
linked not only with more severe histological features but also with a
poor overall survival’®*. To address this critical question, we combined
single-nuclei RNA sequencing (snRNA-seq), spatial transcriptomics,
proteome multiplexing and functional assays to study the changes
in macrophage populations and explored the clinical impact in large
and well-characterized patient cohorts (Fig. 1a). This study revealed
marked heterogeneity within phagocytic GPNMB* macrophages, with
particular enrichment of a metabolically active subset (MetMacs)
within the GPNMB’ cells, that transitions dynamically from MASL to
MASH. Within this population, two distinct transcriptional clusters
were distinguished by high expression of HS3S72 and LPL, with the
latter encompassing a subset exhibiting LAM features. Functionally,
GPNMB" macrophages mediated clearance of cell debris and lipid
droplets, leading to lipogranuloma and ceroid macrophage forma-
tion. Their phagocytic capacity and inflammatory activation were
further modulated by paracrine signals from IL32-producing stressed
hepatocytes. Notably, some of the macrophage markers identified in
this study stratified patients by disease activity and its stage across dif-
ferentindependent clinical cohorts, underscoring their translational
relevance and potential utility as biomarkersin patient risk assessment.

Results

snRNA-seq profiles distinct macrophage subgroups in MASLD
To delineate myeloid cell heterogeneity in the human liver during
MASLD progression, we performed snRNA-seq on liver samples from
healthylean (body massindex (BMI) < 25, n = 4), healthy obese (BMI > 35,
n=>5),MASL (n=4)and MASH (n = 5; fibrosis stages 1/1/1/2/2) patients
(Fig.1aand Supplementary Table 1). Biopsies underwent histological

examination and were categorized into lean, obese with normal liver
histology, MASL and MASH. Extraction of nuclei from cryo-preserved
samples was followed by the droplet-based 10x Genomics Chromium
single-cell gene expression workflow, yielding a dataset comprising
176,150 high-quality nuclei. From this dataset, eight primary hepatic
cell types could be annotated, namely, hepatocytes, cholangiocytes,
endothelial cells, mesenchymal cells, lymphocytes, myeloid cells, B cells
and plasmacytoid dendritic cells (pDCs; Fig.1b). Of note, the datainte-
grated well across patients and groups, displaying no apparent batch or
quality effects (Extended Data Fig.1la-d and Supplementary Table 2).
Further subclustering of hepatocytes revealed a division linked to
their zonation, including centrilobular, interzonal and periportal
(Extended Data Fig. 1e-g). Interestingly, /L32, a marker of ER stress
in progressive MASLD?, was increased in all MASH-hepatocytes
(Extended Data Fig. 1h and Supplementary Table 3). In addition, lym-
phocytes, mesenchymal and endothelial cells were further subclustered
based on their gene expression (Extended Data Fig. 2a-c). In-depth
analysis of the myeloid populations uncovered eight transcriptionally
distinct subpopulations. The most prominent and prevalent among
themwere KCs, identified by the markers MARCO and CDSL. The second
macrophage population was enriched with various phagocytic, lipid
metabolism and cholesterol metabolism markers (GPNMB, HS3ST2,
LPL, FABPS), and was therefore designated ametabolically active mac-
rophage (MetMac). In addition, transitional macrophages (TransMac;
STABI, MGAT4A) and premacrophages (PCNX2, ADAM28, RUNX2) exhib-
ited transcriptional similarities with monocytes (VCAN, FCNI) and
mature macrophages. Various conventional dendritic cell (cDC) sub-
typeswerealsoidentified, including cDC1(CLNK, CLEC9A),cDC2 (CDIC)
and migratory DCs (migDC; LAMP3, CCR7;Fig.1c,d)”. When examining
the spectrum of myeloid cell populations from lean to MASH, agradual
shiftincell compositionbecame evident (Fig.1e). Herein, we observed
an MASLD-related increase in migDCs and TransMacs, while in obesity,
an elevation of monocytes is suggested. Furthermore, differential
abundance testing on neighborhoods of cells using the miloR package
revealed asignificant decreasein KCs, along with elevated frequencies
of MetMacs during MASLD (Fig. 1e,f and Extended Data Fig.2d).In con-
trast to KCs, MetMacs exhibited a distinctive response during MASH
development, characterized by upregulation of genes associated with
fatty acid metabolism, particularly lipoproteinlipase (LPL; Fig.1d,g).In
addition, the transcriptional profile of MASH-MetMacs and monocytes
shifted toward aninflammatory response, marked by increased activi-
ties in chemokine production, cytokine signaling, antigen presenta-
tion and macrophage activation (Fig. 1g and Supplementary Table 4).
Furthermore, the pro-inflammatory shift in MetMacs during MASH
correlates with extended cell-cell interactions with hepatocytes,
endothelial cells, mesenchymal cells, CD4" and CDS8" T cells, indicat-
ing their prominent role in cellular crosstalk during MASH develop-
ment (Extended Data Fig. 2e and Supplementary Tables 5-8). These
snRNA-seq findings indicate changes in cell populations and pheno-
typic profiles with MASH progression.

Fig.1|Single-nucleus map of hepatic macrophages. a, Schematic overview of
the discovery, validation and clinical translation cohort and technique. Cohorts
were stratified based on liver histology by expert pathologist into normal, MASL
and MASH. For individual techniques, the cohorts were further subdivided
based on disease stage. Schematic inacreated in BioRender; Govaere, O.
https://BioRender.com/sla50hv (2026). b, Annotated UMAP map 0f176,150
hepatic cells from lean patients (n = 4), obese patients with normal liver
histology (n=5), MASL (n =4) and MASH (n = 5), showing hepatocytes,
cholangiocytes, endothelial cells, mesenchymal cells, lymphocytes, myeloid
cells, B cellsand pDCs. ¢, UMAP plot 0f 12,834 myeloid cells (KC, MetMac,
TransMac, preMac, cDC, migDC). d, Heatmap showing the top ten marker
genes for the myeloid populations. Expression is indicated by color saturation,
and cluster and disease identity are marked by individual coloring. e, Left:
MiloR calculated beeswarm plot of differential neighborhood abundance

log FC amongthelean (n=4), obese (n=5), MASL (n=4) and MASH (n =5)
conditions of myeloid populations. Differentially abundant neighborhoods
after multiple hypothesis testing at 5% FDR <0.05 are colored. Blue coloration
indicates significantly increased and red decreased abundance in the MASLD
condition, based on the FDR value. Right: box plot showing the proportion (%)
of the myeloid subtypes derived from each condition. Dots indicate individual
patients as biological replicates, Holm-Bonferroni adjusted P values of two-
sided t test and the median line indicates the boxes extend from the 25th to 75th
percentiles, and the whiskers extend to the minimum and maximum values
(right). f, Individual UMAP plots of myeloid cells per disease stage. g, Heatmap of
the average GSVA score of hallmark, KEGG, Reactome and GO BP pathwaysin the
myeloid subtypes per disease, scaled across the subsets and disease. preMac,
premacrophage; FC, fold change; GSVA, gene set variation analysis; GO, Gene
Ontology; BP, biological process.
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Fig. 2| Spatial transcriptomics in at-risk MASH patients. a, Workflow of

the GeoMx Human Whole Transcriptome Atlas experiment. Human at-risk

MASH liver biopsies (n = 8) were divided into regions of interest, including
steatohepatitis, parenchyma with low steatosis and the portal tract with
inflammation. Cells of interest were fluorescently labeled, including macrophage
(CD68), immune cell (CD45) and epithelial (panCK) cell populations, followed by
sequential segmentation and high-throughput RNA-seq. b, PCA plot of the CD68
macrophage population across various regions of interest in all the biopsies.

¢, Volcano plot showing the differentially expressed genesin CD68 segments

I rortaltract [l Steatohepatitis [l Low steatosis

between the regions of low steatosis (n = 8) and steatohepatitis

(n=18).d, Volcano plot showing the differentially expressed genes in CD68
segments between the regions of the portal tract (n = 7) and steatohepatitis
(n=18). e, Expression levels of selected genes of interest comparing segments
from histological regions (portal tract, n = 7; steatohepatitis, n = 18; and low
steatosis, n = 8). Dataare presented as mean + s.e.m. (Kruskal-Walis test with
Dunn’s multiple comparisons test). PCA, principal component analysis.

NS, not significant.

Spatial transcriptomics resolves macrophage heterogeneity in
at-risk MASH

To elucidate the spatial heterogeneity of macrophage populations
in patients with progressive MASH and their association with histo-
pathological features, we used GeoMx Human Whole Transcriptome
Atlas profiling on an independent cohort of eight biopsies from
‘at-risk’ MASH fibrosis stage F3 patients. Patients are classified as
‘at-risk” MASH if they have a MASH combined with a fibrosis stage

of atleast 2 and an NAFLD activity score (NAS) of >4 (this is the sum
of the histological scores for steatosis, hepatocyte ballooning and
lobular inflammation)?’. Notably, these patients are considered to
be atincreased risk of further disease progression to cirrhosis. We
selected regions of interest based on specific histopathological crite-
riaand used fluorescence markers to segment different macrophage
(CD68), immune cell (CD45) and epithelial (pan-keratin (panCK)) cell
populations in a sequential manner (Fig. 2a). Whole Transcriptome
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Atlas RNA profiling was performed on a total of 80 segments, with 77
passing quality controls (Extended Data Fig. 3a). Principal component
analysis and hierarchical clustering indicated that the segmented
cell populations grouped according to the histopathological region
of interest (Fig. 2b and Extended Data Fig. 3b,c). When comparing
the parenchymal steatohepatitis-associated (SH-) macrophages
with KCs from parenchyma with low steatosis and portal tract (PT-)
macrophages, we identified 207 and 348 differentially expressed
genes, respectively (false discovery rate (FDR) < 0.05; Fig. 2c,d and
Supplementary Tables 9 and 10). PT-macrophages displayed a typical
immature/monocyte phenotype, lacking the expression of scavenger
receptors (CD163,CD36,MSRI), and expressing lymphocyte-regulatory
genes (CCL19,CD48,IL7R, CCLS). Compared with KCs in areas of low
steatosis, SH-macrophages exhibited features of both monocytes
(high expression of LSPI and LYZ) and mature macrophages (high
expression of MSRI). Notably, SH-macrophages displayed elevated
expression of GPNMB alongside an increase in metabolic-related
genes, such as LPL, FABPS5, SPP1 and ACP5 compared to KCs (Fig. 2c).
While genes like GPNMB, LYZ and HLA-DRA were highly expressed in
both PT and SH regions, FABPS, LPL, MSRI and CD36 expression was
more restricted to SH (Fig. 2e). Pathway analysis revealed an enrich-
ment in phagosome-presenting and antigen-presenting genes in
SH-macrophages compared to KCs (Extended Data Fig. 3d). Examining
the parenchymal phenotype wherein these SH-macrophages reside,
hepatocytes showed anincreased expression of ballooned hepatocyte
markers Ubiquitin D and SQSTM1/p62, consistently with the histology,
as well as genes linked to cell remodeling (for example, ANXA2, MSN,
KRTS; Extended Data Fig. 3e). In addition, CD45" CD68" cells from
the PT displayed a high expression ofimmunomodulatory genes as
CCL21or TRAFI, and lower expression of metabolic-associated genes
as SCD or neutrophil-associated marker BRI3, when compared to cells
located inthe SHregion (Extended Data Fig. 3f). To estimate the rela-
tive abundance of cell types within each region of interest, Spatial-
Deconalgorithmwas applied using a cell profile matrix derived from
our snRNA-seq dataset. Validating the accuracy of our segmentation
approach, we observed epithelial cell cluster enrichment in panCK
regions, myeloid cells in CD68 regions and lymphocyte subtypes in
CD45 regions (Extended Data Fig. 3g,h). In addition, we found that
the MetMac signature was enriched in areas of steatohepatitis, while
the KC cluster signature predominantly mapped to CD68 segments
inareas with low steatosis (Extended Data Fig. 3g). Monocyte cluster
signatures were enriched in both portal tracts and steatohepatitis
regions. Taken together, these findings demonstrate that macrophage
gene signatures vary across histopathological locations in patients
with at-risk MASH.

Transcriptional heterogeneity within GPNMB* macrophages
Because GPNMB was identified as a top marker of the MetMac cluster
in snRNA-seq and showed strong differential expression in GeoMx

profiling, we further characterized GPNMB" myeloid cells in detail.
Quantification of GPNMB® cells (Unique Molecular Identifier, UMI > 2)
across all clusters showed the highest fraction in the MetMac clus-
ter, with additional representation in KC, TransMac, premacrophage,
monocyte and cDC2 clusters (Fig. 3a,b). Unsupervised clustering of
GPNMB® cells delineated five myeloid subclusters corresponding to
distinct cell states (Fig. 3c).

Within the MetMac population, two clusters were defined by ele-
vated expression of LPL and HS3ST2, indicative of triglyceride hydroly-
sis and heparan sulfate metabolism, respectively. Additional clusters
were enriched for MARCO and LYZ, reflecting KC-like and monocyte-like
identities (Fig. 3c,e). Cluster identifiers, including LPL and FABPS, along
withother spatially resolved transcripts, were uniquely confined to the
myeloid compartment, whereas SPPI was enriched innonmyeloid cells
suchascholangiocytes (Extended Data Fig. 4a). Feature mapsrevealed
distinct marker dynamics across myeloid subclusters and disease
stages (Extended Data Fig. 4b-d), indicating heterogeneity within
GPNMB' cells. To relate GPNMB' populations to LAMs, we applied the
originally described Trem2-associated LAM gene set to compute LAM
signature scores’. A transcriptionally defined subset within the MetMac
cluster,and toalesser extent the TransMac cluster, exhibited elevated
LAM signatures (Fig. 3d and Extended Data Fig. 4e,f).

Differential expression analysis of GPNMB' myeloid cells between
MASH and non-MASH samples showed increased expression of LPL,
FABPS5 and SPPI1, with concomitant downregulation of CDSL and TIMD4
(Fig. 3f and Supplementary Table 11), suggesting changes within the
GPNMB* population composition as disease progresses. To quantify
these changes, we assessed the relative abundance of GPNMB" subsets.
The proportion of GPNMB® cells within the total myeloid population
increased from 5.7% in non-MASH (MASL and normal) to 12% in MASH
(Fig.3g). GPNMB’* LPL* and GPNMB* HS3ST2" subsetsrepresented 2.8%
and 4.1% of myeloid cells, respectively, with a fraction coexpressing
HLA-DRA and CD163 (Fig.3g). TREM2' GPNMB' populations comprised
only 0.4% in MASH, while GPNMB* LPL* SPPI" comprised 1%. Interest-
ingly, GPNMB* MARCO" myeloid cells decreased from 1.3% to 0.8%,
indicating areductionin KC-like cellswhen progressing toward MASH
(Fig. 3g). Collectively, these findings indicate a high heterogeneity
in the GPNMB" population. Similar trends were observed in other
publicly available data (Extended Data Fig. 4g)**. To visualize RNA
targets at cellular resolution, we used the CosMx high-plex spatial
molecular imaging approach combining a1000-RNA plex panel with
protein segmentation markers (CD68, CD45, panCK and a membra-
nous marker) on nine MASLD samples and one normal liver sample®.
Cellidentification based on Louvain clustering and canonical markers
allowed annotation of major cell clusters and digital reconstruction of
the histology (Extended Data Fig. 5a,b). This highlighted the change
in composition complexity going from early stage MASLD toward
end stage (Extended Data Fig. 5¢,d), characterized by parenchymal
cellloss, structural remodeling and immune cell infiltration (Fig. 3f).

Fig. 3| Spatial deconvolution and profiling at the cell level identify a
metabolic-adaptive macrophage phenotype in GPNMB+ macrophages. a, Bar
plot visualizing the fraction of GPNMB* (GPNMB UMI, count > 2, red) and GPNMB~
(GPNMB UMl count < 2, blue) cells in the myeloid subclusters of the snRNA-seq
data. b, UMAP plot of 944 GPNMB' myeloid cells (GPNMB UMI count > 2), inthe
snRNA-seq data, colored based on previously identified myeloid subclusters.c,
UMAP plot of GPNMB* myeloid cells, colored based on Louvain clustering. d, Left:
UMAP showing the LAM signature score (TREM2, LIPA, LPL, CTSB, FABP4, FABPS,
LGALSI,LGALS3,CD9,CD36)° in GPNMB* myeloid cells of the snRNA-seq data.
Expressionisindicated by color saturation (low (gray) to red (high)). Right: violin
plots of the LAM signature score in GPNMB* myeloid cells in the snRNA-seq data,
the Louvain cluster is marked by individual coloring. e, Dot plot of the top ten
differentially expressed genes. Expression is indicated by color saturation and
the size indicates the percentage of expressing cells in the respective cluster.

f, Volcano plot showing the differentially expressed genes in GPNMB*

macrophages in the snRNA-seq data between MASH and no-MASH patients.

g, Fractions of myeloid cells from the snRNA-seq data positive (yellow), double-
positive (green) or triple-positive (blue) for certain markers based on their gene
expression (UMI count > 2), divided into MASH (red) and no-MASH conditions
(dark blue). h, Representative tissue section of CosMx molecular profilingin
end-stage liver disease (total CosMx n =10 of which end-stage n = 2), highlighting
different hepatic cell populations and markers. Cropped area visualizes
HLA-DRA, GPNMB, FABPS and LPL probes at adistinct lipogranuloma (arrow) and
areaof lobular inflammation (asterisk). Insets: fluorescence scans of CD68 (red),
CD45 (pink) and panCK (green) protein expression of the lobular inflammation
(left) and lipogranuloma area (right). i, Spatial plots visualizing the expression
level of certain genesin cells at adistinct lipogranuloma (arrow) and area of
parenchymal inflammation (asterisk). Expression is indicated by color saturation
(from gray tored, representing low to high).
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Molecularimaging showed that GPNMB' cells were located bothinthe  evenwithinthe parenchyma.Inlipogranulomasand areas of cell debris,
parenchymaand inthe portal tract (Fig. 3fand Extended DataFig.5c,d). =~ GPNMB’ cells displayed high expression of metabolic markers LPL and
Interestingly, GPNMB’ cells displayed a high expressionof HLA-DRAand ~ FABPS (Fig.3h,iand Extended DataFig. 5e). Taken together, these results
showed heterogeneity depending on the spatial histologicallocation, highlight macrophage heterogeneity inaspatially dependent manner.
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Fig. 4 | Spatial proteomics reveals macrophage heterogeneity during
MASLD progression. a, Representative immunohistochemistry images of
GPNMB in human liver biopsies of control (n = 4), MASL, F2 MASH and F4
MASH patients (n =16). Overview GPNMB staining on MASH F4 biopsy with
magnifications indicating granularimmunopositivity (arrows) in the portal
tract (top) and parenchymal area (bottom). Bar plots indicate the abundance
of immunohistochemistry-stained GPNMB" cells compared with ANOVA trend
analysis. Dataare presented as mean * s.e.m. b, Representative spatial COMET
Hyperplex (n = 6) overlayed multicolor fluorescence images of selected markers
(left, end-stage liver). Zoom-in of macrophage markers in areas of parenchyma
and stromal tissue from the portal tract (asterisk indicates portal tract, dotted
lineindicates the periportal region). Bar plots show fractions calculated for

selected markers in one annotated area of the total myeloid cell population
(defined CD68*, CD163" or CD14"). ¢, Digital reconstruction of arepresentative
human liver sample (n = 8) using MILAN, illustrating the major annotated hepatic
cell types (top) and a composite fluorescence image of macrophage markers
(bottom). Zoom-in depicts alipogranulomain the parenchyma (box with arrow
indicated). d, UMAP showing the expression of various proteins in myeloid cells
(CD68*,CD163" or CD14"). Expressionis indicated z scores (gray (low) to red
(high)). e, Box plots comparing the abundance of CD163*, GPNMB*, HLA-DR’,
lysozyme* or SPP1* macrophages between MASL (n=4) and MASH (n=4).
Holm-Bonferroniadjusted Pvalues of two-sided ¢ test indicated, the boxes
extend from the 25th to 75th percentiles and the whiskers extend to the minimum
and maximum values. ANOVA, analysis of variance.

Spatial proteomics maps GPNMB" macrophages in the
progression of MASLD

Imperative to our observation on mRNA level is a thorough validation
at the protein level. To achieve this, we used standard immunohisto-
chemistry and two approaches of multiplex proteomics—the COMET
platform and the multiple iterative labeling by antibody neodeposi-
tion (MILAN). The COMET system provides fully automated sequential
multiplexing, enabling the visualization of both protein and mRNA
molecules within specific regions of interest, whereas the MILAN
system is an open platform designed for protein multiplexing across
entire biopsy samples??. Our histopathological analysis involved
examining 20 biopsies, including 16 cases of MASLD and 4 controls
(Fig. 4a). Notably, in MASL, we observed few GPNMB immunopositive
cells in regions with hepatocytic steatosis and within the portal tract.
In addition, quantification revealed a progressive rise in the number
of GPNMB cells toward end-stage MASLD. Some of these cells exhib-
ited large granularimmunopositivity in the cytoplasm, particularly in
areas with parenchymal cell loss and within the portal tract (Fig. 4a).
Furthermore, we applied a spatially resolved single-cell proteomic
approach, COMET, to a subset of sequential patient samples (n = 6)
previously analyzed by CosMx spatial transcriptomics. Antibodies
used in the proteome multiplexing were first validated using standard
immunohistochemistry and assessed by an expert liver pathologist
(Extended Data Fig. 6a). Aligned with our transcriptomics results, the
proteome multiplexing revealed substantial heterogeneity among mye-
loid cells, showing variability for CD163, CD48, CD9, GPNMB, HLA-DR,
LYZ, S100A4 and TREM2, as well as the KC markers CDSL, MARCO and
TIMD4 (Fig. 4b and Extended Data Fig. 6b). Fractional analysis of myeloid
cells (annotated as CD68*,CD163" or CD14*) withinaselected region of
end-stage MASLD revealed that GPNMB' cells comprised 18.1% popula-
tion, whereas GPNMB*MARCO" and GPNMB" LYZ' cells, reflecting KC

and monocyte features, represented only 0.2% and 3.8%, respectively
(Fig. 4b). GPNMB* TREM2' cells accounted 2.4% and GPNMB* SPP1*
cellsfor 0.5%. Moreover, the number of CD163* CDSL* MARCO' TIMD4*
KCs gradually declined from biopsies with normal histology to MASL
and MASH (Extended DataFig. 6¢). Interestingly, in MASH samples, an
increasein CD163" CD5SL" MARCO™ TIMD4 ™ cells was observed compared
toearlier disease stages, reflecting phenotypic shifts within the KC popu-
lation (Extended Data Fig. 6¢). To further investigate the relevance of
GPNMB" cellsinthe progression from MASL to MASH, weimplemented
the multiplex staining technique MILAN in an independent cohort of
eight MASLD samples. High-dimensional segmentation of the entire
biopsies identified a total of 30,000 myeloid cells. These monocytes/
macrophages were annotated based on the expression of CD68, CD163
or CD14. Digital reconstruction showed a diverse spatial distribution
pattern depending on the cell type and/or marker (Fig. 4c). Uniform
manifold approximation and projection (UMAP) analysis revealed that
GPNMB, LYZ and HLA-DR expression was predominantly enriched within
the CD163" cells (Fig. 4d). Comparing MASL with MASH, we observed a
significantincrease in GPNMB*and HLA-DR® cells in the latter, accom-
panied by a trend toward reduced CD163" cells, while the fraction of
LYZ" and SPP1" macrophages remained unchanged (Fig. 4e). In addi-
tion, the GPNMB" macrophage cluster exhibited an elevated HLA-DR*
frequency in MASH compared to MASL, along with anincreasein CD163*
HLA-DR" double-positive cells (Extended Data Fig. 6d,e). The distinct
GPNMB" macrophages were detected in both the portal tract and hepatic
parenchyma (Supplementary Video). Spatial proximity analysis further
revealed that 9% of GPNMB" macrophages were located within 10 pm of
cholangiocytes (Extended Data Fig. 6f), indicating portal infiltration,
consistent with our broader findings. Collectively, these results high-
light protein-level alterations within the GPNMB* macrophage popula-
tionduring MASH progression, confirming our transcriptomics results.

Fig. 5/1L32-producing hepatocytes promote phagocytic and pro-
inflammatory properties of GPNMB* macrophages. a, Schematic
representation of PCLS setup. PCLS were cultured overnight and treated with
BSA or lipids (1mM OA and 500 pM PA) for 24 h (n =3 technical repeats per
condition). Representative immunohistochemistry images of GPNMB in PCLS
after baseline (0 h) and 24 h after BSA or lipid treatment. Regions of interest
with GPNMB aggregates are zoomed in (bottom left), and ceroid macrophage
formationis shown in sequential H&E images (bottom right). b, Representative
GPNMB immunohistochemistry image of early lipogranuloma formation

after lipid treatment in PCLS. ¢, High-resolution confocal imaging of GPNMB
(green), cathepsin D (magenta) in end-stage human liver (MASH F4,n =3).
GPNMB and cathepsin D overlap is highlighted in white. d, Representative tissue
section of CosMx molecular profiling (n =10) in end-stage liver disease (n = 2),
highlighting different hepatic cell populations, and /L32 and GPNMB RNA probes.
e, Consecutive tissue section of COMET Hyperplex (n = 6) visualizing GPNMB
protein (green) and /L32in situ hybridization RNA probe (red) in end-stage
MASH (n = 2; left), indicating the zonation of /L32. Right: representative images
and zoom-ins of MASLD biopsies with disease stage MASL (n =1), MASHFO/F1
(n=1)and MASH F3 (n =1).f, Representative tissue section of COMET Hyperplex
visualizing AKRIBI1O protein (aquamarine) to indicate regions of ballooned
hepatocytes, IL32 RNA probe (red) and selected macrophage markers in end-

stage MASH (top) and MASH FO (bottom). g, Schematic representation of the
experimental setup. THP-1 cells were differentiated into macrophages with

or without IL32, retinol, IL4 and LPS, followed by lipid loading with PA and OA
(top). High-resolution confocal imaging of GPNMB (green), MSR1 (red) and DAPI
(blue) in cells treated with IL32 and retinol or PMA (control), after lipid loading
with200 pM PA and 400 pM OA or treated with 1% BSA (n = 3 per condition). h,
Lipid content was quantified in differentiated THP-1cells conditioned with IL32,
retinol, IL4 and/or LPS, followed by 24 lipid loading (200 pM PA and 400 pM

OA) or BSA control (n =3 per condition). Absorbance of Oil Red O staining was
measured at 492 nm. Data are presented as mean + s.e.m. (one-way ANOVA

with Tukey’s multiple comparisons test). i, Endo-lysosomal degradation was
assessed in 10 ng ml™ PMA-treated THP-1 cells exposed to 50 or 100 ng mi™I1L32
for 24 h, followed by incubation with fluorescence-labeled silica beads. In real
time, the excitation and emission wavelength were measured, and the RFUs were
determined. j, Relative gene expression in THP-1 cells treated with 1% BSA or 1 mM
PA, and conditioned with or without IL32, measured through RT-qPCR (n =3 per
condition). Data are presented as mean + s.e.m. (one-way ANOVA with Tukey’s
multiple comparisons test). OA, oleic acid; RFUs, relative fluorescence units;
PMA, phorbol 12-myristate-13-acetate; H&E, hematoxylin and eosin. Schematics
inaand g created in BioRender; Govaere, O. https://BioRender.com/msfl43p
(2025).
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IL32-producing hepatocytes drive phenotype of GPNMB"*
macrophages

We then used precision-cut liver slices (PCLS) as an ex vivo model to
explore the function of GPNMB* macrophages. Human liver tissue
was used to generate PCLS, which were cultured overnight and sub-
sequently exposed to either lipids or BSA (control) for 24 h (n =3).
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lipogranuloma formation (Fig. 5b). To assess phagocytic activity,
we performed GPNMB/cathepsin D (CATD) costaining in end-stage
MASLD patient Formalin-Fixed Paraffin-Embedded (FFPE) samples.
High-resolutionimaging revealed extensive colocalization of GPNMB*
and CATD" vesicles, consistent with active phagocytosis (Fig. 5c). To
investigate how the microenvironment drives macrophage functionin
MASH, we focused onIL32, which was identified inboth our snRNA-seq
and GeoMx datasets as differentially expressed in hepatocytes from
MASH samples. Notably, elevated hepatic IL32 levels have previously
beenreportedinindividuals with severe MASLD***, CosMx spatial pro-
filing confirmed robust /L32 expressionin hepatocytes from end-stage
MASLD (Fig.5d). These spatial associations were validated on consecu-
tive sections using COMET multiplexing, combining IL32 mRNA probes
with GPNMB antibody staining (Fig. 5e). Across biopsy samples, we
noted a progressive increase in /L32" hepatocytes and GPNMB" mac-
rophages with disease advancement, especially within portal tracts
and periportal zones in early stages. In addition, /L32 expression was
elevatedinareaswithabundant ballooned hepatocytes, as marked by
AKRI1B10, aretinol metabolism enzyme (Fig. 5f). To validate these find-
ings in vitro, we conditioned differentiated THP-1 myeloid cells with
interleukin (IL) 4, IL32, retinol or lipopolysaccharide, alongside lipid
loading with oleic and palmitic acids (PAs) for 24 h (Fig. 5g). Notably,
IL32-treated cells exhibited enhanced phagocytic uptake of free lipid
particles after 24 h, compared to the other conditions (Fig. 5h), accom-
paniedbyincreased/enlarged cytoplasmic MSR1and GPNMB vesicle for-
mation (Fig. 5g). Moreover, IL32 treatment stimulated dose-dependent
endo-lysosomal degradation activity (Fig. 5i). Particularly PA has previ-
ously beenreportedtoinducea pro-inflammatory response in hepatic
macrophages®. Our invitro datashowed that conditioning THP-1cells
with IL32 enhanced PA-induced pro-inflammatory /L1B expression
while reducing the anti-inflammatory marker IL10 (Fig. 5j)* Collec-
tively, these results underscore a pivotal role for hepatocyte-derived
IL32 in sustaining the phagocytic capacity of GPNMB* macrophages
and modulating their pro-inflammatory response, linking hepatocyte
signaling to macrophage function in MASH progression.

Implications of GPNMB* macrophages in clinical cohorts

To understand the clinical implications of macrophage heterogene-
ity, we conducted an extensive analysis of marker expression across
various omic datasets—transcriptomics datafromawell-characterized
cohort of 206 MASLD patients and 10 controls*, serum Somalogic
proteomics data from 247 biopsy-proven MASLD patients®** and
phenome-wide association study (PheWAS) analysis based on OLINK
proteomics datafromalarge UK Biobank (UKB) cohort (53,030 partici-
pants)**. When we examined the expression of selected genes relevant
toour spatial transcriptomics, a clear segmentation was seen between
MASL and MASH for genes including GPNMB, LYZ, LPL, HLA-DRA,
HLA-DRBI, FABPS and LSPI (Fig. 6a and Extended Data Fig. 7a). Mark-
ers associated with the portal macrophage phenotype (for exam-
ple, CCL19 and CLECIOA) were more highly expressed in advanced
MASLD, while CD163 expression decreased. Hepatocytic markers
AKR1B10 and IL32 showed a gradual increase with disease progression
(Extended DataFig. 7a). Using our snRNA-seq data to deconvolve and
estimate the proportion of myeloid cellsin the bulk RNA-seq data, we
revealed that the proportion of MetMacs and monocytes significantly
increased with disease progression, whereas KC proportion gradually
decreased (Fig. 6b)™. Similar trends were observed when assessing the
fibrosis stage and the histological MASLD activity score (the sum of
steatosis, hepatocyte ballooning and lobular inflammation scoring;
Extended DataFig. 7b). To explore the utility of macrophage markersin
predicting disease activity, we performed logistic regression analysis.
The composite model in the transcriptomics cohort identified the
clinical variable ‘age’ and the expression levels of ACPS, CD163, LPL
and MSRI as independent variables to classify patients with a high
disease activity (Extended DataFig. 7c). Inthis model, LPL expression

levels displayed astrong contribution. Functionally, LPL CRISPR-Cas9
knockout using the THP-1 cell line resulted in a foamy macrophage
phenotype after 24 h of lipid loading, when compared to the scram-
ble guides (Extended Data Fig. 7d). Next, we investigated whether
hepatic changes correlate with systemic alterations in circulating
proteins. Using serum proteomics data from biopsy-proven MASLD
patients, we stratified individuals based on “at-risk’ MASH, advanced
fibrosis, the presence of MASH or high disease activity (NAS > 4). The
strongest significant changes in circulating markers were observed
for soluble CD163, GPNMB and MSR1 (Fig. 6¢). Our PheWAS analysis,
encompassing alarge cohort of 53,030 participants, revealed astrong
association between soluble GPNMB and features of the metabolic
syndrome, specifically diabetes mellitus and hypoglycemia, while
CD163 was significantly associated with diabetes and chronic liver
diseases (Extended Data Fig. 8). Taken together, our comprehensive
analysis sheds light on the intricate interplay among macrophage
heterogeneity, disease progression and circulating protein dynamics
in MASLD (Extended Data Fig. 9).

Discussion

Inthis study, we examined hepatic macrophage heterogeneity during
MASLD progression, with a focus on the microenvironmental influ-
ence. We identified substantial diversity within phagocytic GPNMB*
macrophages, particularly the emergence of a metabolically active
subset (MetMacs) that shifts dynamically from MASL to MASH. Nota-
bly, LAM-associated signatures and markers were detected only ina
fraction of this MetMac, underscoring their distinction from previ-
ously described LAM/SAM populations®. In addition, our ex vivo and
invitro dataindicate a pro-inflammatory, phagocytic role for GPNMB"*
macrophages in lipid handling, in contrast to TREM2" macrophages,
which have been involved in MASH and fibrosis resolution™". This
distinction underscores that hepatic macrophages in MASLD are
more heterogeneous than previously appreciated, and that existing
nomenclature does not adequately capture their complexity. Further-
more, our findings highlight the importance of spatial localization
and hepatocyte-derived signaling, specifically IL32, in modulating
macrophage activation states.

Within MetMacs, we identified two major populations charac-
terized by high expression of LPL and HS3ST2. Furthermore, LPL, a
triglyceride hydrolase essential for lipoprotein processing®, marked
macrophages enriched in steatohepatitis and was required to prevent
foamy macrophage formation, as confirmed by our CRISPR-Cas9
perturbation. These findings are consistent with previously described
mouse models of atherosclerosis®?**. Notably, both LPL and MSR1
independently predicted high disease activity in our larger MASLD
cohort. Recently, we have demonstrated that MSR1 promotes lipid
droplet uptake and lipogranuloma formation in MASH, highlighting
adaptive lipid-clearing programs within these areas of steatohepati-
tis?. HS3ST2, a regulator of heparan sulfate biosynthesis, was selec-
tively upregulated in MetMacs and has previously been associated
with a pro-inflammatory phenotype in atherosclerosis, implicating
itsrole in lipid-rich, inflamed niches®. Supporting this adaptive axis,
hepatocyte-derived IL32 enhanced macrophage phagocytic capacity
and the pro-inflammatory response to PA (for example, /L1B expres-
sion), thereby linking metabolic stress to immune reprogramming.
IL32 is a multifunctional cytokine associated with disease progres-
sion in patients with MASLD?**, and has a direct role in immune cell
differentiation®. Moreover, IL32 has been implicated in modulating
inflammatory and fibrogenic responses in vitro**.

GPNMB, often used as a lineage or annotation marker”, also has
functional rolesin phagocytosis and debris clearance, withits cleaved
form exerting immunomodulatory effects on myeloid and lymphoid
cells***°, Its expression increases in macrophages under lysosomal
stress, particularly in lipotoxic environments, and has been used to
identify MetMacs in MASLD adipose tissue*"*2. In our study, GPNMB*
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Fig. 6 | Clinical implications of macrophages in MASLD based on hepatic
transcriptomics and serum proteomics. a, Heatmap of 28 genes, which were
identified by the spatial transcriptomics, indicating the expression from MASL to
the different MASH stages using RNA-seq data of human liver biopsies (n =206).
b, Estimating the proportion of KC, MetMacs and monocytes in the RNA-seq
datawith the CIBERSORTx deconvolution algorithm using the snRNA-seq data,
grouped based on disease and fibrosis stage (MASLD, n =206; controls, n =10).
Dots indicate individual patients as biological replicates, Holm-Bonferroni
adjusted Pvalues of two-sided ¢ test and median line indicated, the boxes extend
from the 25th to 75th percentiles and the whiskers extend to the minimum and
maximum values. ¢, log,-normalized mRNA reads from NAS < 4 or >4 samples

using RNA-seq data of human liver biopsies (n=206). Data are presented as
mean + s.e.m. Pvalues of two-sided Mann-Whitney Utest indicated. d, Serum
Somalogic proteomics data from MASLD patients with histologically-proven
MASLD (n =247), highlighting the significant (P < 0.05, dashed red line)
correlation of identified macrophage markers and clinical features. Serum
samples were measured with the SomaScan Assay (v4.0). RFUs were log,,
transformed. Patients were stratified based on the histological presence of
MASH, advanced fibrosis stage 3 or 4, high disease activity or ‘at-risk’ MASH.
High disease activity was defined as a NAS > 4; this is the sum of the histological
scores for steatosis, hepatocyte ballooning and lobular inflammation. Data are
presented as P value of two-sided Mann-Whitney U test for each marker.

macrophages were observed to cluster within the portal tracts of
MASLD livers, suggesting a localized role in modulating inflamma-
tion, particularly in relation to infiltrating monocytes and lympho-
cytes. Furthermore, we observed a depletion of resident KCs with a
parallel expansion of inflammatory GPNMB* HLA-DR" macrophages.
This mirrors mouse studies showing that loss of periportal MARCO*
IL10” producing KCs, critical for pathogen sequestration and immune
regulation, exacerbates steatohepatitis*’. Consistent with this, we
found a progressive decline of MARCO* CD5L" TIMD4"*KCs, alongside
fragmented populations expressing only individual markers. These
findings highlight the adaptive remodeling of macrophage subsets
in response to lipotoxic stress and may connect innate and adaptive
immunity signaling.

Inaddition, we found that soluble GPNMB and CD163 levels were
elevated in patients with advanced MASH, and our PheWAS analysis,
based on 53,030 participants from the UKB, indicated associations
withfeatures of the metabolic syndrome. This could suggest a systemic
effect, which would be in line with previous mouse studies. Gpnmb
secreted from the liver has been reported to promote lipogenesis in
white adipose tissue and to aggravate obesity and insulinresistance**.
Aging, arisk factor foradvanced MASLD, has been described toincrease
the expression of Gpnmb in various organs in mice, including the liver®.

This study has several limitations that should be acknowledged.
Here snRNA-seqis subject to technical limitations, especially a higher
incidence of technical dropouts due to the lower abundance of mMRNA
within isolated nuclei compared to whole cells. Moreover, the high
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heterogeneity within the macrophage populations can make it difficult
to precisely define cluster boundaries, limiting the clustering accuracy.
This must be considered when drawing comparisons to scRNA-seq
data. The GeoMx spatial transcriptomics platform uses anenrichment
approach based on fluorescence, which, given the complex anatomi-
cal structure of the liver, may inadvertently include neighboring cells
upon cell segmentation. The COMET multiplexing platform, when used
with our probe panel, produced focal nuclear background staining,
likely due to binding to the DNA, and should be interpreted carefully.
Inaddition, the control samples, although showing histologically nor-
malliver tissue, were still derived from patients rather than from truly
healthyindividuals. Some omics analyses were conducted on relatively
small patient cohorts, meaning that validationsinlarger,independent
cohorts are warranted. Although our findings highlight heterogeneity
among GPNMB" macrophages, further studies are needed to elucidate
thedistinct cell states and adaptive responses to lipids, particularly in
relation to the LPL and HS3ST2 subsets.

In conclusion, our study sheds new light on the diversity of mac-
rophageidentities and their metabolic phenotypes during the progres-
sion of MASLD. We showed that spatial and temporal changes occurin
mature macrophage markers, which adds complexity to the old dogma
of macrophage-monocytesin chronic liver disease.
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Methods

Patient cohorts and sample collection

This study included 289 liver tissues and 247 serum samples and
data from 53,030 participants enrolled in the UKB. Biopsies for the
snRNA-seq (n=18) were collected from patients undergoing bari-
atric surgery or cholecystectomy at the University Hospital Leuven
(UZ/KU Leuven, EC S63593) and the University Hospital Antwerp
(ECUZA/UAntwerpen, B300201524515). MASH biopsies for the GeoMx
spatial transcriptomics (n = 8) were collected at the specialized Free-
man Hospital hepatology center (UREC, 18/NE/0182). Additional
biopsies were obtained at the University Hospital Leuven (S67418) for
immunohistochemistry/fluorescence (n = 23), CosMx spatial molecu-
lar imaging (n=10), COMET hyperplex (n = 6) and MILAN proteome
multiplexing (n = 8). Samples for the bulk transcriptomics (MASLD,
n=206; controls, n=10) and serum proteomics (n = 247) have been
drawn fromthe European MASLD Registry (NCT04442334)*. The regis-
tryincludes samples from multiple centers, including Angers and Paris,
Mainz, Turin, Linkoping and Newcastle upon Tyne. All liver samples
were scored by an expert liver pathologist according to the semiquan-
titative NASH-CRN Scoring System. Fibrosis stage ranged from FO to F4
(cirrhosis) and the NAS was defined as the sum of the scores for steato-
sis, hepatocyte ballooning and lobular inflammation. At-risk MASH was
defined as NAS > 4, withat least 1 point deriving from each NAS compo-
nent, as well as F >2fibrosis. Patients with a BMI < 25 kg m2with normal
range liver function tests and no signs of steatosis after ultrasound
examination were classified as lean controls. Patients with excessive
alcohol consumption, autoimmune liver diseases, viral hepatitis and
the use of steatogenic medications were excluded. Ethical approval
was obtained from the relevant Ethical Committees at participating
centers, and all patients provided written informed consent.

Liver droplet-based snRNA-seq
Fresh liver biopsies (n =18) obtained through a 14G liver biopsy needle
were immediately snap frozen and stored in liquid nitrogen. To obtaina
single-nuclei suspension of the liver, samples were cut into small pieces
in nuclease-free water with 96 mM NacCl, 10 mM Tris—-HCI pH 7.5, 1 mM
CaCl,, 21 mM MgCl,, 0.03% of Tween-20, 0.01% of BSA and 0.1U pl™ of
Rnasin-Plus (Thermo Fisher Scientific). This was followed by amechanical
homogenization through a Dounce homogenizer and filtering through
a40-pum cell strainer (Falcon). The filter was washed using nuclease-free
water with96 mMNacCl,10 mM Tris-HCIpH7.5,1 mM CacCl,, 21 mM MgCl,
and 0.1U pl™ of Rnasin-Plus (Thermo Fisher Scientific). This step was
sequentially repeated ona20-um,10-pmand 5-pm cell strainer (Falcon).
A single-nuclei suspension was obtained through centrifugation (500g
for 5 minat4 °C) andresuspensionin300 pl Ca®*-free and Mg*'-free PBS
(Gibco, 14190144) containing 1% BSA (Sigma, A9418).

snRNA-seq was performed using the 10x Genomics 3-prime (v3)
dualindex assay. A total of 20,000 nuclei, counted using a LUNA-FL dual
fluorescence cell counter, were loaded per lane. Afterward, the nuclei
were emulsified and amplified with 3’ adaptors and sampleindex attach-
ment.Sequencing was performed using the llluminaNovaSeq 6000. The
sequencing reads were aligned and annotated with the human reference
genome (GRCh38/hg38) and demultiplexed using Cell Ranger (v3.0.2).
Ambient RNA contamination was removed with default parameters
of SoupX (v1.6.2)". For analysis, the obtained gene-cell matrix was
used in Seurat (v4.1.1)*%. Genes expressed in less than three cells were
excluded and filtered for cells expressing 700-9,000 genes and <30%
mitochondrial genes of the total UMI counts. Doublets were removed
using scDblFinder (v1.8.0)*. Samples were log-normalized with ascale
factor of 10,000 and anchor integrated with 50 dimensions. The varia-
tionin UMI counts and mitochondrial gene content was regressed out.

Dimensionality reduction and clustering snRNA-seq
Unsupervised clustering was performed in the R package Seurat
(v4.1.1). Clustering was performed using shared nearest neighbor

with 50 principal components. Louvain clustering with a resolution of
1.5 and UMAP reduction with 50 dimensions was used for clustering.
Clusters were combined and labeled based on previously published
canonical markers*. Cells were subclustered for further analysis.
They underwent new Louvain clustering (resolution =1-2) and UMAP
reduction with15-50 dimensions. Cell subtypes were manually anno-
tated based on the canonical markers identified through the FindAll-
Markers function. To subcluster the GPNMB* myeloid cells, myeloid
cellswitha GPNMBUMI count of >2 were extracted, followed by Louvain
clustering (resolution = 0.3) and UMAP reduction with five dimen-
sions. Seurat together with ggplot2 (v3.3.5), pheatmap (v1.0.12) and
ggpubr (v0.6.0) were used to generate heatmaps, UMAP visualization,
violin plots, feature plots, bar plots and dot plots. Differential gene
analysis was performed with the Wilcoxon rank-sum test with genes
only presentin atleast10-25% cells. To calculate the cluster composi-
tion ratio, the number of cells in each cluster from each patient was
divided by the total number of cells per patient. EnhancedVolcano
(v1.18.0) was used to visualize differential gene expression results
from a logistic regression with UMI counts and mitochondrial gene
content as latent variables. The LAM signature score was determined
using the AddModuleScore function of Seurat, using a previously
described transcriptional signature (TREM2, LIPA, LPL, CTSB, FABP4,
FABPS,LGALS1,LGALS3,CD9 and CD36)°.

Differential abundance testing, pathway and cell-cell
interaction analysis

The miloR package (v1.5.1)°! was used for differential abundance test-
ing. AkNN graph (k=30,d =30) was generated and cell neighborhoods
were defined (prop = 0.2). The neighborhoods were quantified using
countCells after calculating their distance with calcNhoodDistance
(d=15-50). TestNhood was used to evaluate the abundance across
the conditions. Results were visualized using buildNhoodGraph and
plotDAbeeswarm. Pathways were evaluated using the R package gene
set variation analysis (v1.42.0) for single-sample gene set enrichment
analysis (ssGSEA). Hallmark, KEGG, Reactome and Gene Ontology
gene sets were exported from the MSigDB (v7.5.1) database through
GSEABase (v1.56.0). A linear model was fitted with limma (v3.58.1) to
identify significantly enriched gene sets across calculated gene set
scores. Plots were generated with pheatmap using the normalized aver-
age gene set score per subset. To investigate cellular communication
inthe liver, the subsets of interest were extracted and analyzed using
CellPhoneDB (v3.1.0), with genes expressed by 20% of cells, and the
analysis was run for1,000 iterations™.

Myeloid cells fractioning

To obtain the fraction of myeloid cells positive for certain markers,
the UMI counts were extracted from the snRNA-seq data and all pos-
sible combinations with a marker UMI count of >2 were counted and
the proportion calculated per condition. This was also done for pub-
licly available data from ref. 24 (GSE202379). The macrophages were
extracted and the MASH with or without cirrhosis was combined before
calculating the macrophage fraction for the markers of interest.

Spatial GeoMx WTA transcriptomics and CosMx molecular
profiling

GeoMx Human Whole Transcriptome Atlas profiling (Bruker Spatial
Biology) was performed on eight FFPE biopsy sections from patients
with MASH fibrosis stage F3. Five-micrometer-thick sections were
mounted on VWR Superfrost Plus Micro slides (48311-703) that were
bakedfor4 hat37 °Candstored at4 °C.Samples were processed 2 days
later using the Leica Bond RXm system (Leica) for staining and probe
incubation according to GeoMx guidelines. Regions of interest were
selected based on (1) the presence of portal infiltration, (2) steatosis
with lobular inflammation and/or lipogranuloma formation and (3)
parenchyma without steatosis. Fluorescence CD68, CD45 and panCK

Nature Genetics


http://www.nature.com/naturegenetics

Article

https://doi.org/10.1038/s41588-026-02600-3

markers were used to segment the different macrophage, immune cell
and epithelial cell populations from each region. A minimum of 200
nucleated cells was recommended per region of interest to process
for segmentation. A total of 80 segments were processed and probes
were quantified by RNA-seq (Illumina). We first calculated the limit of
quantification (LOQ) for each segment to assess signal to noise, where
LOQis equal to the geometric mean multiplied by two standard devia-
tions. We retained segments with at least 10% probes detected above
LOQ, resulting in 77 segments for downstream analyses. We further
filtered the dataset to 9,572 genes detected above LOQ in at least 10%
segments. Data then underwent Q3 normalization. We performed
pairwise differential expression comparingtissue regionsin the mac-
rophage (CD68 enriched),immune cell (CD45 enriched) and epithelial
cell (panCK enriched) populations. We fit linear mixed-effect models
with the GeoMxTools Bioconductor R package (v3.0.1). Tissue region
was set as the fixed effect and patient ID as arandomintercept term to
account for nonindependence of multiple segments per tissue. Genes
were considered differentially expressed with absolute log, fold change
>0.5 and false discovery rate <0.05. After differential expression, we
performed ssGSEA with Gene Set Variation Analysis (v1.44.0) to assess
pathway activity in each segment. ssGSEA scores were calculated for
each segment using the KEGG Brite database. ssGSEA scores were then
used as input for differential pathway enrichment using the linear
mixed-effect modeling approach described above™.

CosMx spatial molecular imaging (Bruker Spatial Biology) was
performed on eight biopsy samples and two explant liver samples from
patients with end-stage MASH using the CosMx Human Universal Cell
Characterization RNA Panel (1000-plex) supplemented with 14 custom
genes of interest. The following cell markers were used for morphol-
ogy visualization: B2M/CD298, panCK, CD45 and CD68, combined
with DAPI. Five-micrometer-thick FFPE sections were mounted on
VWR Superfrost Plus Micro slides (48311-703) that were baked for 4 h
at37 °Cand stored at 4 °C. Samples were processed 7 days later using
the Leica Bond RXm system (Leica) for staining and probe incubation
according to CosMx guidelines. RNA target readout was performed
onthe CosMx SMlinstrument as described previously®. Cloud-based
AtoMx Spatial Informatics Platform (Bruker Spatial Biology) was used
to exportdataand images for Seurat (v5.1.0)**. The data were merged,
SCT normalized, followed by principal component analysis and UMAP
calculation using 30 dimensions with Seurat default parameters for
CosMx data. Louvain clustering with a resolution of 0.3 was used and
clusters were combined and labeled based on canonical markers.
Seurat was used for visualization with default functions, and areas of
interest were captured with the Crop function. To obtain the myeloid
cells positive for GPNMB, HLA-DRA and/or LPL, the probe counts were
extracted from the data and all possible combinations with a marker
probe count of >0 were counted and labeled accordingly.

Spatial profiling using the COMET system and HORIZON
software

Sequential multiplex immunofluorescence staining was carried out
using the COMET system (Lunaphore Technologies). Markers
of interest were bound with their respective primary antibody
(Supplementary Table 12) or RNA probe and visualized in a cyclic
manner using secondary Alexa Fluor Plus antibodies (Thermo Fisher
Scientific). Simultaneous spatial detection of /L32 RNA probe (ACD-
Bio, Bio-Techne, 541437-T3) and protein was performed on the same
tissue section using RNAscope HiPlex Pro (ACDBio, Bio-Techne) and
sequential immunofluorescence (seqlF Lunaphore Technologies).
High-resolutionimaging acquisition was followed by data processing of
rawimagesinthe HORIZON software suite (Lunaphore Technologies).
The analysis workflow included automated image registration and
stitching, background subtraction and normalization of fluorescence
intensity. Cell annotation and quantification in regions of interest
were performed on the raw images with QuPath (v0.5.1). Regions of

interest were manually selected in the portal tractand parenchyma. Cell
detectionwas performed based onthe DAPI channel. For each marker
of interest, classifiers were developed to identify positive staining
using either manual thresholding or machine learning approaches.
CD163 alone or CD14/CD68/CD163 classifiers were used to define the
myeloid cell population. Individual classifiers were then combined
to categorize cells based on the expression of multiple markers, ena-
bling comprehensive phenotypic profiling and fraction analysis. For
additional visualization, automated image registration, background
subtraction and normalization of fluorescence intensity through
the HORIZON software suite (Lunaphore Technologies; v2.3.0.0)
were used.

Spatial profiling through MILAN

Immunofluorescence multiplexing staining was performed using
a panel of primary antibodies as listed in Supplementary Table 12,
on eight FFPE MASLD biopsy sections following the previously pub-
lished protocol”. Immunofluorescence images were obtained using
the AxioScan Z1slide scanner (Zeiss). Stainings and the following
image acquisition were done simultaneously. Serial cycles were regis-
tered using imreg (https://github.com/cgohlke/imreg). Tissue auto-
fluorescence was subtracted using a baseline and cell segmentation
was applied to the DAPI channel using StarDist (https://arxiv.org/
abs/1806.03535). For every cell, topological features (x and y coordi-
nates), morphological features (nuclear size) and molecular features
(mean fluorescence intensity) were extracted. Mean fluorescence
intensities were normalized with zscores for each marker and sample.
Different cell populations were identified using manual annotation.
Macrophages/monocytes were identified by CD68, CD14 or CD163
expression (z>1); hepatocytes by ARG1 (z >1); cholangiocytes by panCK
(z>1); and endothelial cellsby CD31(z > 1). The macrophage/monocyte
population was further evaluated using UMAP dimensionality reduc-
tion. Inthis population, different subcategories were identified using
manual gating—GPNMB"* (z> 1), lysozyme* (z>1), HLA-DR* (z> 1), SPP1
(z>1)and CD163"(z > 1). Cell distances were calculated as the Euclidean
distance between GPNMB" macrophages and the closest cholangiocyte.
Continuous distances were binned in chunks of 10 pm and the fraction
of cells was estimated in each chunk.

Immunohistochemistry, immunofluorescence and

functional models

Detailed methodologies for immunohistochemistry, immunofluo-
rescence and CRISPR-Cas9 knockoutin THP-1cells withlipid loading,
phagocytosis and conditioning, as well as for human ex vivo PCLS
preparation, are provided in the Supplementary Note.

SomaScan serum proteomics

The SomaScan Platform (SomaLogic) was used to analyze 247 human
serum samples (20 pl each). These samples were sourced from the
European MASLD Registry, encompassing multiple centers—Angers
and Paris, Mainz, Turin, Link6ping and Newcastle Upon Tyne. All
patients included had biopsy-confirmed MASLD, with liver biopsies
centrally evaluated by an expert pathologist using the semiquantita-
tive NASH-CRN Scoring System. Details regarding patient recruitment
and inclusion criteria have been previously described*. For proteomic
profiling, serum samples were diluted 1 of 20 and analyzed using the
SomaScan Assay (v4.0) (SomalLogic), which uses SOMAmer (Slow
Off-rate Modified Aptamer) reagents to enable highly multiplexed,
quantitative protein detection. In brief, each diluted sample was incu-
bated with a mixture of SOMAmer reagents, thereby forming specific
SOMAmer-protein complexes. These complexes were captured on
streptavidin-coated beads, and unbound proteins were removed by
washing. A photocleavable linker was used to release the SOMAmer-
protein complexesinto solution and a two-step immobilization process
was used to reduce nonspecific binding. SOMAmer reagents were then
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eluted and hybridized to a custom DNA microarray for quantification.
The relative abundance of each protein was determined by measur-
ing the fluorescence intensity of each SOMAmer, reported as relative
fluorescent units, which directly correlates with protein concentration
inthe original sample. All steps were performed by SomalLogicaccord-
ing to the manufacturer’s protocols and quality control procedures.
Reads were log,, transformed and correlated with histopathological
parameters. Patients were stratified based on the histological pres-
ence of MASH, advanced fibrosis stage 3 or 4, high disease activity or
‘at-risk’ MASH. High disease activity was defined as NAS >4; this is the
sum of the histological scores for steatosis, hepatocyte ballooning
and lobularinflammation. Patients were categorized as ‘at-risk’ MASH
when the biopsy was scored as MASH combined with a fibrosis stage
of at least 2 and a NAS of >4. All biopsies were centrally scored by an
expert pathologist.

Bulk transcriptomics

Bulk RNA-seq data from 206 MASLD patients and 10 controls
(GSE135251) were processed as previously reported®. Quality was
assessed using FastQC (v0.11.5) and MultiQC (v1.2dev), and aligned to
the GRCh38 genome. Gene-level count tables were generated using
HTSeq; counts were normalized using the trimmed mean of M-values
method and transformed with limma’s voom. Batch and sex effects
were removed using limma’s removeBatchEffects function. Heat-
maps were generated using the R package pheatmap. Binary logistic
regression analysis was performed in SPSS (IBM) using a backward
stepwise likelihood ratio model by adding clinical and mRNA gene
expression variables.

Deconvolution

SpatialDecon (v1.10.0) was used to deconvolve the GeoMx dataset. Here
the snRNA-seq data of myeloid cells or the whole dataset were used
as a reference dataset to estimate the cell abundance, using default
parameters. To estimate the macrophage abundance, we used CIBER-
SORTx to deconvolute the bulk RNA-seq data. Inshort, asignature gene
profile from the snRNA-seq data of our myeloid cells was generated
using default parameters, filtering for nonhematopoietic cells and
genes expressed in at least 25% of the population. The liver RNA-seq
datawere then deconvoluted using the obtained signature gene profile
after batch correction across 100 permutations.

PheWAS

PheWAS was conducted using data from the UKB, a large-scale
biobank containing genetic and health information from approxi-
mately 500,000 UK participants. Our study included a subset of 53,030
participants for whom OLINK proteomics data were available. The
UKB has approval from the North West Multi-centre Research Ethics
Committee, all participants provided informed consent and these
datawere analyzed using UKB access 71300. The proteomic data were
obtained using the OLINK Proteomics platform, which quantifies the
expression levels of targeted proteins. This platform uses a proxim-
ity extension assay technology, allowing for the high-throughput
analysis of multiple proteins simultaneously. The Olink Explore 3072
platformfeatures 2,941immunoassays targeting 2,925 proteins, includ-
ing GPNMB. Data arereported in Normalized Protein eXpression units,
measured on a log, scale. The UKB plasma samples were processed
at Olink’s Uppsala facilities, using three NovaSeq 6000 sequencing
systems. The coding for clinical diagnosesin our dataset followed the
World Health Organization’s International Classification of Diseases,
Tenth Revision (ICD-10) coding systems. Phenotypes were used from
hospital inpatient records until January 2023, including a wide range
of health outcomes. We adjusted our analyses for age, sex and BMI at
baseline. Age was treated as a continuous variable, while sex and BMI
were categorized according to standard classifications. PheWAS analy-
ses were performed using R (v4.0.2). We converted the ICD-10 codes

to1253 associated Phecodes using PheWAS package. With the PheWAS
Rpackage, aseries of case-control tests were performed—(1) the case
group was generated by including patients with the tested Phecode;
and (2) participants were assigned to the control group based on the
absence of the tested Phecode.

Statistics and reproducibility

One-way analysis of variance with Tukey post hoc test, Kruskal-Wallis
test with Bonferroni correction and Mann-Whitney U test were per-
formed in IBM SPSS (v29) or GraphPad Prism (v9). Holm-Bonferroni
post hoc test was done in R. Binary logistic regression analysis was
performed in IBM SPSS (v.29) using a backward stepwise likelihood
ratio model. A Pvalue <0.05 was considered significant. No statistical
method was used to predetermine sample size. No statistical method
was used to predetermine sample size. No data were excluded from
the analyses, the experiments were not randomized and the investiga-
tors were not blinded to allocation during experiments and outcome
assessment. Graphs were produced using GraphPad Prism (v9) or the
respective R packages.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

ThesnRNA-seq datasetgeneratedinthis studyisavailable fromthe Euro-
pean Genome-Phenome Archive under accession EGAS50000000768.
Burker Spatial CosMx and WTA GeoMx data are available from GEO
underaccession GSE312698 and viaZenodo at https://doi.org/10.5281/
zenodo.18153344 (ref. 55). Bulk RNA-seq data from human MASLD
samples are available from GEO under accession GSE135251, as previ-
ously published®. Data used for Extended Data Fig. 4g were derived
from GEO accession GSE202379 (ref. 24). Lunaphore COMET data are
available from the KU Leuven Research Data Repository at https://
doi.org/10.48804/ERGUWX (ref. 56). MILAN multiplex digital recon-
structions and overlay images are accessible at figshare (https://
doi.org/10.6084/m9.figshare.31986669.v1 (ref. 57)), and original
scans are available from the corresponding author upon reasonable
request. Somalogic plasma proteomics dataanalyzed here were origi-
nally generated as previously published®. OLINK proteomics data
are available to approved researchers from UKB (www.ukbiobank.
ac.uk). Immunohistological figures are available at figshare https://
doi.org/10.6084/m9.figshare.28881296.v1 (ref. 58) and https://doi.
org/10.6084/m9.figshare.28881638.v2 (ref. 59). Source data are pro-
vided with this paper.

Code availability

All data analysis scripts use existing methods and are provided in
a GitHub repository provided with this paper (https://github.com/
govaerelab/OG_MB-MASLD-LIVER-2025 and https://github.com/
MarkusBoesch93/0G_ MB-MASLD-LIVER-2025) and via Zenodo at
https://doi.org/10.5281/zenod0.17980902 (ref. 60).
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Extended Data Fig. 1| See next page for caption.
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Extended Data Fig. 1| Integration of hepatic single-nucleus RNA sequencing.
a, UMAP plot of hepatic cells of individual patients (left) and UMAP plot of
hepatic cellsindicating the patient sample classification as lean (green), obese
(blue), MASL (orange) and MASH (red; right). b, Dot plot of selected differentially
expressed genes. The expression isindicated by color saturation and the size
indicates the percentage of expressing cells in the respective cluster. ¢, Violin

plots of various cell quality metrics, the cell type is marked by individual coloring.

d, Individual UMAP plots of hepatic cells per disease. e, UMAP plot 0f 109,659
epithelial cells. f, Dot plot of the top 3 differentially expressed genes. The

expressionisindicated by color saturation and the size indicates the percentage
of expressing cells in the respective cluster. g, Bar plot showing the ratio (%) of the
epithelial subtypes derived from each group. Dots indicate individual patients as
biological replicate, Holm-Bonferroni adjusted p values of two-sided t-test and
median lineindicated, the boxes extend from the 25th to 75th percentiles, and the
whiskers extend to the minimum and maximum values. h, Heatmapiillustrating
the expression of the top 10 and selective marker genes identified in hepatocyte
and cholangiocyte subtypes. The expression is indicated by color saturation.
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Extended Data Fig. 2| Hepatic subclustering. a, UMAP plot 0f 16,863
lymphocytes, B cells and pDCs (left). Bar plot showing the ratio (%) of the
lymphocyte, B celland pDC subtypes derived from each group. Dots indicate
individual patients as biological replicate, Holm-Bonferroni adjusted p values
of two-sided t-test and median line indicated, the boxes extend from the 25th to
75th percentiles, and the whiskers extend to the minimum and maximum values
(middle). Dot plot of top 3 differentially expressed genes. The expression is
indicated by color saturation and the size indicates the percentage of expressing
cellsinthe respective cluster (right). b, UMAP plot of 10,681 mesenchymal cells
(left). Bar plot showing the ratio (%) of the mesenchymal subtypes derived from
eachgroup. Dots indicate individual patients as biological replicate, Holm-
Bonferroni adjusted p values of two-sided t-test and median lineindicated,

the boxes extend from the 25th to 75th percentiles, and the whiskers extend to
the minimum and maximum values (middle). Dot plot of top 3 differentially
expressed genes. The expressionisindicated by color saturation and the size
indicates the percentage of expressing cells in the respective cluster (right).

¢, UMAP plot of 26,113 endothelial cells (left). Bar plot showing the ratio (%)

of the endothelial subtypes derived from each group. Dots indicate individual
patients as biological replicate, Holm-Bonferroni adjusted p values of two-
sided t-testand median line indicated, the boxes extend from the 25th to 75th
percentiles, and the whiskers extend to the minimum and maximum values
(middle). Dot plot of top 3 differentially expressed genes. The expression
isindicated by color saturation and the size indicates the percentage of
expressing cellsin the respective cluster (right). d, MiloR calculated differential
neighborhoods abundance log fold change between the lean, obese, MASL and
MASH conditions of myeloid populations. Differential abundant neighborhoods
after multiple hypothesis testing at false discovery rate (FDR) 5% are colored.
Blue coloration indicates significantly increased and red decreased abundance
inthe MASLD condition, based on the FDR value. Results embedded onto the
UMAP (bottom) or the average log fold change of all neighborhoods depicted
as bar plot (top). e, Heatmap showing the number of potential ligand-receptor
pairs between cell groups per disease predicted by CellPhoneDB. The number
of unique interactions is indicated by color saturation, from high (red) to low
(blue).*p < 0.05.
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Extended Data Fig. 3| GeoMx spatial profiling. a, Riverplot showing the
distribution of patient, segment, type, lobular inflammation (Lob_inflam) and
quality control (QC) per slide. b, Hierarchical clustering heatmap showing

the top variable genes to visualize unsupervised gene expression patterns in
eachregion of interest. The expression is indicated by color saturation—the
slide name, patient, segment, type and lobular inflammation (Lob_inflam) are
marked by individual coloring. ¢, PCA plot of the various regions of interest
and cell segments of all biopsies. d, Volcano plot showing the differential
pathways in CD68" macrophage segments between the regions of low steatosis
and steatohepatitis (right). e, Volcano plot showing the differential expressed

genes in hepatocyte segments (panCK) between the regions of low steatosis

and steatohepatitis (left). f, Volcano plot showing the differential expressed
genesin CD45' CD68™ segments between the regions of the portal tract and
steatohepatitis (right). g, Heatmap of the estimated cell abundancies across the
various segments estimated with SpatialDecon based on the snRNA-seq hepatic
cell data (left) or across the CD68 segments based on the snRNA-seq myeloid cell
data (right). Red indicates a high and white alow estimated cell abundance. h, The
mean cell frequencies in the CD45" CD68™ segments across the various regions of
interest estimated with SpatialDecon based on the snRNA-seq hepatic cell data,
estimating primarily lymphocytes to be present in those segments.
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Extended Data Fig. 4 | See next page for caption.
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Extended Data Fig. 4 | Hepatic gene expression on single-nucleus level.

a, Dot plot of selected differentially expressed genes in the snRNA-seq data.
Expressionisindicated by color saturation and size indicates the percentage of
expressing cells in the respective cluster. b, UMAP plot 0f 12,834 myeloid cells
from the snRNA-seq data. ¢, UMAP showing the expression of selected genes in
myeloid cells of the snRNA-seq data. Expression is indicated by color saturation
(low (gray) tored (high)).d, Violin plots of selective marker genes in myeloid
cells, the disease is marked by individual coloring. e, UMAP showing the LAM
signature score (TREM2, LIPA, LPL, CTSB, FABP4, FABPS, LGALS1, LGALS3, CD9,
CD36) in myeloid cells of the snRNA-seq data. Expression is indicated by color

saturation (low (gray) to red (high)) (left). And violin plots of the LAM signature
score in myeloid cells of the snRNA-seq data, the myeloid subcluster is marked

by individual coloring (right). f, UMAP showing the expression of genesin

944 GPNMB* myeloid cells (GPNMB UMI count > 2) of the snRNA-seq data.
Expressionisindicated by color saturation (low (gray) to red (high)). g, Fractions
of 3,014 macrophages from publicly available hepatic snRNA-seq data mentioned
inref. 24 (GSE202379) positive for TREM2, CD163, GPNMB or MARCO based on
their gene expression (UMI count > 2) across healthy controls (n =4), MASL
(n=7), MASH (n =31) and end-stage explants (n = 5) in percentages.
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Extended DataFig. 6 | Validation of MILAN and COMET Hyperplex.

a, Representative immunohistochemistry images of various markers validated
for MILAN and COMET Hyperplexin human liver biopsies. Regions of interest
areindicated viaarrows and zoomed in. Scale bars =200 pM and 50 pM.

b, COMET Hyperpleximagesillustrating various myeloid markers in end-stage
MASLD. ¢, Digital reconstruction of a COMET Hyperplex region based on the
trained classifier, showing alone and as composite cells positive for CD163 (pink),
MARCO (blue), CD5L (yellow), TIMD4 (green) or none (red) (top left). Bar plot
showing the abundance of CD163" cells positive for one or multiple markers
across various disease stages (2-4 regions quantified per biopsy/disease stage,
presented as mean + s.e.m.). Representative spatial COMET Hyperplex overlayed
multicolor fluorescentimages of immune cells markers with zoom-in of KC

markers (CD163, MARCO, CD5L, TIMD4) as composite or alone for normal (top
middle), MASL (top right), MASH F1 (bottom middle) and MASH F3 (bottom
right). d, Bar plots of the fraction of HLA-DR-, lysozyme-, CD163- and SPP1-
positive and -negative cells in the GPNMB* macrophages in MASL and MASH
identified via MILAN. e, Bar plot indicating the fraction of double-positive cells
in GPNMB* macrophages between MASL and MASH identified via MILAN.

f, Line plotindicating the abundance of GPNMB* macrophages at a distance
(um) to cholangiocytes identified via MILAN. The line indicates the spline curve
fit to the data points. Digital reconstruction of a representative human liver
sample visualizes colocalization of cholangiocytes with GPNMB- and GPNMB*
macrophages.
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Extended Data Fig. 7| Relevance of macrophages in hepatic transcriptome.

a, Normalized mRNA reads from normal, MASL and different MASH stages

using RNA-seq data of human liver biopsies (n = 216). P values of Kruskal-Wallis
testindicated. b, Estimating the proportion of KC, MetMacs and monocytes
inthe RNA-seq data with the CIBERSORTx deconvolution algorithm using the
snRNA-seq data, grouped based on fibrosis stage (left) and MAS score (right).
Dots indicate individual patients as biological replicate, Holm-Bonferroni
adjusted p values of two-sided t-test and median line indicated, the boxes extend

from the 25th to 75th percentiles, and the whiskers extend to the minimum

and maximum values. ¢, AUROC curves of alogistic regression analysis of the
RNA-seq cohort using backward elimination of variables. AUROC curves showing
the combined predictive model with the clinical and gene expression covariates
for NAS > 4. d, Representative Oil red O-stained images (n = 3) of THP-1cells
transfected with CRISPR-Cas9 targeting LPL or scramble control after lipid
loading with2000 pM oleic acid for 24 h.
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Extended Data Fig. 8| GPNMB and CD163 disease associationin a PheWAS study cohort. a,b, Manhattan plot of phenome-wide association study (PheWAS) analysis
based on OLINK proteomics data, indicating the association between soluble GPNMB and CD163 with disease phenotypes (n = 53,030).
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Reporting Summary

Nature Research wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Research policies, see our Editorial Policies and the Editorial Policy Checklist.

Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

Confirmed
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|X| The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
|X| A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

lXI The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested

00O 0od

[]
OO0 X O XK

A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

X

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

X X X

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  single nucleus RNA sequencing, nanoString GeoMx transcriptomics, nanoString CosMx, Lunaphore Comet, bulk RNA transcriptomics,
Somalogic proteomics

Data analysis R, Python, Graphpad 9 and IBM SPSS vs29. Custom code and scripts were made available on https://github.com/govaerelab/OG_MB-MASLD-
LIVER-2025 and https://github.com/MarkusBoesch93/0G_MB-MASLD-LIVER-2025 and deposited in Zenodo at 10.5281/zenodo.17988759 and
10.5281/zen0do.17980902 respectively.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Research guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- Alist of figures that have associated raw data
- A description of any restrictions on data availability

The snRNA dataset is accessible from the European Genome Archive (EGA) under accession number EGAS50000000768. Burker Spatial CosMx data is accessible
from GEO under number GSE312698, bulk RNA-seq data from human MASLD samples under GSE135251.

Lunaphore COMET and Bruker Spatial Biology WTA GeoMx output is accessible through the KU Leuven Research Data Repository: https://doi.org/10.48804/
ERGUWX . The data presented in Fig.S4G was derived from GSE202379.

>
Q
==
c
=
D
=
D
W
D
Q
=
(@)
o
=
D
o
©)
=
-]
Q
wn
C
Q
=
S




Immunobhistological figures are available on figshare.com: https://doi.org/10.6084/m9.figshare.28881296.v1 https://doi.org/10.6084/m9.figshare.28881638.v1 .
All other data is available on reasonable request from the corresponding authors.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.
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[ ] Behavioural & social sciences [ | Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size

Data exclusions

Replication
Randomization

Blinding

Behaviou

This study included 289 liver tissue and 247 serum samples and data from 53,030 participants enrolled in the UKBiobank. Biopsies for the
snRNA-seq (n=18) were collected from patients undergoing bariatric surgery or cholecystectomy at the University Hospital Leuven (Belgium)
and the University Hospital Antwerp (Belgium). MASH biopsies for the GeoMx spatial transcriptomics (n=8) were collected at the specialised
hepatology centre Newcastle-upon-Tyne (UK); biopsies for immunohistochemistry/fluorescence (n=23), CosMx spatial molecular imaging
(n=10), Comet Hyperplex (n=6) and MILAN proteome multiplexing (n=8) at the University Hospital Leuven (Belgium). Samples for the bulk
transcriptomics (MASLD n=206, controls=10) and serum proteomics (n=247) have been drawn from the European NAFLD Registry
(NCT04442334). Functional work was done using THP-1 cell line and human precision-cut tissue slices with a technical replicate of n=3. No
statistical method was used to predetermine sample size, but a biological/technical replicate of n>=3 was deemed sufficient. All liver samples
were scored by an expert liver pathologist according to the semi-quantitative NASH-CRN Scoring System. Fibrosis stage ranged from FO to F4
(cirrhosis) and the MASLD Activity Score (MAS) was defined as the sum of the scores for steatosis, hepatocyte ballooning and lobular
inflammation. At-risk MASH was defined as MAS>4, with at least 1 point deriving from each MAS component, plus F>2 fibrosis. Patients with a
BMI < 25 kg/m? with normal range liver function tests and no signs of steatosis following ultrasound examination were classified as lean
controls.

No data was excluded from the analyses. Patients with excessive alcohol consumption, autoimmune liver diseases, viral hepatitis, and the use
of steatogenic medications were excluded.

CosMx, Comet and MILAN results were successfully used to replicate GeoMx and snRNA-seq results.
NA

Pathologist were blinded during liver disease scoring, but researchers were not blinded during analysis.

ral & social sciences study design

All studies must disclose on these points even when the disclosure is negative.

Study description

Research sample

Sampling strategy

Data collection

Timing

Data exclusions

Non-participation

Randomization

Briefly describe the study type including whether data are quantitative, qualitative, or mixed-methods (e.g. qualitative cross-sectional,
quantitative experimental, mixed-methods case study).

State the research sample (e.g. Harvard university undergraduates, villagers in rural India) and provide relevant demographic
information (e.g. age, sex) and indicate whether the sample is representative. Provide a rationale for the study sample chosen. For
studies involving existing datasets, please describe the dataset and source.

Describe the sampling procedure (e.g. random, snowball, stratified, convenience). Describe the statistical methods that were used to
predetermine sample size OR if no sample-size calculation was performed, describe how sample sizes were chosen and provide a
rationale for why these sample sizes are sufficient. For qualitative data, please indicate whether data saturation was considered, and
what criteria were used to decide that no further sampling was needed.

Provide details about the data collection procedure, including the instruments or devices used to record the data (e.g. pen and paper,
computer, eye tracker, video or audio equipment) whether anyone was present besides the participant(s) and the researcher, and
whether the researcher was blind to experimental condition and/or the study hypothesis during data collection.

Indicate the start and stop dates of data collection. If there is a gap between collection periods, state the dates for each sample
cohort.

If no data were excluded from the analyses, state so OR if data were excluded, provide the exact number of exclusions and the
rationale behind them, indicating whether exclusion criteria were pre-established.

State how many participants dropped out/declined participation and the reason(s) given OR provide response rate OR state that no
participants dropped out/declined participation.

If participants were not allocated into experimental groups, state so OR describe how participants were allocated to groups, and if
allocation was not random, describe how covariates were controlled.
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Ecological, evolutionary & environmental sciences study design

All studies must disclose on these points even when the disclosure is negative.

Study description Briefly describe the study. For quantitative data include treatment factors and interactions, design structure (e.g. factorial, nested,
hierarchical), nature and number of experimental units and replicates.

Research sample Describe the research sample (e.g. a group of tagged Passer domesticus, all Stenocereus thurberi within Organ Pipe Cactus National
Monument), and provide a rationale for the sample choice. When relevant, describe the organism taxa, source, sex, age range and
any manipulations. State what population the sample is meant to represent when applicable. For studies involving existing datasets,
describe the data and its source.

Sampling strategy Note the sampling procedure. Describe the statistical methods that were used to predetermine sample size OR if no sample-size
calculation was performed, describe how sample sizes were chosen and provide a rationale for why these sample sizes are sufficient.
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Data collection Describe the data collection procedure, including who recorded the data and how.

Timing and spatial scale |/ndicate the start and stop dates of data collection, noting the frequency and periodicity of sampling and providing a rationale for
these choices. If there is a gap between collection periods, state the dates for each sample cohort. Specify the spatial scale from which
the data are taken

Data exclusions If no data were excluded from the analyses, state so OR if data were excluded, describe the exclusions and the rationale behind them,
indicating whether exclusion criteria were pre-established.

Reproducibility Describe the measures taken to verify the reproducibility of experimental findings. For each experiment, note whether any attempts to
repeat the experiment failed OR state that all attempts to repeat the experiment were successful.

Randomization Describe how samples/organisms/participants were allocated into groups. If allocation was not random, describe how covariates were
controlled. If this is not relevant to your study, explain why.

Blinding Describe the extent of blinding used during data acquisition and analysis. If blinding was not possible, describe why OR explain why
blinding was not relevant to your study.

Did the study involve field work? [ | Yes [ Ino

Field work, collection and transport

Field conditions Describe the study conditions for field work, providing relevant parameters (e.g. temperature, rainfall).
Location State the location of the sampling or experiment, providing relevant parameters (e.g. latitude and longitude, elevation, water depth).

Access & import/export Describe the efforts you have made to access habitats and to collect and import/export your samples in a responsible manner and in
compliance with local, national and international laws, noting any permits that were obtained (give the name of the issuing authority,
the date of issue, and any identifying information).

Disturbance Describe any disturbance caused by the study and how it was minimized.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies IZI D ChlIP-seq
Eukaryotic cell lines IZI D Flow cytometry
Palaeontology and archaeology IZI D MRI-based neuroimaging

Animals and other organisms
Human research participants

Clinical data

XOOXXOOS
OXXOOXKX

Dual use research of concern




Antibodies

Antibodies used CD68 916104 KP1 Mouse IgG1 Biolegend
SPP1 AF1433 Goat R&D systems
GPNMB ab227695 SP299 Rabbit Abcam
HLA-DR sc-56545 SPM289 Mouse 1gG2b Santa Cruz Biotechnology
CD163 ab182422 EPR19518 Rabbit Abcam
panCK AB_1834350 AE1/AE3 Mouse IgG1 Invitrogen
CD16 NCL-CD16 2H7 Mouse 1gG2a Novacastra
Lysozyme A0099 Rabbit Dako
MSR1/CD204 LS-C11521 aa325-342 Goat LSBio
ARG1 AMAB90545 CL0186 Mouse 1gG1 Merck
CD31 LSC-C173974 OTI2C6 Mouse 1gG2a LSBio
CD14 75181S D7A2T Rabbit Cell Signaling Technology
GPNMB CL488-66926 2B10B8 Mouse 1gG1 Proteintech
Cathepsin D ab75852 EPR3057Y Rabbit Abcam
GPNMB CL594-66926 2B10B8 Mouse 1gG1 Proteintech
Fc € Rly sc-390222 E-12 Mouse IgG2a Santa Cruz Biotechnology
CD3 ab17143 F7.2.38 Mouse 1gG1 Abcam
CD8 sc-53212 C8/144B Mouse IgG1 Santa Cruz Biotechnology
CK19 M0888 RCK108 Mouse IgG1 Dako
panCK NB120-11213 C-11, PCK-26, CY-90, KS-1A3, M20, and A5 Mouse IgG1 Novus Biologicals
CK18 66187-1-Ig 1G11C4 Mouse IgG1 Proteintech
aSMA M0851 1A4 Mouse 1gG2b Dako
CD20 M075501-2 L26 Mouse IgG2a Dako
MARCO PA5-64134 Rabbit ThermoFisher Scientific
TREM2 ab318262 EPR26209-22 Rabbit Abcam
TIMD4 HPAO15625 Rabbit Sigma Aldrich
CD5L HPAD65686 Rabbit Sigma Aldrich
CD9 ab236630 EPR23105-121 Rabbit Abcam
S100A4 ab124805 EPR2761 Rabbit Abcam
CD48 ab134049 EPR4108 Rabbit Abcam
AKR1B10 ab192865 EPR14421 Rabbit Abcam
MSR1 17858-1-AP Rabbit Proteintech
CD4 ab133616 EPR6855 Rabbit Abcam
CD45 ab10558 Rabbit Abcam
CCL19 HPAO67758 Rabbit R&D systems
CD36 HPA002018 Rabbit Sigma Aldrich
AF488-labeled anti-mouse 1gG1 115-545-205 Goat 1/300 Jackson ImmunoResearch
AF488-labeled anti-goat 705-545-147 Donkey 1/300 Jackson ImmunoResearch
AF555-labeled anti-mouse 1gG2b A21147 Goat 1/400 Invitrogen
AF555-labeled anti-mouse 1gG2a A21137 Goat 1/400 Invitrogen
AF555-labeled anti-rabbit A31572 Donkey 1/400 Invitrogen
AF555-labeled anti-rat A21434 Goat 1/400 Invitrogen
AF647-labeled anti-rabbit A-31573 Donkey 1/400 Invitrogen
AF647-labeled anti-rabbit 711-605-152 Donkey 1/300 Jackson ImmunoResearch
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Validation Validation statements on manufacture's website. Primary antibodies were validated by standard immunohistochemsitry at the
Pathology Department Leuven and reviewed by an expert pathologist. Representative images are included in the paper.

Eukaryotic cell lines

Policy information about cell lines

Cell line source(s) THP-1 - TIB-202, ATCC
Authentication Authentication performed and stated by provider ATCC. No further authentication performed.
Mycoplasma contamination All cell lines tested negative for mycoplasma contamination

Commonly misidentified lines  n/A
(See ICLAC register)

Palaeontology and Archaeology

Specimen provenance Provide provenance information for specimens and describe permits that were obtained for the work (including the name of the
issuing authority, the date of issue, and any identifying information).

Specimen deposition Indicate where the specimens have been deposited to permit free access by other researchers.

Dating methods If new dates are provided, describe how they were obtained (e.g. collection, storage, sample pretreatment and measurement), where




Dating methods they were obtained (i.e. lab name), the calibration program and the protocol for quality assurance OR state that no new dates are
provided.

D Tick this box to confirm that the raw and calibrated dates are available in the paper or in Supplementary Information.

Ethics oversight Identify the organization(s) that approved or provided guidance on the study protocol, OR state that no ethical approval or guidance
was required and explain why not.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Animals and other organisms

Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research

Laboratory animals For laboratory animals, report species, strain, sex and age OR state that the study did not involve laboratory animals.

Wild animals Provide details on animals observed in or captured in the field, report species, sex and age where possible. Describe how animals were
caught and transported and what happened to captive animals after the study (if killed, explain why and describe method; if released,
say where and when) OR state that the study did not involve wild animals.

Field-collected samples | For laboratory work with field-collected samples, describe all relevant parameters such as housing, maintenance, temperature,
photoperiod and end-of-experiment protocol OR state that the study did not involve samples collected from the field.

Ethics oversight Identify the organization(s) that approved or provided guidance on the study protocol, OR state that no ethical approval or guidance
was required and explain why not.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Human research participants

Policy information about studies involving human research participants

Population characteristics This study included 289 liver tissue and 247 serum samples. Patient demographics are described in Supplementary Table 1.

Recruitment Patients have been treated and diagnosed for MASLD based on histology at specialised centres. See manuscript for more
details.

Ethics oversight This study has been approved by the relevant Ethical Committees in the participating centres and all patients having provided

informed consent.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Clinical data

Policy information about clinical studies
All manuscripts should comply with the ICMJE guidelines for publication of clinical research and a completed CONSORT checklist must be included with all submissions.

Clinical trial registration  NCT04442334

Study protocol Hardy, T., et al. The European NAFLD Registry: A real-world longitudinal cohort study of nonalcoholic fatty liver disease. Contemp Clin
Trials 98, 106175 (2020).

Data collection The cohort comprised 224 liver biopsies and 247 serum samples from patients with histological-proven MASLD. All liver samples
were scored according to the semi-quantitative NASH-CRN Scoring System by an expert liver pathologist.

Outcomes Histological diagnosis.

Dual use research of concern

Policy information about dual use research of concern

Hazards

Could the accidental, deliberate or reckless misuse of agents or technologies generated in the work, or the application of information presented
in the manuscript, pose a threat to:
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No | Yes

[] Public health

|:| National security

|:| Crops and/or livestock
|:| Ecosystems

X
X
X
X

X

|:| Any other significant area

Experiments of concern

Does the work involve any of these experiments of concern:
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Demonstrate how to render a vaccine ineffective

Confer resistance to therapeutically useful antibiotics or antiviral agents
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Enhance the virulence of a pathogen or render a nonpathogen virulent
Increase transmissibility of a pathogen

Alter the host range of a pathogen

Enable evasion of diagnostic/detection modalities

Enable the weaponization of a biological agent or toxin

XXX XXNXXX §
ooogoogo

Any other potentially harmful combination of experiments and agents

ChlP-seq

Data deposition
|:| Confirm that both raw and final processed data have been deposited in a public database such as GEO.

|:| Confirm that you have deposited or provided access to graph files (e.g. BED files) for the called peaks.

Data access links For "Initial submission" or "Revised version" documents, provide reviewer access links. For your "Final submission" document,
May remain private before publication. | provide a link to the deposited data.

Files in database submission Provide a list of all files available in the database submission.
Genome browser session Provide a link to an anonymized genome browser session for "Initial submission" and "Revised version" documents only, to
(e.g. UCSC)

enable peer review. Write "no longer applicable" for "Final submission" documents.

Methodology

Replicates Describe the experimental replicates, specifying number, type and replicate agreement.

Sequencing depth Describe the sequencing depth for each experiment, providing the total number of reads, uniquely mapped reads, length of reads and
whether they were paired- or single-end.

Antibodies Describe the antibodies used for the ChlP-seq experiments; as applicable, provide supplier name, catalog number, clone name, and lot
number.

Peak calling parameters | Specify the command line program and parameters used for read mapping and peak calling, including the ChIP, control and index files

used.
Data quality Describe the methods used to ensure data quality in full detail, including how many peaks are at FDR 5% and above 5-fold enrichment.
Software Describe the software used to collect and analyze the ChIP-seq data. For custom code that has been deposited into a community

repository, provide accession details.
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Flow Cytometry

Plots
Confirm that:
D The axis labels state the marker and fluorochrome used (e.g. CD4-FITC).

|:| The axis scales are clearly visible. Include numbers along axes only for bottom left plot of group (a 'group' is an analysis of identical markers).
|:| All plots are contour plots with outliers or pseudocolor plots.

|:| A numerical value for number of cells or percentage (with statistics) is provided.

Methodology
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Sample preparation Describe the sample preparation, detailing the biological source of the cells and any tissue processing steps used.
Instrument Identify the instrument used for data collection, specifying make and model number.
Software Describe the software used to collect and analyze the flow cytometry data. For custom code that has been deposited into a

community repository, provide accession details.

Cell population abundance Describe the abundance of the relevant cell populations within post-sort fractions, providing details on the purity of the
samples and how it was determined.

Gating strategy Describe the gating strategy used for all relevant experiments, specifying the preliminary FSC/SSC gates of the starting cell
population, indicating where boundaries between "positive" and "negative" staining cell populations are defined.

D Tick this box to confirm that a figure exemplifying the gating strategy is provided in the Supplementary Information.

Magnetic resonance imaging

Experimental design

Design type Indicate task or resting state; event-related or block design.

Design specifications Specify the number of blocks, trials or experimental units per session and/or subject, and specify the length of each trial
or block (if trials are blocked) and interval between trials.

Behavioral performance measures State number and/or type of variables recorded (e.g. correct button press, response time) and what statistics were used
to establish that the subjects were performing the task as expected (e.g. mean, range, and/or standard deviation across

subjects).
Acquisition

Imaging type(s) Specify: functional, structural, diffusion, perfusion.

Field strength Specify in Tesla

Sequence & imaging parameters Specify the pulse sequence type (gradient echo, spin echo, etc.), imaging type (EPI, spiral, etc.), field of view, matrix size,
slice thickness, orientation and TE/TR/flip angle.

Area of acquisition State whether a whole brain scan was used OR define the area of acquisition, describing how the region was determined.

Diffusion MRI [ ]Used [ ] Not used

Preprocessing

Preprocessing software Provide detail on software version and revision number and on specific parameters (model/functions, brain extraction,
segmentation, smoothing kernel size, etc.).

Normalization If data were normalized/standardized, describe the approach(es): specify linear or non-linear and define image types used for
transformation OR indicate that data were not normalized and explain rationale for lack of normalization.

020z Judy

Normalization template Describe the template used for normalization/transformation, specifying subject space or group standardized space (e.qg.
original Talairach, MNI305, ICBM152) OR indicate that the data were not normalized.

Noise and artifact removal Describe your procedure(s) for artifact and structured noise removal, specifying motion parameters, tissue signals and
physiological signals (heart rate, respiration).




Volume censoring Define your software and/or method and criteria for volume censoring, and state the extent of such censoring.

Statistical modeling & inference

Model type and settings Specify type (mass univariate, multivariate, RSA, predictive, etc.) and describe essential details of the model at the first and
second levels (e.qg. fixed, random or mixed effects; drift or auto-correlation).

Effect(s) tested Define precise effect in terms of the task or stimulus conditions instead of psychological concepts and indicate whether
ANOVA or factorial designs were used.

Specify type of analysis: D Whole brain |:| ROI-based |:| Both

Statistic type for inference Specify voxel-wise or cluster-wise and report all relevant parameters for cluster-wise methods.
(See Eklund et al. 2016)

Correction Describe the type of correction and how it is obtained for multiple comparisons (e.g. FWE, FDR, permutation or Monte Carlo).
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Models & analysis

n/a | Involved in the study
D D Functional and/or effective connectivity

D D Graph analysis

D D Multivariate modeling or predictive analysis

Functional and/or effective connectivity Report the measures of dependence used and the model details (e.g. Pearson correlation, partial correlation,
mutual information).

Graph analysis Report the dependent variable and connectivity measure, specifying weighted graph or binarized graph,
subject- or group-level, and the global and/or node summaries used (e.g. clustering coefficient, efficiency,
etc.).

Multivariate modeling and predictive analysis  Specify independent variables, features extraction and dimension reduction, model, training and evaluation
metrics.
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