Spatially resolved multi-omics of human metabolic dysfunction-associated steatotic liver disease
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Abstract
[bookmark: OLE_LINK161][bookmark: OLE_LINK37][bookmark: OLE_LINK82][bookmark: OLE_LINK158][bookmark: OLE_LINK155][bookmark: OLE_LINK105][bookmark: OLE_LINK106][bookmark: OLE_LINK154][bookmark: OLE_LINK159][bookmark: OLE_LINK107][bookmark: OLE_LINK98][bookmark: OLE_LINK156]	Metabolic dysfunction-associated steatotic liver disease (MASLD) is a leading cause of chronic liver disease worldwide. We generated single-cell and spatial transcriptomic and metabolomic maps from 61 human livers, including controls (n = 10), metabolic dysfunction-associated steatotic liver (MASL, n = 17), and metabolic dysfunction-associated steatohepatitis (MASH, n = 34). We identified the microphthalmia-associated transcription factor (MITF) as a key regulator of the lipid-handling capacity of lipid-associated macrophages (LAMs), and further revealed a hepato-protective role of LAMs mediated through hepatocyte growth factor (HGF) secretion. Unbiased deconvolution of spatial transcriptomics delineated a fibrosis-associated gene program enriched in advanced MASH, suggesting profibrotic crosstalk between central-vein endothelial and hepatic stellate cells within fibrotic regions. Mass spectrometry imaging-based spatial metabolomics demonstrated MASLD-specific accumulation of phospholipids, potentially linked to lipoprotein-associated phospholipase A2-mediated phospholipid metabolism in LAMs. This spatially resolved multi-omics atlas of human MASLD (queryable at HMSMA) provides a valuable resource for mechanistic and therapeutic studies.





Introduction
[bookmark: OLE_LINK32]	Metabolic dysfunction-associated steatotic liver disease (MASLD) is a progressive disease that starts with isolated steatosis (MASL) and can evolve to a more severe stage known as metabolic dysfunction-associated steatohepatitis (MASH), during which chronic liver injury, inflammation and varying degrees of fibrosis are superimposed on the initial steatosis. MASH has the potential to advance further towards cirrhosis and hepatocellular carcinoma (HCC)1,2. 
High-resolution approaches such as single-cell and single-nucleus RNA sequencing (scRNA-seq and snRNA-seq) have provided paradigm shifts in our understanding of the cellular and molecular mechanisms underlying MASLD pathogenesis3-6, complementing fundamental elements for the canonical conceptual framework known as the substrate-overload liver injury model7, where hepatocyte lipotoxicity is regarded as the initiating factor, triggering a cascade of events mediated by diverse non-parenchymal cell (NPC) subpopulations such as liver endothelial cells (LECs), tissue-resident Kupffer cells (KCs), hepatic stellate cells (HSCs), cholangiocytes, and various immune cell types that synergistically escalate hepatic steatosis, inflammation and fibrosis. For example, HSCs have been shown to be activated by osteopontin (OPN, encoded by SPP1) and Hedgehog ligands secreted by reprogrammed hepatocytes8. Activated HSCs function as a central hub of intrahepatic signaling, releasing stellakines, which play a profibrotic role during MASLD progression and may ultimately result in end-stage liver disease3.
Accumulating evidence highlights the pivotal role of lipid-associated macrophages (LAMs), which are marked by increased expression of triggering receptor on myeloid cells 2 (TREM2), in maintaining the immune and metabolic homeostasis within the fatty liver3,9-11. Despite the importance of LAMs in human MASLD pathogenesis, the mechanisms through which LAMs develop a lipid-handling and immune-suppressive phenotype remain poorly understood. A deeper understanding of how blood-derived monocytes differentiate into LAMs could provide therapeutic insights, particularly in modulating their involvement in the onset and resolution phases of chronic liver diseases.
Although single-cell analysis has provided valuable insights into the heterogeneity of liver NPCs and their dynamic changes throughout MASLD progression, it is limited by the lack of spatial organization information. Hepatocytes operate in well-organized repeating anatomical units known as liver lobules. Key liver functions are expressed non-uniformly across the lobule axis due to gradients of oxygen, nutrients, and hormones, a phenomenon known as zonation12,13. The division of metabolic tasks and the spatially polarized immune system reinforces the necessity to interrogate the pathogenesis of MASLD in a spatially resolved context, an area that remains relatively underexplored.
[bookmark: OLE_LINK71][bookmark: OLE_LINK72][bookmark: OLE_LINK50][bookmark: OLE_LINK157]Spatial transcriptomics (ST) enables the profiling of spatial distribution of RNA and cell-cell interactions (CCIs) within individual tissue sections14. The introduction of ST into liver tissue transcriptome-wide profiling has substantially advanced the understanding of the mechanisms regulating liver regeneration15 and niche signals involved in region-specific cholangiopathies16, while its application to human MASLD remains unexplored. A comprehensive MASLD atlas would also require metabolomic profiling to better elucidate the region-specific metabolic alterations and cell-type-specific metabolic functions. Mass spectrometry imaging (MSI)-based spatial metabolomics (SM) provides a label-free, spatially resolved measurement of metabolite abundance directly from fresh frozen tissue sections17,18. Due to experimental constraints, it is currently applied as separate methodologies alongside ST19. The lack of an in-silico spatial multimodal analysis (SMA) pipeline integrating SM and ST data limits our ability to interpret the complex interplay between metabolic dysfunction and hepatic inflammation.
[bookmark: OLE_LINK38][bookmark: OLE_LINK73]Here we used a combination of single-cell gene expression, unbiased ST, SM, and spatial proteomics (SP) approaches to decode MASLD-relevant gene and metabolite expression programs within their spatial contexts. Adjacent frozen liver biopsy sections from patients with MASL and MASH and resection samples from controls, were prepared to perform ST and SM, providing a spatially resolved atlas of metabolite and gene expression patterns throughout disease progression. SMA of ST and SM modalities was achieved by aligning the MSI data points directly to the H&E-stained image used for ST, enabling the simultaneous measurements of mRNA transcripts and metabolites within the same tissue microregions. In total, we obtained high-quality transcriptomes of 540,216 single cells and 47,864 Visium ST spots and metabolomes from 841,534 MSI data points. The processed spatially resolved multi-omics datasets are fully accessible on the browsable web portal HMSMA, providing a resource for data download and spatial visualization of gene and metabolite expression. 
[bookmark: OLE_LINK68]Results
Single-cell and spatial transcriptional profiling of MASLD human livers.
[bookmark: OLE_LINK51][bookmark: OLE_LINK47][bookmark: OLE_LINK49]We applied scRNA-seq, scVDJ-seq, ST (10x Visium) and SM (matrix-assisted laser desorption/ionization, MALDI-MSI) to resected or biopsy liver samples collected from 61 individuals across the different stages of MASLD progression defined by histology as control (CTRL, n = 10), MASL (n = 17) and MASH (n = 34) (Fig. 1a,b and Supplementary Table 1). MSI-based SM was performed on a subset of tissue sections (n = 27) adjacent to those used for Visium ST (n = 35) (Supplementary Notes), enabling integrative spatial multimodal analysis.
[bookmark: OLE_LINK74][bookmark: OLE_LINK75][bookmark: OLE_LINK8][bookmark: OLE_LINK11]After meticulous quality control and computational doublet calling (Extended Data Fig. 1a and Supplementary Table 2), we obtained single-cell transcriptomes for 540,216 cells across 58 libraries generated from 29 samples (n = 6 CTRL, n = 7 MASL, and n = 16 MASH) for downstream analysis (Fig. 1b,c). Each sample was profiled using two libraries, one for parenchymal cells and another for NPCs (Supplementary Notes). We identified 17 cell types that were manually annotated based on the RNA expression of known markers (Extended Data Fig. 1b), categorized into four broad cell type groups as follows: hepatic CD45- cells, T lymphoid and natural killer (T&NK) cells, B lymphocytes, and myeloid cells. Neutrophils and mast cells were excluded from the myeloid compartment for subsequent cellular abundance analysis due to their low cell capture efficiency during tissue dissociation and high susceptibility to RNA degradation caused by elevated RNase activity, which collectively introduces higher technical noise and limits their accurate measurement. Within the hepatic CD45- cell compartment (82,011 cells), liver endothelial cells (EC) exhibited significant zonation-related transcriptomic heterogeneity and were subclustered into three subsets based on the expression of canonical gene markers as follows: liver sinusoidal endothelial cells (LSEC; marked by STAB2 and CLEC1B), central vein EC (marked by RSPO3 and WNT2) and portal vein EC (marked by SLCO2A1, MECOM, PODXL and JAG1)16.
[bookmark: OLE_LINK9]To contextualize cell types and states identified by scRNA-seq within tissue micro-environments, we performed ST analysis using 10x Visium (n = 7 CTRL, n = 10 MASL, and n = 18 MASH), adding a key dimension to the field of MASLD. A total of 47,864 spots were ordered along a spatial trajectory annotated as portal, periportal, mid, and central based on known lobule zonation markers20 (Fig. 1d-f and Extended Data Fig. 1c).

MASLD remodels the immune cell composition and repertoires within the liver microenvironment
[bookmark: OLE_LINK79][bookmark: OLE_LINK7][bookmark: OLE_LINK6][bookmark: OLE_LINK64]Within the T&NK compartment (258,618 cells) we used canonical lineage markers to identify seven major cell types: mucosal-associated invariant T (MAIT) cells, regulatory T (Treg) cells, CD8+ effector T (Teff_CD8) cells, Naïve T (Tnaive_CD4/CD8) cells, circulating NKT cells, resident NK cells, circulating NK cells (Fig. 2a and Extended Data Fig. 2a). To reveal the compositional changes between MASLD and controls in this compartment, we performed Milo differential abundance testing21 (Fig. 2b). We found a prominent increase in all five T cell clusters and a decrease in resident NK cells in MASLD patients compared to controls, yet no cluster exhibited a significant difference in abundance between MASH and MASL (Fig. 2c-e). To investigate the clonal relationship among individual T cells across three disease conditions22, we performed T cell receptor (TCR) analysis for five T&NK cell subsets except for resident NK cells and circulating NK cells. We examined whether expanded clonotypes were shared among each sample, across disease conditions, and among cell types. Large clonal expansions were observed particularly in Teff_CD8 and MAIT from MASLD patients (Fig. 2f). While the majority of expanded clonotypes in Teff_CD8 were unique to individual patients, the large expanded clonotypes in MAIT were shared among individuals. Notably, circulating NKT cells exhibited clonal expansion predominantly under diseased conditions (Fig. 2f), suggesting that the clonal expansion of circulating NKT cells may contribute to the progression of MASLD.
	We subclustered 17,576 cells manually annotated as B cells and plasma cells, obtaining four subsets based on their expression of canonical markers: Naïve B (Bnaive) cells, Memory B (Bmemory) cells, IgG plasma (Plasma_IgG) cells and IgA plasma (Plasma_IgA) cells (Fig. 2a and Extended Data Fig. 2b). The proportions of Bnaive and Bmemory cells increased in MASLD patients compared to controls. Similar to the T&NK compartment results, no cluster of B cells showed a significant difference in abundance between MASH and MASL (Fig. 2b-e). However, B cell receptor (BCR) analysis revealed a trend toward a larger clonal expansion of Plasma_IgA and Plasma_IgG in MASH compared to the MASL group, with minimal clonotypes sharing between MASLD and controls or among individual patients (Extended Data Fig. 2d,e).
[bookmark: OLE_LINK77]	To characterize transcriptome dynamics in 130,671 cells of myeloid compartment across disease conditions, we further subclustered monocytes into two subsets and DC into three subsets based on the expression of canonical gene markers as follows: CD14+ monocytes, CD16+ monocytes, plasmacytoid dendritic (pDC) cells, conventional type 1 dendritic (cDC1) cells, conventional type 2 dendritic (cDC2) cells (Fig. 2a and Extended Data Fig. 2c). The proportions of pDCs and LAMs increased, whereas the proportion of cDC2s declined predominantly in MASLD patients compared to controls (Fig. 2b,c). Differential abundance analysis based on disease severity revealed a decrease in KCs and an increase in CD14+ and CD16+ monocytes, alongside a marked expansion of LAMs in MASH compared to MASL (Fig. 2d,e).
[bookmark: OLE_LINK78]	Together, these findings delineated how MASLD progression reshapes the immune cell composition and repertoires within the liver microenvironment. The clonal expansion of circulating NKT cells emerged as a distinct feature among MASLD patients. While most immune cell types showed no significant differences in abundance between MASH and MASL, LAMs exhibited a pronounced increase with disease severity, particularly within the pericentral area (Extended Data Fig. 2f), underscoring their potential role in MASLD progression.

MITF shapes the lipid-handling phenotype of LAMs
[bookmark: OLE_LINK55]LAMs can be distinguished from tissue-resident KCs by their distinct lipid-handling features, that emerge largely from monocyte-derived precursors23,24. However, the mechanisms governing the differentiation of recruited monocytes into LAMs rather than adopting a KC-like phenotype remain poorly explored. To identify potential transcription factors (TFs) regulating the expression of lipid metabolism-associated genes in LAMs, we used pySCENIC25 to reconstruct cell-type-specific gene regulatory networks (GRNs) from our single-cell transcriptome data.
[bookmark: OLE_LINK56][bookmark: OLE_LINK57][bookmark: OLE_LINK58][bookmark: OLE_LINK60]	The specificity of the regulons (i.e., TFs and their target genes) is quantified and ranked from high to low across different cell types separately26. Validating this approach, several well-established macrophage lineage TFs such as NR1H327 and MAFB28 were simultaneously identified as the most specific TFs for both LAM and KC (Fig. 3a and Extended Data Fig. 3a). Of note, a regulon regulated by the melanocyte lineage transcription factor MITF29 was exclusively activated in LAMs (Fig. 3b.c and Extended Data Fig. 3b), consistent with the LAM-specific MITF gene expression (Extended Data Fig. 3c), suggesting a pivotal role for MITF in the regulation of LAM differentiation. Furthermore, elevated activity of the MITF regulon was observed, particularly in LAMs from patients with MASH (Fig. 3d), correlating with their increased severity of steatosis within the hepatic microenvironment.
[bookmark: OLE_LINK61]Gene ontology (GO) enrichment analysis of the top 100 predicted MITF target genes revealed significant enrichment for lipid metabolism-associated processes, including low-density lipoprotein particle clearance and triglyceride-rich lipoprotein particle clearance (Fig. 3e). Among these, canonical LAM markers, including TREM2, CD9 and GPNMB, along with genes involved in lipid transport and metabolism (e.g., FABP4, LPL, FABP5, DHRS9, MGLL and PLA2G7), were identified as MITF-regulated targets and exhibited a LAM-specific expression pattern (Fig. 3f and Extended Data Fig. 3d). For instance, lipoprotein lipase (LPL, encoded by LPL), serves as a pivotal enzyme in triglyceride (TG) metabolism, catalyzing the hydrolysis of TGs carried by plasma very-low-density lipoprotein (VLDL) and circulating chylomicrons (CMs)30.
[bookmark: OLE_LINK62][bookmark: OLE_LINK15][bookmark: OLE_LINK48][bookmark: OLE_LINK63]We further confirmed the LAM-specific expression of MITF at the protein level through immunofluorescence across three disease conditions (Fig. 3g). To examine the effects of the MITF on LAM phenotype transformation, we induced overexpression of MITF in the THP-1 cell line using lentivirus transduction (Methods). As expected, MITF overexpression in THP-1 cells led to a significant upregulation of several LAM signature genes10, including GPNMB, LPL, DHRS9, LGALS3, CTSD, PLD3 and PLA2G7 (Fig. 3h). Conversely, MITF knockdown via small interfering RNA (siRNA) for 24 hours resulted in a downregulation of these genes (Extended Data Fig. 3e). All together, these results indicate that the MITF-regulated GRN plays a critical role in determining the lipid-handling phenotype of LAMs. 

[bookmark: OLE_LINK54][bookmark: OLE_LINK31]MITF enhances fatty-acid oxidation in LAMs via the PGC1α/PPARγ signaling axis
[bookmark: OLE_LINK65]To deepen the understanding of how LAMs diverge from tissue-resident KCs in their roles in coordinating local lipid metabolism, differential gene expression and KEGG pathway analyses were conducted between these two macrophage subtypes (Fig. 4a,b). We found enrichment for the peroxisome proliferator-activated receptor (PPAR) signaling pathway in LAMs, consistent with the LAM-specific activation of the PPARG regulon (Fig. 4c and Extended Data Fig. 3f). By constructing a GRN consisting of the top five cell type-specific regulons for both LAMs and KCs, alongside common TFs such as NR1H3, MAF, MAFB, and MEF2A, we observed that differentially expressed genes (DEGs) upregulated in each cell subset were predominantly regulated by their respective key TFs: ETV5, RXRA and SPIC for KCs, and MITF and PPARG for LAMs (Fig. 4d, Fig. 3c and Extended Data Fig. 3a). Based on these findings, it is tempting to speculate that MITF could drive the activation of PPAR signaling pathway in LAMs.
[bookmark: OLE_LINK39][bookmark: OLE_LINK67][bookmark: OLE_LINK41][bookmark: OLE_LINK16][bookmark: OLE_LINK29][bookmark: OLE_LINK20][bookmark: OLE_LINK22][bookmark: OLE_LINK30][bookmark: OLE_LINK24][bookmark: OLE_LINK23][bookmark: OLE_LINK21][bookmark: OLE_LINK25][bookmark: OLE_LINK42][bookmark: OLE_LINK43][bookmark: OLE_LINK33]We therefore scored the activity of both the MITF regulon and the PPAR signaling pathway and found a strong correlation between their spatial distribution observed in each Visium ST section from our MASLD cohort (Fig. 4e). Consistent with this, a previous study has shown that MITF directly regulates the expression of PPARγ co-activator 1α (PGC1α), which acts as a master regulator of mitochondrial biogenesis and oxidative phosphorylation (OXPHOS)31. Additionally, PGC1α/PPARγ axis has been revealed to transactivate various genes to control lipid metabolism and to induce a spike in fatty acid oxidation (FAO) to control myogenesis32. Supporting this, our results showed that overexpression of MITF in THP-1 cells significantly upregulated PGC1α, PPARγ and several key PGC1α/PPARγ target genes involved in FAO, including CPT1A, CPT1B, ACADVL, and HADHA (Fig. 4f). In contrast, MITF knockdown using siRNA for 24 hours resulted in significant downregulation of these genes (Extended Data Fig. 3g). Furthermore, the oxygen consumption rate (OCR), an indicator of OXPHOS, was significantly higher in MITFOE THP-1 cells (Fig. 4g), likely due to increased mitochondrial mass upon MITF overexpression (Fig. 4h). Collectively, these results underscore the central role of MITF in modulating mitochondrial function and lipid-handling capacity in LAMs, mediated by the PGC1α/PPARγ-FAO axis (Fig. 4i).

Differential intercellular flow analysis indicates a hepato-protective role for LAMs
To capture intercellular signaling dynamics associated with MASLD progression, we applied FlowSig33 to scRNA-seq data, revealing differentially inflowing and outflowing signals across the MASLD spectrum (Fig. 5a,b and Extended Data Fig. 4a,b). We constructed 30 gene expression modules (GEMs) using pyLIGER34 that captured differences across cell type (Extended Data Fig. 4c,d). Compared to controls, MASL exhibited increased inflow of interleukin-6 (IL-6) through LIFR and IL6ST, vascular endothelial growth through KDR, IL-13 through IL13RA2, CALCRL, and CXCR3 (Extended Data Fig. 4a), along with elevated outflow of MIF (originating from cholangiocytes and cDC1), IL33 (LSEC, Central Vein EC and Portal Vein EC), and ANGPTL1 (cholangiocytes and HSCs) (Fig. 5c). Progression to MASH involved minimal additional inflow alterations (Extended Data Fig. 4b), but a marked amplification of outflowing mediators, notably hepatocyte growth factor (HGF) from LAMs, CXCL3 (LAMs, KCs, cholangiocytes, and CD14+/CD16+monocytes), WNT10A (plasma_IgA, plasma_IgG, and pDCs) and IL1A from the broader myeloid compartment (Fig. 5b-d). To reveal the regulatory architecture underlying augmented outflow signaling, we constructed global intercellular flow networks by mapping significantly upregulated inflowing signals that form directed paths toward one or more elevated outflows, along with their associated GEMs (Extended Data Fig. 4e,f).
[bookmark: OLE_LINK84]The pronounced elevation of HGF outflow from LAMs in MASH patients is of particular interest, as a previous study by Daniela et al. demonstrated that hepatocyte-specific deletion of c-Met, the receptor for HGF, in a mouse model of MASH resulted in an exacerbated phenotype, marked by higher fatty acid accumulation and increased apoptosis35, suggesting that LAMs play a hepato-protective role during MASLD progression via the HGF-MET axis, most likely within hepatic crown-like structures (hCLSs)11,24. To corroborate that LAMs serve as an additional critical source of HGF, alongside the well-established role of HSCs, we examined the localization of HGF mRNA in LAMs using RNAscope (Fig. 5e). To explore the potential impact of LAMs on hepatocyte functions, we observed that hepatocytes in proximity to LAMs exhibited a proliferative phenotype (Extended Data Fig. 4g). To investigate this further, we cultured human hepatocytes (HepG2 cells) with conditioned medium from THP-1 cells with or without MITF overexpression (MITF-OE). Notably, MITF overexpression in THP-1 cells significantly increased ex vivo production of HGF (Fig. 5f) and enhanced the ability of THP-1 conditioned medium to stimulate HepG2 cell proliferation (Fig. 5g) and reduce apoptosis (Fig. 5h). Collectively, our intercellular flow analysis suggests a hepato-protective role of LAMs via HGF-MET axis during MASLD progression (Fig. 5i).

[bookmark: OLE_LINK34]STAMP uncovers a spatial gene topic of MASLD-associated fibrosis
[bookmark: OLE_LINK76]To uncover MASLD-related gene signatures within a spatial context, our human MASH datasets comprising 16,000 Visium spots were deconvoluted into 20 ‘spatial topics’ using Spatial Transcriptomics Analysis with topic Modeling (STAMP)36 (Methods and Extended Data Fig. 5a). Further examination of the distribution of spots with the highest topic activity (99th percentile) across all ST sections revealed six non-parenchymal spatial topics that were more prevalent in MASLD than in controls (Fig. 6a and Extended Data Fig. 5a-c). These spatial topics corresponded to MASLD-relevant cell populations and signaling pathways. For example, Topic3 featured markers of KCs (CD5L, VSIG4 and TIMD4), while Topic4 presented a LAM-specific gene expression module (FABP4, SPP1, TREM2 and LPL).
[bookmark: OLE_LINK85][bookmark: OLE_LINK86]The Topic5 profile appears to reflect a pathological extracellular matrix (ECM)/fibrogenesis pathway marked by collagens (COL1A1, COL1A2 and COL14A1) and fibrosis-related genes (THY1, LTBP2, LOXL1, MFAP4, ITGBL1 and LUM)37 (Fig. 6b), which was moreover particularly enriched in MASH patients with fibrosis stages 3-4 (Fig. 6c). Zoom-in visual inspection confirmed that spots with high Topic5-activity spatially aligned with the histology of fibrotic foci and its activity correlated with the abundance of HSCs and Central Vein ECs, as inferred by cell2location38 (Fig. 6d and Extended Data Fig. 5d), suggesting the involvement of their potential crosstalk in MASLD-related fibrogenesis. 
To determine whether elevated RNA levels resulted in concordant increases in protein, we applied high-sensitivity mass spectrometry (MS) on pathologist-defined regions of interests (ROIs) across three disease conditions (n = 4 CTRL, n = 3 MASL, and n = 7 MASH). Two ROIs (~ 100 x 200 µm2) from peri-central (PC) and peri-portal (PP) area were isolated using laser-capture microdissection (LCM) from each tissue section for proteomics profiling (Supplementary Notes). Genes specific to Topic4 (including FABP4, GPNMB, LSP1, and LGALS3) and Topic5 (including TAGLN, LUM, COL1A1, and COL1A2) were elevated in MASH peri-central ROIs, aligning with the transcriptomic data (Fig. 6e). In contrast, few Topic4 and Topic5 genes showed significant upregulation in the periportal ROIs from MASL and MASH patients with mild fibrosis (F1-2). However, in MASH patients with advanced fibrosis (F3-4), the periportal regions displayed marked upregulation of these genes, suggesting a more extensive dysregulation as the disease progressed.
[bookmark: OLE_LINK35]To explore the cell-cell interactions within the Topic5-active area, we implemented CellPhoneDB39 on our scRNA-seq dataset. Notably, RSPO3 (R-Spondin 3)16, a pro-proliferating factor from Central Vein ECs, was predicted to interact with LGR6 on HSCs (Fig. 6f), potentially driving HSC proliferation and liver fibrogenesis40. Consistently, we observed an enrichment of the RSPO3-LGR6 interaction signal in fibrotic regions of liver biopsies, particularly from patients with MASH F3-4, using communication analysis by optimal transport (COMMOT)41 (Fig. 6g and Extended Data Fig. 5e). Moreover, RSPO3 was found to be highly elevated in active fibrotic lesions from idiopathic pulmonary fibrosis (IPF) and MASLD patients42, specifically expressed in endothelial cells of the central vein43. These data indicate the RSPO3-LGR6 interaction as a candidate signaling axis potentially involved in fibrogenesis, warranting further experimental validation.

[bookmark: OLE_LINK102]Identifying MASLD-associated metabolic programs in situ by MALDI-MSI
[bookmark: OLE_LINK93][bookmark: OLE_LINK101]To elucidate the metabolic landscape of MASLD, we applied Hotspot44 to our MALDI-MSI datasets (n = 6 CTRL, n = 9 MASL, and n = 12 MASH), comprising 841,534 high-quality spatially indexed metabolomes. The original spatial coordinates of each MALDI-MSI SM dataset were transformed and aligned into a unified two-dimensional coordinate system, enabling integrative analysis across all SM samples (Extended Data Fig. 6a and Methods). The transformed spatial distances served as the basis for feature selection and similarity quantification. A total of 1,528 metabolites and lipids with significant spatial autocorrelation (false discovery rate (FDR) <0.01) were identified and decomposed into twenty spatially dependent metabolic modules based on their spatial distributions (Fig. 7a). Among these, three modules (Modules 3, 5 and 13) were identified as MASLD-specific, with Module 5 exhibiting the strongest correlation with disease severity (Fig. 7b), suggesting its role in disease progression from healthy to MASL and from MASL to MASH. Spatial analysis revealed that Module 5 metabolites are predominantly minimally produced in the pericentral region under healthy conditions but are markedly upregulated in MASLD (Fig. 7c and Fig. 1e). Validating our approach, TG species such as TG(16:1(9Z)/18:0/18:1) and TG(16:1/18:0/18:1(9Z)), previously reported as key lipid species associated with fat accumulation in MASH45, were found in Module 5 and Module 13, respectively (Fig. 7d and Extended Data Fig. 6b,c). 
[bookmark: OLE_LINK96]Beyond TGs, Module 5 was primarily enriched in phosphatidylethanolamine (PE), phosphatidylcholine (PC) and phosphatidic acid (PA) species containing very-long-chain fatty acids (VLCFAs, C ≥22), such as PA(24:0/24:1(15Z)), PC(22:4(7Z,10Z,13Z,16Z)/24:0), PA(24:0/24:0), phosphor-(N-methyl)-ethanolamine (PE-NMe)(20:1(11Z)/24:1(15Z)) and PE-NMe(22:2(13Z,16Z)/24:1(15Z)) (Fig. 7d). These findings implicate phospholipid (PL) metabolism in MASLD pathogenesis. To integrate the MSI-based SM data with ST data, we aligned the MSI data points directly to the corresponding H&E images of Visium ST using STAlign46 (Fig. 7e and Extended Data Fig. 6d,e). We found that MASLD-specific metabolic modules spatially aligned with the spatial gene topics of the LAM feature (Topic4) and HSC-driven fibrogenesis (Topic5) (Fig. 7f).
[bookmark: OLE_LINK99]To deepen the link between LAM-driven lipid metabolism and MASLD-specific metabolic alterations, we extracted metabolism-associated genes from Topic4 (Fig. 7g) using STAMP analysis. Among these, we focused on PLA2G7, which encodes lipoprotein-associated phospholipase A2 (lp-PLA2), a regulator of PL metabolism that was exclusively expressed in LAMs (Fig. 7h). Lp-PLA2 is known to be upregulated in macrophages in response to oxidized phospholipids (oxPLs) stimulation, promoting lipoprotein uptake47. Interestingly, elevated oxPL levels in KCs could lead to iron deposition and subsequent KC ferroptosis, correlating with more severe histologic features of fibrosis and steatohepatitis48. Conversely, lp-PLA2 overexpression has been shown to reduce lipid peroxidation levels and strongly suppress ferroptosis49. Therefore, the MITF-regulated expression of PLA2G7 in LAMs (Fig. 3f,h and Fig. 4d), may confer ferroptosis resistance, thereby sustaining robust consistent lipid metabolism capacity in LAMs.

Discussion
[bookmark: OLE_LINK100]Here, we employed single-cell RNA expression analysis of liver parenchymal and various non-parenchymal cell types alongside spatial transcriptomics, metabolomics, and proteomics on adjacent tissue sections to generate comprehensive molecular and cellular profiles across the spectrum of MASLD. These data can be interactively explored using the Human Masld Spatial Multiomics Atlas (HMSMA) portal.
[bookmark: OLE_LINK52][bookmark: OLE_LINK97]We focused on LAMs due to their pivotal role as major cellular responders to inflammation and metabolic dysfunction during MASLD progression, as evidenced by their increased populations and enhanced presence within steatotic lesions10,20. We compared TFs operating in LAMs and KCs to elucidate the mechanisms driving LAM development, revealing distinct regulatory networks. Specifically, pySCENIC analysis of scRNA-seq data highlighted a skin pigmentation gene MITF, as a master regulator of LAM differentiation, rendering them enhanced lipid-handling capacity. MITF orchestrates the metabolic reprogramming of LAMs through the PGC1α/PPARγ-FAO axis. The clinical relevance of the MITF-regulon is supported by prior evidence that Imatinib, a PI3K/Akt inhibitor that activates MITF in monocyte-derived dendritic cells (moDCs)50, significantly ameliorates MASLD in obese mice51. Notably, three months of imatinib treatment reduced hepatic steatosis, systemic and adipose tissue inflammation and improved insulin sensitivity. These findings highlight the therapeutic potential of manipulating LAM phenotypes and abundance either through molecular drug interventions or direct injections of bone marrow-derived macrophages52.
The spatial gene topic of MASLD-related fibrosis, spatially delineated fibrotic regions in each Visium ST section, facilitating the identification of a candidate profibrotic cell-cell interaction between Central Vein ECs and HSCs via RSPO3-LGR6 ligand-receptor pair, which serves as a potentially druggable target. However, HSCs may not be the sole responders to RSPO3 secreted by Central Vein ECs, as NK-like cells have also been implicated in mediating antitumor immunity via the RSPO3-LGR6 axis, which involves NK-cell biology through MYC upregulation and ribosomal biogenesis53. Accordingly, the clonal expansion of circulating NKT cells observed in MASL and MASH patients in our cohort could, at least in part, be attributed to their response to RSPO3 secreted by Central Vein ECs. Thus, the RSPO3-LGR6 axis appears to play roles in both inflammation and fibrogenesis, presenting a promising therapeutic target.
Our SMA pipeline provided a framework to integrate the MSI-based SM and ST data profiled on adjacent tissue sections. However, it has not been applied across the entire MASLD spatially resolved multi-omics datasets, as precise alignment requires a high histological similarity between tissue sections from these two spatial modalities and a time-intensive landmark selection process. Application of MASLD-associated metabolites could inform molecular pathology-based patient stratification54, particularly for non-invasive diagnosis of MASH in MASLD patients, where liver biopsies remain necessary. Notably, the relationship between VLCFA-containing PL species and the lp-PLA2-mediated LAM-driven PL metabolism remains to be elucidated.
A limitation of this study is the sex imbalance in the scRNA-seq cohort, with all control samples derived from female donors and the MASLD group composed predominantly of male patients. As a result, we cannot fully exclude the potential influence of sex on the observed cellular changes during disease progression. Future studies incorporating sex-balanced cohorts will be essential to more precisely delineate any sex-associated contributions to MASLD-relevant cellular programs.
In summary, these dense single-cell and spatial reference maps of the human MASLD, in conjunction with the recently developed spatiotemporal atlas of liver homeostasis and regeneration15, and cholestatic injury and repair16 in mouse liver, constitute a large-scale resource for generating hypotheses on chronic liver disease pathology and for further functional validation.
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Figure legends

[bookmark: OLE_LINK69][bookmark: OLE_LINK136][bookmark: OLE_LINK80]Fig. 1 | Spatial and single-cell transcriptomic atlas of human MASLD. a, Scheme of the multi-omics spatial human MASLD atlas experimental and analysis workflow. The image was created using BioRender (biorender.com). b, Summary of the samples in this study, with each row representing an individual and the columns indicating the modalities assayed. c, UMAP plot of 540,216 cells profiled by scRNA-seq colored by cell type in CTRL (n = 6), MASL (n = 7), and MASH (n = 16). d, UMAP visualizations where dots correspond to individual spot for 48,154 spots profiled with 10x Visium, colored by liver lobular zones. e, Spatial distribution of four liver lobular zones (portal, peri-portal, mid and central) in three tissue sections taken from CTRL, MASL and MASH groups, respectively. f, Dot plot showing the expression of lobule zone marker gene across four liver lobular zones.

[bookmark: OLE_LINK70][bookmark: OLE_LINK3][bookmark: OLE_LINK2][bookmark: OLE_LINK4][bookmark: OLE_LINK1][bookmark: OLE_LINK14][bookmark: OLE_LINK81]Fig. 2 | MASLD progression affects the homeostatic cellular state of the liver microenvironment. a, UMAP plots of T/NK cells, B lymphocytes and myeloid cells, colored by cell type. b, Graph representation of Nhoods identified by Milo. Nodes are Nhoods, colored by their log2FC between MASL/MASH (n = 23) and CTRL (n = 6) blocking for the effects of scRNA-seq library (parenchymal or non-parenchymal). Nondifferential abundance Nhoods (FDR ≥0.05) are colored white. c, Beeswarm plot of the log2FC in the Milo neighborhoods between MASL/MASH and CTRL, grouped into each cell type. Nhoods with significant change in cellular abundance are colored in the same way as in b. d, Graph representation of Nhoods identified by Milo. Nodes are Nhoods, colored by their log2FC between MASH (n = 16) and MASL (n = 7) blocking for the effects of scRNA-seq library. Nondifferential abundance Nhoods (FDR ≥0.05) are colored white. e, Beeswarm plot of the log2FC in the Milo neighborhoods between MASH and MASL, grouped into each cell type. Nhoods with significant change in cellular abundance are colored in the same way as in d. f, Network plots showing similarity of TCRα and TCRβ CDR3 amino acid sequence for each sample, disease status and cell type. Clonotype clusters with clonal size ≥20 are selected.

[bookmark: OLE_LINK143][bookmark: OLE_LINK144][bookmark: OLE_LINK40]Fig. 3 | Identification of MITF as a LAM-specific transcription factor. a, Regulon specificity score for LAMs, the top five regulons are highlighted in red and labeled on the plot, the specificity score is shown on the y-axis. b, Binarized activity of MITF regulon for each cell generated from the SCENIC AUC distribution, displayed in UAMP space with green spots representing cells that are activated. c, Binarized activity of selected regulons, representing the union of the top five regulons most specific to each cell type, plotted as a heatmap with black blocks indicating cells that are ‘on’. The peach and russet arrows indicate LAM- and KC-specific TFs, respectively. d, Violin plot showing MITF regulon activity score in LAMs from CTRL, MASL and MASH groups. e, Top GO terms enriched by over-representation analysis (ORA) for the top 100 target genes of MITF regulon. P values were computed with a two-sided Fisher’s exact test and adjusted for multiple testing using the Benjamini-Hochberg procedure. f, Expression of six MITF-targeted lipid metabolism-related genes in scRNA-seq dataset displayed in UMAP space. g, Representative immunofluorescence protein staining of MITF and TREM2 for tissue specimens from CTRL, MASL and MASH groups (n = 3, independent experiments). Scale bar, 20 µm. h, Expression of GPNMB, LPL, DHRS9, LGALS3, CTSD, PLD3 and PLA2G7 by RT-PCR in THP-1 cells after MITF overexpression compared to empty vector (EV) (n = 6, biological replicates). Data are presented as mean values ± s.d., statistical significance was determined by unpaired two-sided Student’s t-test. 

[bookmark: OLE_LINK83]Fig. 4 | MITF-PGC1α/PPARγ-FAO signaling axis in LAMs. a, Volcano plot displaying differently expressed genes (absolute log2FC >2.0, P value <0.01) between LAMs and KCs. Red and blue spots indicate genes overexpressed in LAMs and KCs, respectively. The top 30 significantly up- or down-regulated gene names are marked. P values are calculated using two-sided Wilcoxon rank-sum tests and adjusted using the Benjamini-Hochberg procedure. -log10(FDR) is capped by computational precision limits. b, Top KEGG terms enriched by ORA for upregulated DEGs of LAMs, compared with KCs. P values were computed with a two-sided Fisher’s exact test and adjusted for multiple testing using the Benjamini-Hochberg procedure. c, Binarized activity of PPARG regulon for each cell generated from the SCENIC AUC distribution, displayed in UMAP space with red spots representing cells that are activated. d, GRNs showing the predicted candidate target genes for the following TFs: MITF, PPARG, NR1H3, MAFB, MEF2A, SPIC, RXRA, ETV5 and MAF. The linewidth of edges indicates the predicted weight between the corresponding TF and its target gene. e, Spatial distribution of the scores of MITF regulon and PPAR signaling activity in eight randomly selected MASH biopsy sections. f, Expression of PGC1α, PPARγ, CPT1A, CPT1B, ACADVL and HADHA by RT-PCR in THP-1 cells after MITF overexpression compared to empty vector (EV) (n = 6, biological replicates). g, Mitochondrial OCR of THP-1-EV and THP-1-MITFOE cells was measured using an extracellular flux analyzer (n = 3, biological replicates). Oligomycin (Oligo), carbonyl cyanide p-trifluoromethoxyphenylhydrazone (FCCP), and rotenone + antimycin A (R/A) were injected at the indicated time points. h, Representative confocal micrographs of MitoTrackerTM Red CMXRos-stained THP-1 cells post-transfection with either EV or MITF-OE (left). Quantification of mitochondrial fluorescence intensity (n = 3, biological replicates, multiple regions per sample). Scale bar, 10 µm. i, Schematic representation of MITF-PGC1α-PPARγ-FAO signaling axis in LAMs. Data are presented as mean values ± s.d., statistical significance was determined by unpaired two-sided Student’s t-test.

[bookmark: OLE_LINK94][bookmark: OLE_LINK145][bookmark: OLE_LINK146][bookmark: OLE_LINK147]Fig. 5 | LAMs exert hepato-protective function via HGF-MET. a, Differentially outflowing signals between MASL and CTRL groups. Yellow dots indicate statistically significant differential outflow (absolute log2FC >1.0, adjusted P value <0.01). b, Differentially outflowing signals between MASH and MASL groups. Yellow dots indicate statistically significant differential outflow (absolute log2FC >1.0, adjusted P value <0.01). c, Dot plot showing the expression patterns of differentially outflowing signals identified in both MASL versus controls and MASH versus MASL. d, Expression of HGF in the myeloid compartment of scRNA-seq dataset displayed in UMAP space. e, Confocal microscopy representative images of RNAscope showing TREM2 and HGF for tissue section from the MASH group (n = 3, independent experiments). Scale bars, 20 µm (single-channel and merge) and 5 µm (zoom-in). White arrows denote cells double-positive TREM2 and HGF. f, Enzyme-linked immunosorbent assays (ELISA) of HGF in the conditioned medium of THP-1 EV and MITF-OE cells (n = 8, biological replicates). g, Immunofluorescence staining of Ki67 (overlap with DAPI staining) and percentage of Ki67-positive cells in HepG2 cells cultured with the conditioned medium described in f and PA for 24h (n = 3, biological replicates, multiple regions per sample). Scale bar, 50 µm. h, TUNEL staining (green) staining and percentage of TUNEL-positive cells in HepG2 cells cultured with conditioned medium described in f and PA for 24h (n = 3, biological replicates, multiple regions per sample). i, Schematic representation of the hepato-protective function of LAMs via the HGF-MET axis. The image was created using BioRender (biorender.com). Data are presented as mean values ± s.d., statistical significance was determined by unpaired two-sided Student’s t-test.

[bookmark: OLE_LINK88][bookmark: OLE_LINK92][bookmark: OLE_LINK91]Fig. 6 | MASLD-associated fibrosis gene signatures revealed by STAMP. a, STAMP-identified signatures over-represented in MASLD tissue. Their relative contribution to each spatial topic is displayed for the top five contributing genes per topic, and the proportion of spots with the highest activity (99th percentile by disease status and sample). Proportions are normalized per sample to account for difference in tissue area and total spot number. b, Ranking of the top 100 genes for Topic5 based on gene weight to the topic, with fibrosis-related genes emphasized. c, Spatial distribution of MASLD-related liver fibrosis topic in 16 human liver tissue sections (n = 4 CTRL, n = 4 MASL, n = 4 MASH F1-2 and n = 4 MASH F3-4). d, Spatial distribution of MASLD-related liver fibrosis topic in two MASH F3 tissue sections. Zoomed-ins graphs displayed H&E images and abundance of HSCs and Central Vein ECs for selected fibrotic regions. e, Heatmap showing expression of proteins from Topic4 and Topic5 across three disease conditions profiled by spatial proteomics in ROIs from the pericentral (top) and periportal (bottom) areas. f, Circos plot showing significant interactions between HSCs and Central Vein ECs identified using CellPhoneDB. The weight of the arrows depicts the score for the interaction, and the color of the bars represents the average expression of ligands and receptors for each cell type. g, The spatial location of the ligand-receptor pair, RSPO3-LGR6, at the grid level for two representative MASH F3 biopsy samples (MASH-9136 and MASH-3096). The arrows indicate the sender signal of the RSPO3-LGR6 pair. Scale bar, 1mm.
[bookmark: OLE_LINK103]
Fig. 7 | MASLD-associated metabolic modules revealed by Hotspot. a, Metabolites with significant spatial autocorrelation (1,528 metabolites, FDR <0.01) are grouped into twenty Hotspot modules based on pairwise spatial correlation. b, Dot plot showing metabolic modules align with disease conditions. Module expression scores were calculated using the Hotspot function calculate_module_scores, which centers metabolite expression based on a specified null model (depth-adjusted normal), smooths the value across a k-nearest neighbor graph, and then applies principal component analysis modeling using a single component. The resulting pixel loadings are reported as the module scores. c, Spatial distribution of Hotspot-identified Module 5 in twelve representative tissue sections. d, 21 metabolites from Module 5 are presented as a heatmap, with columns representing pixels within each disease status and rows displaying metabolite annotations. e, Overlay of MSI-data points and H&E image of Visium after alignment with STalign. f, Spatial distribution of Metabolic Modules 5 and 13 (left) and Gene Topics 4 and 5 aligned using STalign (right). Zoomed-in graphs displayed PLA2G7 expression for three selected overlayed regions. g, Ranking of the top 100 genes for Topic4 based on gene weight to the topic, with metabolism-related genes emphasized. h, Stacked violin plot showing the expression of PLA2G7 across major cell types identified by scRNA-seq.
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[bookmark: OLE_LINK90]Methods and Materials
Experimental Methods
[bookmark: OLE_LINK19][bookmark: OLE_LINK13][bookmark: OLE_LINK59][bookmark: OLE_LINK46]Access to human tissue and ethics oversight. This study involving human participants adhered to the ethical standards outlined in the Declaration of Helsinki (2013) and the Declaration of Istanbul (2018). The study protocol was reviewed and approved by the Ethics Committees of the First Affiliated Hospital (Southwest Hospital) of Army Medical University [approval nos. (A)KY2021061 and (B)KY2023050] and the First Affiliated Hospital of Wenzhou Medical University [approval no. 2016-246]. Additionally, the exportation of human genetic information and materials received authorization from China’s Ministry of Science and Technology. Prior to the commencement of the study, written informed consent was obtained from all participants. Control liver samples were procured from ten patients at the Institute of Hepatobiliary Surgery of Southwest Hospital, who had no evidence of fatty liver disease, primary biliary cholangitis, autoimmune hepatitis, liver cancer, viral hepatitis, or other liver diseases. Samples from patients with MASLD were obtained through biopsy procedures. The diagnosis of MASLD was based on an integration of clinical features, laboratory tests, and pathological diagnosis, while excluding other known hepatic conditions. The histological characteristics of the liver samples were evaluated using the NAFLD Activity Score (NAS), which assesses steatosis, lobular inflammation, and hepatocyte ballooning, along with fibrosis assessment to evaluate the severity of liver disease. The diagnosis of MASH is based on the presence of hepatocyte ballooning and lobular inflammation, along with steatosis and varying degrees of fibrosis. All histological sections were examined in a blinded manner by an experienced hepatopathologist.

Multiplex immunofluorescence (IF) staining. The cellular colocalization and expression of proteins were validated using a multiplex immunohistochemistry/immunofluorescence staining kit (Absin, Shanghai, China, abs50012) following the manufacturer's instructions. Briefly, 4 µm thick liver paraffin sections were initially deparaffinized, followed by antigen retrieval. Subsequently, the sections underwent multiple rounds of blocking, primary antibody incubation at 4°C for 12 hours, secondary antibody incubation at 37°C for 10 minutes, and fluorescent dye (TSA 520, 570, 620 or 650) incubation at 37°C for 10 minutes. Each antibody and dye incubation step was followed by washing with 1X Tris-Buffered Saline with Tween 20 (TBST) buffer. Finally, the nuclei were stained with DAPI for 10 minutes at room temperature. Fluorescence was visualized using a laser scanning confocal microscope (LSM 880, Zeiss, Oberkochen, Germany). The antibody application details are provided in Supplementary Table 3.

Generation of stable THP-1 cell lines and quantitative RT-PCR. To construct lentivirus for infecting THP-1 cells, first human MITF cDNA (NM-198159) was cloned into pLV-CMV-MCS-EF1-ZsGreen1-T2A-Puro. Together with PSPAX2 and PCMV-VSV-G, these three plasmids were transfected into 293T. THP-1 cells were grown in RPMI medium 1640 basic with 10% fetal bovine serum, 1% penicillin-streptomycin and 0.05mM 2-mercaptoethanol at 37°C in 5% CO2. THP-1 cells were infected with either human MITF or empty vector lentivirus, the stable cells were then selected for their ability growing in the presence of puromycin (Hunan Fenghui Biotechnology Co.Ltd). Total RNA was extracted from THP-1 using RNAiso Plus (Takara Biomedical Technology, Beijing, China) according to the manufacturer’s instructions. cDNA was synthesized by PrimeScript™ FAST RT reagent Kit with gDNA Eraser (Takara Biomedical Technology, Beijing, China). Quantitative reverse-transcription polymerase chain reaction was performed by using TB Green® Premix Ex Taq™ II FAST qPCR kit (Takara Biomedical Technology, Beijing, China). The primers used in this study were selected from the Harvard primer bank, we took GPADH as reference gene for normalizing the gene expression (Primer sequences were described in Supplementary Table 4a).

siRNA transfection. MITF-siRNAs were purchased from Sangon Biotech (Shanghai, China). Non-targeting oligos were used as negative control. siRNAs were delivered to THP-1 cell lines according to the manufacturer’s instructions (ProteanFect Max, Nanoportal Biotech, Hangzhou, China). Knockdown efficiency of target genes was evaluated by RT-PCR at 24h post-transfection. (Primer sequences and siRNA oligos were described in Supplementary Table 4b).

Oxygen consumption rate (OCR) assay and mitochondrial staining. THP-1 cells infected with either an empty vector or MITF overexpression lentivirus were used to assess cellular OCR with the Seahorse XFp Cell Mito Stress Test Kit (Agilent, Cat# 103010-100) following the manufacturer’s protocol. Briefly, cells were resuspended in pre-warmed Seahorse assay medium and seeded at a density of 60,000 cells/50 μL per well into Cell-Tak™ coated Seahorse XFp Cell Culture Microplates. After cell attachment, 130 μL of Seahorse assay medium was added to each well, and the plates were incubated for 40 minutes in a 37°C, non-CO₂ incubator prior to the assay. Basal OCR was then measured, followed by injection of Oligomycin (3.5 μM), FCCP (2 μM), and Rotenone/Antimycin A (2.5 μM) through the hydrated probe plate. Real-time OCR (pmoles O₂/min) was measured using the Agilent Seahorse XFp Analyzer. Data were analyzed using WAVE software. To assess the total mitochondrial mass, cells were stained with MitoTracker Red (Meilunbio, Cat# MB6046-1) for 20 minutes, followed by fluorescence detection using a Zeiss LSM 880 laser scanning confocal microscope (Carl Zeiss AG, Oberkochen, Germany). Ten randomly selected fields per sample were captured, and mean fluorescence intensity quantification was performed using ImageJ software (v1.8.0, National Institutes of Health) with background subtraction.

[bookmark: OLE_LINK44]RNAscope in situ hybridization. To co-localize HGF and TREM2, an RNAscope assay was performed using an RNAscope Multiplex Fluorescent Reagent Kit v2 (Advanced Cell Diagnostics, Cat#323100) according to the manufacturer's instructions. In brief, 10 µm thick liver paraffin sections were prepared and processed through deparaffinization, hydrogen peroxide treatment, target retrieval, and RNAscope®protease IV treatment. The sections were then hybridized with the target probes HGF (Cat#310761-C2) and TREM2 (Cat#420491-C3) for 2 hours. This was followed by sequential signal amplification using AMP1, AMP2, and AMP3 for 30 minutes, 30 minutes, and 15 minutes, respectively. For signal labeling in the C2 channel, the sections were incubated with HRP-C2 for 15 minutes, followed by OpalTM570 dyes for 30 minutes, and HRP blocker for 15 minutes. This signal labeling procedure was then replicated for the C3 channels using OpalTM520 dyes. Finally, the sections were counterstained with DAPI at room temperature. After each step, sections were washed with RNAscope® 1x Wash Buffer. Fluorescence was visualized using a laser scanning confocal microscope (LSM 880, Zeiss, Oberkochen, Germany). The co-localization signals were analyzed using ZEN software (version 2.3).

Conditioned medium experiment. Conditioned media were collected from THP-1 EV or MITF-OE cell lines after 48 hours of culture. Cells were seeded at a density of 1 × 10^6 cells per T75 flask containing 15 mL of RPMI medium 1640 basic (Thermo Fisher Scientific, USA, Cat# C11875500) supplemented with 10% fetal bovine serum (Lonsera, Uruguay, Cat# S711-001S). Following incubation, cellular debris was removed by centrifugation at 4,000 × g for 10 minutes at room temperature. Human HGF concentrations in the conditioned media were quantified using a Quantikine ELISA kit (R&D Systems, Minneapolis, MN, USA; Cat# DHG00B), according to the manufacturer's instructions.
For hepato-protective efficacy assessment, HepG2 cells were preconditioned in DMEM basic (Thermo Fisher Scientific, USA, Cat# C11995500) supplemented with 10% fetal bovine serum (Lonsera, Uruguay, Cat# S711-001S) for 16 hours before treatment. Cells were subsequently exposed to conditioned media derived from THP-1 EV or MITF-OE cells, with supplementation of 400 μM palmitic acid (Sigma-Aldrich, USA, Cat# P5585) and 10% charcoal stripped fetal bovine serum (VivaCell Biosciences, China, Cat# C3830) for 24 hours. After treatment, cellular responses were assessed by TUNEL staining (Life-iLab Biotech, Shanghai, China; Cat# AC12L055) to evaluate apoptosis, and Ki67 staining (Abcam, UK; Cat# ab16667) to assess cell proliferation.

Computational analysis
[bookmark: OLE_LINK116]Mapping of gene expression libraries. For scRNA-seq data, raw reads were processed to generate gene expression profiles using Celescope (Singleron Biotechnologies, v1.15.0) with default parameters. Space Ranger was used to preprocess the sequencing data with the default settings for spatial transcriptomics data. Both types of libraries were mapped to the 10X-provided GRCh38 reference.

scRNA-seq data processing. The scRNA-seq libraries were analyzed using the standard scanpy (v.1.10.3)55  workflow. We discarded cells (1) with less than 200 genes and less than 400 UMIs, (2) with more than 30% of counts mapped to ribosomal or mitochondrial genes, (3) with more than 1% counts mapped to hemoglobin genes, (4) with more than 40,000 UMIs, (5) with more than 6,000 genes, (6) doublets as estimated using Scrublet56 with default parameters. Additionally, doublet clusters, identified by observing the expression of markers from multiple cell types in scRNA-seq, were removed. Gene-expression values were normalized for library size and the log-transformed. Principal component analysis was carried out using the top 6,000 highly variable genes. Neighbors were identified using the first 30 principal components corrected by harmony57 and clustering was done using the Leiden algorithm with the 10 nearest neighbors per cell. UMAP projections were calculated using default parameters.

Zonation annotation of Visium ST data. To identify groups of spots in different ST samples that shared similar gene expression patterns, we integrated and clustered the 10x Visium spots of all sections using the intersection of 14,000 spatially variably genes identified from each section after batch correction using a deep learning-based STAligner (v.1.0.0) method58. These groups of spots were manually annotated into four liver lobular zones (portal, peri-portal, mid and central) using literature marker genes and location information. The clustering of spots was performed by first creating a spatial network using Cal_Spatial_Net function with parameters: model = KNN and k_cutoff = 6. The number of clusters was constrained to four by specifying the num_cluster parameter during the execution of the mclust_R function of STAligner package.

[bookmark: OLE_LINK87]Spatial mapping of cell types in Visium ST using cell2location. Deconvolution of the abundance information of each cell type within each 10x Visium spot was performed with the cell2location (v.0.1.3) method38. Cell2location estimates gene expression signatures of cell types identified from reference scRNA-seq datasets using Negative Binomial regression that accounts for batch effects. The inferred signatures are used to estimate the absolute spatial abundance of corresponding cell types across each Visium ST section separately. ST data were processed to untransformed and unnormalized mRNA counts filtered to genes shared with scRNA-seq data while excluding mitochondrial and ribosomal genes. Hyperparameters in cell mapping step based on the tissue feature and experiment quality are as follows: 1) Expected cell abundance per location = 8. and 2) Regularization of within-experiment variation in RNA detection sensitivity = 20. The model achieved convergence after 30,000 iterations. Loss function (ELBO) scaling by locations x genes was used. Results were visualized following the cell2location tutorial.

Differential abundance analysis. We used miloR21 (v.2.0.0) to test for the differential abundance of cells within defined neighborhoods, between two conditions (that is, MASL/MASH versus controls or MASH versus MASL). We first used the buildGraph function to construct a KNN graph with parameters: k=30, d=30, reduced.dim=X_pca_harmony. Next, we used the makeneighborhoods function to assign cells to neighborhoods based on their connectivity over the KNN graph. For computational efficiency, we subsampled 10% of T/NK cells and monocyte/DC cells and 30% for B lineage cells, respectively. testNhoods function was used to conduct the differential neighborhood abundance testing over samples with scRNA-seq library (that is collected post-first or second step centrifugation) as the covariate. To control for multiple testing, we adapted the spatial FDR implemented in Milo and used 0.05 spatial FDR as a threshold for significance. The spatial FDR and log2 FC of number of cells between two conditions in each neighborhood were used for visualization.

TCR and BCR analysis from VDJ-seq. Droplet-based sequence data for scTCR and scBCR sequences were aligned and quantified using celescope (Singleron Biotechnologies) multi_flv_CR against the GRCh38 human VDJ reference genome. Filtered annotated contigs were analyzed using Scirpy59 (v.0.19.1). For scTCR analysis, we selected T cells that were annotated as following five cell types via scRNA-seq analysis: MAIT, Treg, circulating NKT cell, Tnaive_CD4/CD8 and Teff_CD8. Only T cells with both TCR α-chain (TRA) and TCR β-chain (TRB) were kept for further analysis. Each unique TRA(s)-TRB(s) pair was defined as a clonotype. scBCR analysis was conducted on cells that were annotated as following four cell types via scRNA-seq analysis: Bnaive, Bmemory, Plasma_IgG and Plasma_IgA. Only B cells with both heavy chain (IGH) and light chain (IGL or IGK) remained for the downstream analysis. Each unique IGH(s)-IGL/IGK(s) pair was defined as a clonotype. For TCR data, clonotype clusters were defined based on CDR3 amino acid sequences with receptor_arms = ‘all’, dual_ir = ‘any’ and default cutoff of ten. For BCR data, the cutoff parameter of the clonotype_network function used for calling clonotype clusters was set to five, with other parameters remaining the same as in TCR analysis.

Analysis of GRNs. The SCENIC workflow60,61 (pySCENIC v.0.12.1) was used to predict TFs and their target genes regulated from our scRNA-seq dataset. We set the broad cell type as group identity and downsampled 5% of cells from each identity due to the limitation of computing resources. Gene regulatory interactions for 30,499 genes were calculated based on co-expression across the scRNA-seq datasets with GRNBoost262 (arboreto_with_multiprocessing --method grnboost2). Pruning interactions followed this by incorporating established TF-binding motifs and constructing dataset-specific regulatory regulons63. (pyscenic ctx --mask_dropouts). With Dropout masking set to True, the correlation between a TF and its target genes was calculated using only cells with non-zero expression values during regulon creation. Additionally, as input, we used the curated list of 1,390 human-specific TFs, an annotation file for motif to transcription factor mapping (human, v9, mc9nr) and the ranking database of regulatory features (hg38, mc9nr, +500 base pairs (bp) and −100 bp transcription start site). The activity of regulons was then inferred for each cell using AUCell (pyscenic aucell with default parameters). The regulon specificity score (RSS) is calculated for each cell type separately. Differentially activated TF regulons analysis was conducted using a Wilcoxon Rank Sum test. The final network was constructed with igraph, integrating node and edge attributions according to scRNA-seq data and visualized by ggraph (v.2.1.0).

[bookmark: OLE_LINK53]Identifying differentially flowing signal variables. When inferring intercellular flows from unique ligand-receptor interactions identified by CellChat (v.2.1.2)64 analysis, we employed FlowSig33 (v.0.1.2) to prioritize informative outflowing and inflowing signal variables. Differentially inflowing and outflowing variables were identified using two separate Mann-Whitney U (Wilcoxon rank-sum) tests. Variables were considered significant if they met the criteria of an adjusted P value <0.01 and an absolute log (FC) value >1.0.

Differential expression and gene set enrichment analysis. Differential gene expression was performed using the rank_genes_groups function of Scanpy with parameters: tie_correct = ‘TRUE’ and method = ‘wilcoxon’. To reveal the function of upregulated DEGs or by assigning them to biological terms, we used the function get_ora_df with default parameters of decoupler (v.1.6.0)65.

Cell-cell interaction analysis. The interactions between cell populations identified in our scRNA-seq dataset were identified using CellPhoneDB (v.5.0.0)39. First, we retrieved the interacting pairs of ligands and receptors that met the criteria that all members were expressed in at least 10% of the cells within relevant clusters. To identify the most relevant interactions between cell types, we then randomly permuted the cluster labels of all cells by 1,000 times and determined the mean of the average receptor expression level in a cluster and the average ligand expression level in the interacting cluster, generating a null distribution for each ligand-receptor pair in each pairwise comparison between two cell types. By calculating the proportion of the means, which are equal to or higher than the actual mean, we obtained a P value for the likelihood of cell-type specificity of a given receptor-ligand complex. Only ligand-receptor pairs with P ≤0.01 remained to be visualized by CCplotR (v.0.99.3)66. Communication analysis of ST datasets was performed using COMMOT (v.0.0.3)41 with default parameters.

[bookmark: OLE_LINK117]Disease-associated spatial gene modules analysis. Deconvolution through topic modeling was applied to the 10x Visium gene expression using sctm (v.0.1.3) 36. The human MASH dataset was deconvolved into 20 spatial topics using the STAMP function with parameters: mode = ‘sign’, dropout = 0.1, n_layers = 1, gene_likelihood = ‘nb’ using the 4,000 most variable genes. To quantify the activity of each spatial topic, the top 100 contributing genes for each topic were used for the evaluation of topic-specific scores. The distribution of each topic within the human samples (CTRL, MASL and MASH) was assessed by calculating the frequency of spots in the 99th percentile of topic activity versus the total number of spots across all tissue sections.

MALDI-MSI data analysis. Raw MALDI-MSI data files were processed into a tabular format as .CSV using the pyimzML tool, which were further transformed into individual Anndata objects compatible with the ST analysis pipeline based on Scanpy55. Pixels with less than 700 metabolites or less than 40000 counts were excluded from the downstream analysis, and metabolites expressed in more than 95% of the pixels. Each metabolite feature was normalized on total ion count (TIC) within individual MSI data points. All twenty-seven individual MSI-based AnnData objects were integrated into a combined AnnData containing 841,534 pixels, with the original spatial coordinates of each dataset staggered to differentiate the samples. To reveal disease-associated spatial metabolite expression patterns, we applied the Hotspot (v.1.1.1)44 analysis framework to the merged Anndata object. First, an unweighted k-nearest-neighbor graph was constructed with six nearest neighbors (a hyperparameter) of each MSI data point in the two-dimensional space using the create_knn_graph function. Next, pairwise evaluation was performed between the post-filtered 1,528 metabolites detected by MALDI-MSI to construct a scoring matrix based on co-expression between nearby spots using the compute_local_correlations function. Finally, an agglomerative clustering procedure was applied to group metabolites with similar spatial expression patterns into modules. This begins with every module represented by a single metabolite and proceeds by merging individual modules with the highest pairwise Z-scores. Merging was restricted If the FDR-adjusted P value between two branches exceeds 0.01 or if either branch contains fewer than 20 metabolites.

[bookmark: OLE_LINK95]Spatial alignment of MALDI-MSI to Visium ST data. To spatially align MALDI-MSI to Visium data we used STalign (v.1.0)46. A rasterized density image is created from the positions of the MALDI-MSI data points, served as the source image. Before alignment, MSI data points located outside of the tissue sections were identified based on the marked expression of Hotspot-identified Module 11 and subsequently removed. The source image was first aligned to the corresponding target H&E image of Visium ST based on four manually assigned landmark points through affine transformation. The alignment was further optimized using a Large Deformation Diffeomorphic Metric Mapping (LDDMM) framework67. Once the MSI data was aligned with the RNA data, we selected the nearest Visium spot for the MSI data.

Statistics and reproducibility. No statistical method was used to predetermine sample size. No data were excluded from the analyses. All in vitro experiments were repeated independently at least three times. The investigators were not blinded to allocation during experiments and outcome assessment. Experimental data were analyzed and visualized using GraphPad Prism software (v.10.4.2). All quantitative data are presented as the mean values ± s.d., statistical significance was determined by unpaired two-sided Student’s t-test. 
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