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ABSTRACT
The liver is a highly multifunctional organ that 
can perform many metabolic and immunological 
functions due to a highly complex spatially organised 
microarchitecture that is disturbed in many liver diseases. 
Recent methodological advances in spatial omics 
technologies enable the comprehensive study of the 
intrahepatic proteome, transcriptome and metabolome 
at near single-cell and subcellular resolution. The 
spatial resolution adds an additional dimension to 
our understanding of the liver, with the potential to 
revolutionise our insights into the cellular and molecular 
mechanisms underlying liver physiology and their 
dysregulation in liver disease. The identification of spatial 
niches and interactions is empowered by advanced 
bioinformatics approaches facilitating spatial cellular and 
network-level analysis and providing novel opportunities 
for clinical translation. A recent example in immuno-
oncology is the use of spatial architecture-based immune 
classifications, which can improve patient stratification. 
In this review, we provide an overview of the current 
methodology and novel spatial insights into metabolic, 
infectious, immune-mediated, toxic and malign liver 
diseases and discuss perspectives for clinical translation.

INTRODUCTION
The liver is centrally involved in metabolism, 
detoxification and the immune response, playing a 
crucial role in maintaining systemic homeostasis.1 
Liver functions are partitioned into different zones 
of intrahepatic metabolic activity and immune 
compartmentalisation, thereby highlighting the 
importance of the spatial organisation of the liver 
microarchitecture in liver biology and pathology. 
Within this structured microenvironment, paren-
chymal hepatocytes, cholangiocytes, endothelial 
and tissue resident innate immune cells as well as 
adaptive immune cells form a dynamic network, 
with interactions determined by spatial organisa-
tion and localised signals.2 The interplay among 
these cellular components is fundamental to the 
liver’s ability to adapt to metabolic demands and 
respond to external and internal insults. In clinical 
settings, spatial information is routinely used to 
understand liver pathology using histochemistry 
approaches, such as to determine the intrahepatic 
distribution of immune infiltrates, damage patterns 
or fibrosis, disrupting physiological liver architec-
ture.3 4 Clearly, the understanding of the spatial and 
functional relationships within the liver microen-
vironment is essential for uncovering underlying 
pathophysiological mechanisms, improving diag-
nostic procedures and patient outcomes.

Recent advancements in single-cell and spatial 
technologies have revolutionised our ability to 
investigate tissue biology with remarkable preci-
sion. Single-cell sequencing has yielded invaluable 
insights into cellular heterogeneity and lineage 
dynamics, facilitating the discovery of novel cell 
types and states. However, these approaches inher-
ently lack spatial context, a critical aspect for under-
standing cellular interactions and zonation-specific 
processes in the liver. In the last decade, omics 
methods approaching single-cell spatial revolution 
have evolved. In a seminal study, Halpern et al 
constructed comprehensive genome-wide profiles 
of hepatocytes by integrating single-cell RNA 
sequencing (scRNA-seq) with single-molecule RNA 
fluorescence in situ hybridisation (smRNA-FISH), 
demonstrating that gene expression patterns corre-
spond with zonal functional differences.5 Guilliams 
et al developed a comprehensive spatial proteog-
enomic atlas encompassing all hepatic cell types 
in both murine and human tissues by integrating 
multiple spatial transcriptomic and proteomic 
approaches.2 Notably, spatial transcriptomics was 
recognised as Nature Method of the Year in 2020, 
and spatial proteomics received the same honour in 
2024, collectively underscoring the transformative 
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impact of spatial technologies on our understanding of tissue 
organisation and function.6 7

This review provides an overview of current spatial profiling 
technologies covering a broad range of genomic, epigenomic, 
transcriptomic, proteomic and metabolomic level spatial 
methods. It discusses key insights from recent studies with 
translational impact, as well as the challenges associated with 
these technologies, their applications in liver disease and future 
research directions to advance our understanding of liver biology 
in disease.8–13

SPATIAL OMICS TECHNOLOGIES
Spatial (epi)genomics and transcriptomics
Spatial (epi)genomics and transcriptomics technologies use 
sequencing-based or imaging-based profiling as their primary 
detection strategies. Given their shared underlying principles, 
we address these fields collectively. These methods vary in gene 
coverage (from a few genes to thousands or the entire genome 
or transcriptome), whether they employ targeted or untargeted 
approaches, and spatial resolution (ranging from dozens of cells 
to cellular and subcellular levels).

Imaging-based approaches
Imaging-based approaches use high-resolution microscopy to 
measure the abundance of gene and transcripts by generating 
fluorescent signals generated after in situ hybridisation (ISH) or 
in situ sequencing (ISS) approaches (figure 1A).

In ISH, fluorescently labelled probes are used to target 
DNA or RNA molecules, enabling direct visualisation within 
the native tissue context. Variations in ISH methods primarily 
arise from differences in probe design and signal amplification 
strategies, resulting in diverse approaches to enhance detection 
sensitivity and specificity. ISH methods exhibit a wide range of 
gene coverage. For instance, methods like smFISH and ourob-
oros single-molecule FISH target fewer than 100 genes, while 
approaches such as multiplexed error-robust FISH, sequential 
FISH (seqFISH and seqFISH+, ie, Molecular Cartography) and 
Nanostring CosMX can profile up to 10 000 genes simultane-
ously.14–18 ISS uses padlock probes to bind cDNA or mRNA, 
which are subsequently ligated into circular DNA molecules 
and amplified via rolling-circle amplification (RCA) to produce 
micrometre-sized RCA products (RCPs). These RCPs are also 
used to generate probe-based sequences using methods such 
as sequencing-by-ligation or sequencing-by-hybridisation. ISS 
can be further divided into untargeted and targeted methods. 
Targeted techniques, including 10x Genomics Xenium and 
STARmap, are inherently limited by the probe numbers and 
dependence on prior knowledge for panel design. However, 
newer generations of these methods can now target thousands 
of genes.19 20 Untargeted methods like fluorescent in situ RNA 
sequencing enable transcriptome-wide analysis, but often suffer 
from low efficiency.21

Sequencing-based approaches
Sequencing-based approaches use barcoded oligo (dT) primers 
to capture poly-adenylated RNA molecules from tissue sections, 
followed by reverse transcription to generate cDNA. The 
resulting cDNA is then sequenced to map gene expression 
profiles back to their spatial coordinates. The resolution of these 
approaches depends on the size of each capture spot, ranging 
from 500 µm to subcellular levels (~0.25 µm). In contrast to ISS, 
sequencing-based technologies perform sequencing on tissues’ 
mRNA rather than only the sequences embedded in padlock 

probes. The initial spatial transcriptomics method had a resolu-
tion of 100 µm.22 The commercialised version, Visium, enhanced 
to 55 µm, and further improved to a 2 µm spot size with the 
most recent Visium HD. For capture spots larger than individual 
cells, computational inference is required to deconvolute mixed 
cell types. High-resolution methods, such as Seq-Scope (0.5 µm) 
and Stereo-seq (220 nm), achieve subcellular spatial resolution, 
allowing mapping of gene expression within individual cells.23 24 
However, these methods face additional challenges such as data 
sparsity, cost and difficulties in accurately defining cell bound-
aries (figure 1A).

Sequencing-based spatial transcriptomics approaches have 
been successfully integrated with spatial epigenetic assays, such 
as spatial-ATAC-seq and Spatial-CUT&Tag to simultaneously 
profile gene expression, chromatin accessibility and epigenetic 
marks.25 26 This integration offers deeper insights into epigenetic 
regulation within tissue contexts (figure 1B).

Spatial metabolomics and proteomics
Mass spectrometry (MS) imaging-based technologies are used 
to determine the spatial distribution and relative abundance 
of analytes within tissues (figure 1C). These approaches quan-
tify label-free molecules, such as glycans, lipids, proteins and 
peptides, and are frequently used for metabolomic analysis. 
Different ionisation techniques define various MS imaging 
approaches, such as matrix-assisted laser desorption/ionisation 
(MALDI-MS), secondary ion MS (SIMS-MS) and desorption 
electrospray ionisation (DESI-MS).27–30 A common limitation 
of all these approaches is supracellular resolution and diffi-
culty in identifying specific cell types based on analyte data, 
emphasising the need for strategies to overlay canonical lineage 
markers with metabolic tissue maps. Addressing this challenge, 
a recent study introduces an innovative multimodal approach 
that integrates MALDI-MS and imaging mass cytometry (IMC), 
enabling the identification of metabolic heterogeneity at single-
cell resolution.31

Multiplexed imaging
Targeted multiplexed imaging can be broadly classified into 
three groups based on the type of tags attached to antibodies: 
metal-conjugated, fluorophore-labelled and oligonucleotide-
tagged antibody-based methods. These approaches allow anti-
bodies to target proteins, metabolites and RNA, facilitating the 
integration of multimodal molecular data for a comprehensive 
understanding of complex biological systems (figure 1D).

Metal-based targeted imaging methods
MS-based imaging techniques, such as IMC and multiplexed 
ion beam imaging (MIBI), use metal-tagged antibodies with 
different masses to spatially identify 40–50 targets within tissue 
sections. IMC employs laser ablation to vaporise stained tissue 
at a resolution of 0.5–1 µm, while MIBI uses ion beam-based 
secondary ionisation, further improving sensitivity and resolu-
tion. However, throughput is limited by acquisition time. While 
these methods are particularly suitable for tissues with high auto-
fluorescence like the liver that make fluorescence-based readouts 
more challenging, some signal spillover between metal channels 
needs to be considered during panel design. While initially devel-
oped for the antibody-based detection of proteins and protein 
modifications, IMC and MIBI have evolved to allow the spatial 
analysis of RNA, DNA and metabolites, making them invaluable 
tools for high-resolution multiomic studies32–34 (figure 1D).
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Figure 1  The principles of spatial multiomic technologies. Spatial multiomics approaches are applied to tissue sections for spatial genomics, 
epigenomics, transcriptomics, metabolomics, proteomics and multiplexed imaging. (A) In spatial genomics and transcriptomics, imaging-based 
technologies use high-resolution microscopes to detect fluorescent signals, either via in situ hybridisation with DNA or RNA targeted by designed 
probes (eg, smFISH, osmFISH, merifish, seqFISH), or through in situ sequencing which directly sequences nuclei acids within tissue and then tag them 
with fluorescent signals (eg, Xenium, STARmap and FISSEQ); Sequencing-based technologies capture DNA or RNA from tissue, subsequently sequence 
and map the data to tissue (eg, HDST, XYZeq, Stereo-seq, Visium, Slide-seq). Spatial epigenomics includes spatial ATAC-seq and spatial CUT&Tag-seq. 
(B) In spatial ATAC-seq, a Tn5 transposition complex accesses open chromatin regions, after which the fragmented DNA is spatially barcoded and 
sequenced. In spatial CUT&Tag-seq, antibodies targeting histone modification are applied to the tissue, followed by pA-TN5 transposase-mediated 
tagging of the targeted regions; the resulting DNA is spatially barcoded and sequenced. (C) Spatial metabolomics and proteomics include MALDI-MS, 
SIMS-MS and DESI-MS. These technologies use different ionisation techniques to ionise molecules from tissue sections; the resulting metabolites are 
analysed by mass spectrometry. Only MALDI-MS requires matrix deposition. Multiplexed imaging is categorised into three groups based on the type 
of tags attached to antibodies. (D) Metal conjugated antibodies, used in CyTOF and MIBI-TOF, enable tissue staining followed by laser or beam-based 
ablation, where metal isotopes are detected by mass spectrometry. Fluorophore-tagged antibodies, primarily used in immunofluorescence, involve 
cyclic staining, image acquisition and signal inactivation or removal. Oligonucleotide-tagged antibodies, as in CODEX, allow a one-time antibody 
binding step followed by iterative cycles of fluorescent labelling, imaging and signal removal. CODEX, codetection by indexing; DEI, DNA exchange 
imaging; DESI, desorption electrospray ionisation; FISSEQ, fluorescent in situ RNA sequencing; IMC, imaging mass cytometry; MALDI, matrix-assisted 
laser desorption/ionisation; MIBI, multiplexed ion beam imaging; MICS, MACSima imaging cyclic staining; MS, mass spectrometry; SIMS, secondary ion 
mass spectrometry; osmFISH, ouroboros single-molecule fluorescence in situ hybridisation; seqFISH, sequential FISH; smFISH, single-molecule FISH.
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Fluorophore-labelled antibody-based methods
Multiplexed immunofluorescence uses fluorophore-tagged 
antibodies to image multiple targets, enabling the detection 
of dozens of proteins through a cyclic process involving tissue 
staining, image acquisition and signal inactivation or removal. 
Different methods adopt distinct strategies for signal removal 
between cycles: multiplexed fluorescence microscopy35 and iter-
ative bleaching extends multiplexity36 rely on chemical removal 
techniques, multiepitope ligand cartography37 uses photo-
bleaching, tissue-based cyclic immunofluorescence38 combines 
chemical and physical approaches, and MACSima imaging cyclic 
staining (MICS)39 employs engineered antibodies designed to 
release fluorescent labels after imaging. These varied approaches 
enable flexibility and scalability in multiplexed protein detec-
tion. However, the iterative processes are time-intensive and 
may compromise tissue or epitope integrity over multiple cycles 
(figure 1D).

Oligonucleotide-tagged antibody-based methods
Techniques such as DNA exchange imaging40 and CODEX 
(codetection by indexing)41 use primary antibodies conjugated 
with unique DNA oligonucleotides, allowing a one-time anti-
body binding step followed by shorter iterative cycles of fluo-
rescent labelling, imaging and signal removal. DNA-labelled 
antibodies can also be combined with signal amplification via 
sequential hybridisation, as used in Immuno-SABER,42 or via 
tyramide signal amplification43 (figure 1D). The key resolution, 
cost, throughput, strengths and limitations of each technology 
are summarised in table 1.

SPATIAL DATA ANALYSIS
Data analysis for tissue spatial profiling is potentially complex, 
involving multiple steps tailored to each specific approach. 
Broadly, the process can be divided into two main steps. The 
first is methods-dependent data preprocessing, which includes 
tasks such as image registration and segmentation, sequencing 
quality control, trimming to generate a gene, protein or metab-
olite expression matrix aligned to single cells or capture spots. 
The second is downstream analysis at spatial level, encompassing 
spatial cell type annotation, spatial expression pattern analysis 
of genes, proteins or metabolites, multimodal integration, cell-
to-cell or gene-to-gene interaction analysis and spatial-temporal 
trajectory analysis (figure 2). With ongoing advances in bioin-
formatics, these analyses continue to expand in scope and 
complexity.

Multiple tools are available for each step of the analysis, and 
each method may require adaptations depending on the dataset 
and platform. To streamline these workflows, various pipe-
lines have been developed. For spatial sequencing data, exam-
ples include R-based tools such as Seurat,44 Giotto,45 SPATA46 
and Selma,47 and Python-based tools like Scanpy,48 Squidpy,49 
SPArrOW50 and stLearn.51 For spatial proteomics, the Stein-
bock pipeline is commonly used,52 while for spatial metabolo-
mics, tools like METASPACE53 and others are emerging. These 
methods are reviewed in more detail elsewhere.54–56 Frequently 
used tools and pipelines for liver spatial data analysis are 
summarised in online supplemental table S1.

CHALLENGES IN DATA ANALYSIS
Segmentation
For image-based technologies, segmentation is essential to assign 
transcriptomic or proteomic information to individual cells by 
defining cell boundaries. A variety of semiautomated57–59 and 

fully automated segmentation methods60 61 have been developed; 
however, their accuracy decreases in complex tissues, especially 
in liver tissue where cells vary substantially in important cell 
parameters such as size, morphology and the distance between 
the nucleus and cell boundaries.

Cell inference
Some spatial transcriptomics technologies lack single-cell reso-
lution, with each spatial spot often encompassing multiple cells. 
To achieve cell-specific analysis, spot deconvolution methods 
are employed to identify the constituent cell type within each 
spot.62–66 Nevertheless, the accuracy and reliability of such 
deconvolution analyses depend on the quality of the reference 
single-cell dataset and do not achieve single-cell level precision.

Multimodal integration
Given the liver’s critical role in various physiological processes, 
liver diseases frequently involve complex dysfunctions that 
require a more integrated analysis. Integrating multimodal 
datasets for a comprehensive understanding of liver patholo-
gies remains a significant challenge. This difficulty arises from 
differences in resolution, spatial coverage, throughput and data 
formats across platforms as well as bioinformatics approaches. 
Ideally, multiple omics data are generated from the same exact 
tissue specimen. Recently, a spatial multimodal analysis protocol 
has been established, combining spatial transcriptomics with MS 
imaging (MSI) on a single Visium tissue slice, maintaining the 
sensitivity and specificity of both methods.67 Applying multiple 
analytical technologies to the same tissue section presents tech-
nical challenges, as each method often requires specific slide 
types or processing conditions, which can compromise tissue 
integrity during subsequent procedures. Alternatively, multi-
modal integration is often attempted and can be achieved using 
adjacent sections analysed with different omics technologies;68 
however, this approach has limitations since the spatial offset 
may significantly thwart the attempted coregistration. Thus, 
a major approach is bioinformatic integration on a meta-level 
that is also suitable for datasets derived from different samples. 
A common example is spot deconvolution in spatial transcrip-
tomics, where lower-resolution spatial data are integrated with 
single-cell reference datasets from well-matched samples to infer 
cell-type composition.

SPATIAL INSIGHTS INTO LIVER DISEASE
Cancer
Liver cancer due to primary hepatocellular carcinoma (HCC) 
or intrahepatic biliary tract cancer/cholangiocarcinoma (iCCA) 
or metastatic cancers remains a major global health challenge, 
with HCC ranking as one of the most prevalent causes of cancer-
related mortality worldwide69 (figure  3A). Molecular analysis 
has revealed multiple subtypes of these cancer entities. Spatial 
information is further enhancing our ability to understand the 
intra and interpatient heterogeneity of liver cancers. Immuno-
therapy with immune checkpoint inhibitors (ICI) has become 
the main systemic treatment option for primary liver cancer.70–75 
Patient responses to these therapies vary largely, with objective 
responses between 20% and 35% and some patients achieving 
complete remission. While previous single-cell methods using 
single-cell RNAseq or cytomics already indicated a role for the 
immunological landscape in patient outcomes to HCC,76–83 high-
lighting important roles for distinct innate and adaptive immune 
populations, context was missing. Spatial methods now enable a 
more precise understanding of the relationship between cellular 
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interactions, the immune architecture and outcome in these 
liver cancers. As discussed below, spatial immune architecture-
based tumour classifications may allow the prediction of patient 
outcome to immunotherapy with implications for patient strati-
fication and personalised treatment decisions.

TUMOUR IMMUNE MICROENVIRONMENT
The tumour microenvironment harbours variable amounts of 
different immune cell populations of the innate and adaptive 
immune system such as granulocytes, monocytes, macrophages, 
natural killer cells (NKs), dendritic cells (DCs), B cells and T cells. 
Spatial profiling methods underscore the relevance of the tumour 
immune infiltrate for patient prognosis. Comprehensive spatial 
profiling of immune cell subsets in HCC tumours revealed signif-
icant heterogeneity of immune subset infiltration across patients, 
with CD8+ T cells as an important surrogate for immune infil-
tration84 (figure 3B). Tumours with significant immune infiltra-
tion further varied by degree of interacting immunoregulatory 
immune cell populations and compartmentalisation of immune 

cells to the tumour stroma, informing about three major immune 
architectures that can be classified as—immune depleted (low 
immune infiltration), compartmentalised (preferential retention 
of immune cells in the tumour stroma with a prominent role 
for myeloid cell-T cell interactions) and enriched (highest accu-
mulation of CD8+ T cells in tumour parenchyma). This spatial 
immune architecture-based classification of HCCs was validated 
in a cohort of patients treated with ICIs, highlighting the longest 
survival for patients with an enriched spatial immune class.84 In 
the enriched immunotype, there is a pronounced accumulation 
of CD8+ T cells that express high levels of immune checkpoints, 
suggesting a correlation of the enhanced responsiveness to PD-1-
targeted ICI therapies.84 Different immunotherapy strategies 
may be required for patients with other immunotypes. In non-
responders to combined ICI using anti-CTLA4 and anti-PD-L1, 
the tumour centre displayed enhanced interactions of Tregs 
and CD8+ T cells, suggesting that the spatial organisation of 
these immune cells can serve as a negative prognostic marker.85 
Recently, a NK cell-associated spatial immune score system was 

Figure 2  Overview of spatial data analysis. The spatial profiling analysis workflow typically begins with method-dependent preprocessing including 
batch correction, quality control, normalisation and related steps. Next, the data are segmented into individual cells to enable single-cell analysis. Cell 
type identification is performed at the cellular level, followed by spatial analysis that characterises cell neighbourhoods and interactions. Multimodal 
datasets can be integrated via image coordinate registration or anchor feature-based mapping to yield deeper dimensional information. Finally, 
identified spatial features are correlated with clinical parameters for prognostic or therapeutic insights.
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developed to predict recurrence risk in HCC, based on the 
spatial expression pattern of SPON2, ZFP36L2, ZFP36, VIM 
and HLA-DRB1.86 NK cell enrichment at the invasive zone was 
found to be correlated with lower recurrence risk, possibly due 
to their interaction with CD8+ T cells which contributes to anti-
tumour immunity.86 Further prospective studies are required to 
evaluate the utility of spatial classification approach as a predic-
tive biomarker for therapy. Of note, these data further refine 
the concept of ‘hot’ (ie, immune-infiltrated) tumours as suitable 
targets for checkpoint therapies which is shared across many 
cancer entities. Spatial single-cell interactions can help further 
resolve the immune mechanisms in enriched tumours. Magen 
et al demonstrated the presence of intratumoural pathogenic 

triads consisting of DC–CD4+ T helper cell–CD8+ T cell niches 
that were associated with checkpoint therapy response within 
enriched tumours, highlighting further spatial immune correla-
tives of response.87 Moreover, several studies inform about the 
relevance of immune aggregates and tertiary lymphoid struc-
tures (TLSs) that are identifiable by spatial analysis. Multiplexed 
imaging and spatial transcriptomics performed in HCC patients 
undergoing combination treatment with cabozantinib and 
nivolumab revealed that clinical responses were associated with 
increased immune cell infiltration, and particularly an enrich-
ment of various lymphoid aggregate structures within the TME, 
features that are not identifiable by suspension-based single-cell 
methods.88 89

CD8+ T cells based spatial immune classification
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Figure 3  Spatial insights into tumour immune microenvironment. (A) Spatial technologies enable the profiling of the tumour immune 
microenvironment. (B) Tumour immune architecture is classified based on CD8+T cell infiltration and their interactions with immunoregulatory 
immune cells, which correlate with ICI treatment response.84 Tertiary lymphoid structures exhibit dynamic changes within the microenvironment and 
are practically identified as CD20+CXCL13+ lymphoid aggregates in clinical practice.92 (C) At the tumour interface region, an immune suppressive 
invasive zone was identified where macrophages are polarised into M2 phenotype, inhibiting MAIT function via PD1/PD-L1.93 94 Tumour entity is 
encapsulated by a fibrotic barrier formed through interactions between macrophages and fibroblasts, which can inhibit immune cell infiltration.96 
(D) The characterised spatial immune architecture enables patient stratification and prognostic prediction. ICI, immune checkpoint inhibitor; MAITs, 
mucosal-associated invariant T; TLS, tertiary lymphoid structure.
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TLSs—defined based on aggregates of T cells and B cells—have 
emerged as critical predictors of immunotherapy efficacy across 
multiple cancers, as revealed by multiomics spatial profiling 
studies.90 91 In HCC, Shu et al recently demonstrated that TLSs 
can serve as both prognostic biomarkers and predictors of immu-
notherapy response.92 Interestingly, multiplexed spatial profiling 
combined with examination of T cell and B cell repertoires 
reveals that TLSs are dynamic structures that display distinct 
morphologies and functional associations with T cells. Given the 
challenges of routinely detecting TLSs in fine needle aspirates, 
Shu et al further identified CD20+CXCL13+ lymphoid aggre-
gates as surrogate markers for TLSs, thereby offering a practical 
approach to predict immunotherapy outcomes92 (figure  3B). 
The precise function and organisation of TLS remain to be fully 
characterised. Future studies incorporating spatial immune struc-
tures into prospective clinical trials will be essential for refining 
predictive biomarkers and identifying novel immunotherapeutic 
targets in HCC.

TUMOUR INTERFACE REGION
The tumour margin is considered a critical interface for tumour–
immune crosstalk, serving not only as a physical boundary but 
also as a dynamic hub of cellular interactions that regulate 
immune evasion, stromal remodelling and tumour progression. 
Spatial technologies have been instrumental in decoding the 
cancer ecosystem at this important region. For example, Wu 
et al using Stereo-seq defined a 500 μm wide invasive zone in 
HCC, revealing mechanisms by which tumour cells sustain local 
immunosuppression.93 They showed that tumour cell-derived 
CXCL6 induces hepatocyte overexpression of serum amyloid A 
proteins, which in turn recruit and polarise M2 macrophages, 
amplifying immune suppression93 (figure 3C). Hepatocytes are 
frequently underrepresented in scRNA-seq studies; in contrast, 
spatial technologies preserve tissue context, thereby enabling 
comprehensive analysis of these key parenchymal cells. Spatial 
proteomic and imaging technologies have elucidated func-
tional cellular interactions within the margin area. Tumour-
associated macrophages (TAMs) were found to engage with 
mucosal-associated invariant T (MAIT) cells, impairing their 
cytotoxic function and blocking their intratumoural migra-
tion.94 Disrupting MAIT-TAM interactions restores antitu-
mour activity, highlighting this axis as a potential therapeutic 
target94 (figure 3C). These findings illustrate how the invasive 
margin orchestrates immunosuppressive networks, but another 
key histopathological feature further adds to the complexity: 
tumour encapsulation, which is observed in up to three out of 
four HCC patients.95 Recent spatial transcriptomic analysis in 
anti-PD-1-treated HCC patients identified a fibrotic tumour 
immune barrier enriched with SPP1+ macrophages and cancer-
associated fibroblasts (CAFs).96 SPP1+ macrophages activate 
CAFs, driving extracellular matrix (ECM) deposition that phys-
ically restricts T cell infiltration and diminishes immunotherapy 
efficacy96 (figure 3C). Preclinical models further confirm that 
inhibiting SPP1 or specifically deleting Spp1 in macrophages 
increases the density of tumour-infiltrating lymphocytes and 
enhances the effectiveness of anti-PD-1 therapy.96 These find-
ings underscore the potential of spatially defined targets in 
the margin region to restore immune activity and improve 
therapeutic outcomes. Nevertheless, the heterogeneity of the 
microenvironment in the HCC margin region requires further 
investigation.

CIRRHOSIS AND FIBROSIS
Hepatic fibrosis and cirrhosis are the common end-stage 
outcomes of chronic liver inflammation driven by viral infec-
tions, toxic insults, metabolic dysfunction or autoimmune 
processes. Persistent inflammatory stimuli active across multiple 
signalling pathways lead to the excessive deposition of ECM, 
finally resulting in architecture disruption, organ dysfunction 
and eventual organ failure.97 Clinically, eliminating the under-
lying inflammation is the major strategy while the development 
of novel antifibrotic therapies remains a challenge. Spatial tech-
nologies allow for the dissection of the heterogeneous cellular 
and molecular microenvironment niches that drive fibrogenesis.

HEPATIC STELLATE CELL IN FIBROGENESIS
Hepatic stellate cells (HSCs) have been traditionally perceived 
as primary drivers of hepatic fibrosis but are now increasingly 
recognised for their roles as active regulators of liver homeo-
stasis, regeneration and cancer progression. Recent work 
demonstrates that HSCs maintain hepatocyte zonation and 
metabolic function through RSPO3-mediated WNT signalling 
modulation, and their loss exacerbates steatotic liver disease. 
They also exhibit distinct influences on tumour development, 
with cytokine-producing HSCs protecting against hepatocyte 
death and HCC development, whereas myofibroblastic HSCs 
enhance tumour growth by promoting collagen deposition and 
matrix stiffness.98–100 The activation of HSCs and subsequent 
differentiation into myofibroblasts that drive the pathological 
deposition of ECM is a key process in liver fibrosis.101 HSC 
activation is induced by a complex interplay of intracellular 
and extracellular signals.102 Once activated, HSCs maintain 
their fibrogenic function through autocrine signalling, a process 
supported by increased direct cell-cell contacts, which repre-
sent potential therapeutic targets.103 However, clinical trials 
targeting HSC activation pathways have been hampered by 
systemic toxicity, underscoring the need for spatially precise 
strategies that target fibrogenic niches rather than the entire 
liver.104 105 Since fibrosis is a locally regulated process, spatial 
high-resolution methods have advantages to study the relevant 
microenvironments.

Integrating spatial transcriptomics with scRNA-seq, Li et 
al and Chung et al localised and characterised cell types and 
gene expression patterns in fibrotic regions.106 107 These studies 
demonstrated that fibrogenesis is not uniform but is spatially 
compartmentalised, with parenchyma and fibrosis regions 
exhibiting distinct transcriptional programmes and cellular 
compositions.107 Moreover, fibrotic regions exhibit localised 
immune cell enrichment, particularly monocytes, B cells and T 
cells, suggesting that immune-mediated HSC activation occurs 
in spatially defined microenvironments. Further detailed 
spatial analyses are required to precisely determine the patho-
genic or protective roles of these immune cell populations106 
(figure 4B).

Beyond cellular interactions, spatial technologies have also 
enabled the discovery of metabolic heterogeneity within HSC 
populations. Activated HSCs exhibit zone-specific metabolic 
shifts, with pericentral HSCs displaying increased glycolysis, 
which promotes the release of fibrogenic extracellular vesi-
cles (EVs) and upregulates EV-related gene expression through 
epigenetic mechanisms108 (figure  4B). These metabolic alter-
ations were uncovered using spatial transcriptomics, which 
mapped glycolysis-related gene expression to specific fibrotic 
regions. Such insights emphasise the necessity of targeted antifi-
brotic therapies rather than systemic interventions.
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MACROPHAGES IN FIBROGENESIS
Hepatic macrophages, comprising tissue-resident Kupffer cells 
(KCs) and monocyte-derived macrophages (MoMFs), exhibit 
spatial and functional heterogeneity, adapting dynamically to 
distinct liver microenvironments.2 109 These spatially restricted 
macrophage populations play critical roles in regulating inflam-
mation, responding to tissue injury and driving fibrogenesis, but 
also contribute to fibrosis resolution.110–112 During liver fibrosis, 
KCs lose their identity and function, with MoMFs compen-
sating for this loss. Using high-resolution intravital microscopy 
(IVM), Peiseler et al demonstrated that fibrogenesis involves 
progressive liver vasculature remodelling and KC maladapta-
tion, which is compensated by bone marrow-derived mono-
cytes forming KC-like syncytia to capture bacteria.113 MoMFs 
differentiate into specialised subsets, such as ‘lipid-associated 
macrophages’ (LAMs) or ‘scar-associated macrophages’, which 
are defined by the expression of TREM2, CD9 and osteopontin, 
and localise within fibrotic niches.114–117 Spatial transcriptomics 
further identified TREM2+ macrophages accumulating specif-
ically at sites of collagen deposition, inflammation and ECM 
remodelling, confirming that these cells form structured fibrotic 
niches. Additionally, systemic soluble TREM2 levels correlate 

with metabolic dysfunction-associated steatohepatitis (MASH) 
severity, suggesting that spatially mapped TREM2+ macrophages 
serve as important regulators of both metabolic dysfunction and 
fibrosis progression.118 Across different aetiologies, spatial tech-
nologies have revealed that fibrosis progression is characterised 
by the organised accumulation of IBA1+ MoMFs near CK19+ 
ductular cells, a pattern that single-cell approaches alone would 
not be able to detect.119 This spatial proximity suggests crosstalk 
between MoMFs and ductular cells, reinforcing a key immune-
fibrotic axis. These findings revealed the necessity of spatial 
technologies in uncovering dynamic immune-stromal interac-
tions in fibrosis, providing new opportunities for antifibrotic 
therapies (figure 4C).

IMMUNITY AND INFECTION
Positioned at the crossroads of the gut and systemic circula-
tion, the liver is continuously exposed to microorganisms and 
endotoxins under normal physiological conditions. To prevent 
excessive inflammation while maintaining immunosurveillance, 
the liver adopts a unique tolerogenic microenvironment. This 
balance is essential for sustaining liver function and maintaining 

Spatial insights into fibrosis
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systemic homeostasis.120 Most studies on infection-induced 
liver pathology have predominantly relied on peripheral blood 
analyses, which provide only limited insight into intrahepatic 
immune responses and fail to capture the spatial organisation 
of host–pathogen interactions within liver tissue. This highlights 
the need for spatial multiomic analyses, to precisely map immune 
cell localisation, pathogen distribution and cellular interactions 
within native hepatic microenvironment.

HEPATITIS B VIRUS INFECTION
Hepatitis B virus (HBV) infection remains the most prevalent, 
affecting over 250 million individuals globally. As a non-cytopathic 
virus, HBV-induced liver injury is primarily immune-mediated, 
yet the spatial organisation of host–virus interactions within 
the hepatic microenvironment remains poorly characterised.121 
Emerging spatial multiomic, approaches are now dissecting this 
complexity. IMC analysis with 30-plex panels has mapped the 
immune landscape in chronic HBV, revealing that immune-active 
patients exhibit significant enrichment of activated CD8+ T cells 
and macrophages in lobular regions, correlating with elevated 
alanine-aminotransferase (ALT) levels122 (figure 5A). However, 
the precise spatial interactions between infiltrating immune cells 
and HBV-infected hepatocytes remain unresolved.

Multiplex immunofluorescence has uncovered HBV antigen 
zonation patterns: HBV core+ hepatocytes frequently appear 
as isolated cells, while HBsAg+ hepatocytes cluster into dense 
aggregates.123 124 Visium spatial transcriptomics further refined 
these findings, revealing that HBV genome integration contrib-
utes to HBsAg expression in clustered hepatocytes, while cova-
lently closed circular DNA (cccDNA) remains the dominant 
source of viral protein production, particularly core protein.125 
However, the 55 µm spot resolution of Visium technology 
captures multiple cells per spot, preventing single-cell resolution 
and precise assignment of viral integration or immune interac-
tions to specific cell types. Future integration of single-cell spatial 
multiomics will be essential to precisely define immune-viral 
microenvironment niches and uncover mechanisms of immune 
evasion and immunopathology.

COVID-19
COVID-19 infection has been associated with hepatic injury, 
with spatial and single-cell transcriptomics offering critical 
insights into disease-specific liver pathology.126 127 While vacci-
nation remains key to control the COVID-19 pandemic, cases 
of postvaccination liver inflammation have been reported.128–130 
IMC was applied to investigate immune-mediated liver injury 

Figure 5  Spatial insights into infection, metabolic diseases and liver regeneration. (A) In HBV infection, virus–immune interactions correlate with 
liver injury.122 (B) In COVID-19, vaccination-induced hepatitis is primarily enriched with CD8+ T cells.131 (C) In postacute sequelae of COVID-19, a 
pathogenic cellular triad is identified, comprising interactions among CD8+ T cells, M2 myeloids and CX3CR1+ LSECs.133 (D) In metabolism-related 
disease, techniques such as MALDI-MS and DESI-MS identify the redistribution of metabolites during disease progression.141 142 (E) In steatosis, 
LAMs are redistributed to the steatotic region, where they interact with the fibroblast and promote the disease progress.2 (F) During liver toxicity 
and regeneration, hepatocytes and BECs in different zones exhibit different transdifferentiation mechanisms.146 147 (G) Regenerative proliferating 
hepatocytes show regional heterogeneity, with SOX9+ and IGFBP2+ proliferating cells predominantly found in zones 1 and 2, respectively, (H) ANX2+ 
cells in zone three migrate to the injured interface prior to proliferation.148–150 BECs, bile epithelial cells; DESI, desorption electrospray ionisation; HBV, 
hepatitis B virus; LAMs, lipid-associated macrophages; LSECs, liver sinusoidal endothelial cells; MALDI, matrix-assisted laser desorption/ionisation; MS, 
mass spectrometry.
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following COVID-19 vaccination, identifying a CD8+ T cell-
dominated infiltration, which was distinct from the CD4+ T 
cell and B cell aggregates characteristic of autoimmune hepatitis 
(AIH).131 (Figure 5B) Uzun et al further validated these findings 
through the integration of spatial transcriptomics and CODEX 
multiplexed imaging, revealing upregulated oxidative phos-
phorylation in hepatocytes in COVID-19 vaccine-induced liver 
injury, connecting CD8+ T cell infiltration to hepatocyte meta-
bolic stress, while AIH exhibited increased interferon-driven 
inflammatory response.132

In a recent study, acute hepatitis of unknown origin in chil-
dren following COVID-19 infection was investigated.133 Using 
IMC, a distinct immune infiltration pattern and persistence of 
SARS-CoV-2 viral proteins were identified in the liver, indicating 
the hepatitis as a postacute sequel of COVID-19 (PASC). Spatial 
profiling identified a pathogenic triad comprising CX3CR1+ 
CD8+ T cells, M2-like myeloid cells, neutrophils and CX3CR1+ 
liver sinusoidal endothelial cells (LSECs) localised within injured 
regions. These cells formed specific cellular neighbourhoods 
associated with severity of hepatitis (figure  5C). These find-
ings highlight the distinct immune mechanisms underlying liver 
inflammation in different contexts and emphasise the need for 
advanced tools to dissect and monitor infection-related liver 
damage.

METABOLISM
The liver’s metabolic functions are spatially compartmentalised 
across its lobules, with distinct zones specialising in specific meta-
bolic processes. The periportal (zone 1) region prioritises oxida-
tive metabolism, including gluconeogenesis and β-oxidation, 
while the centrilobular (zone 3) region specialises in lipogenesis, 
detoxification and glycolysis. Halpern et al combined smFISH 
and scRNA-seq to map zonate gene expression, revealing that 
~50% of hepatic genes exhibit spatial compartmentalisation 
correlated to metabolic roles.5 However, these studies focused 
on transcriptional zonation, leaving organelle-level heteroge-
neity underexplored. Kang et al advanced this field integrating 
spatial proteomics, IVM and functional assays, demonstrating 
that mitochondrial heterogeneity—varying in size, membrane 
potential and enzymatic activity—is aligned with metabolic zona-
tion.134 This spatial organisation ensures metabolic efficiency 
but becomes disrupted in diseases like metabolic dysfunction-
associated steatotic liver disease (MASLD) and MASH. While 
scRNA-seq and snRNA-seq have identified dysregulated path-
ways including lipid metabolism and immune activation, they 
lack spatial context to resolve zonate injury patterns.135–138

PERTURBATION OF ZONATE METABOLISM
Spatial metabolomics technologies, such as MALDI-IMS and 
DESI-MSI, have emerged as important tools for resolving 
localised metabolic perturbations in disease pathogenesis. 
MALDI-IMS has revealed correlations between fucosylated 
N-glycan structures and fibrosis severity during NAFLD/NASH 
development, highlighting N-glycan alterations in fibrotic 
liver tissues.139 MALDI-IMS typically requires matrix applica-
tion, which introduces analytical constraints for small metabo-
lites; however, DESI-MSI operates under ambient conditions, 
offering unique advantages for lipidomic profiling. DESI-MSI 
has mapped lipid zonation within hepatic lobules, showing fatty 
acids predominate periportally and triacylglycerols (TAGs) peri-
centrally, reflecting their metabolic roles.140 During MASLD 
progression, this zonation becomes disrupted, with lipid accu-
mulation, including diacylglycerol (DAG) and TAG, shifting 

from pericentral to periportal zones as the disease advances 
to MASH141 142 (figure  5D). The perturbation of liver zona-
tion has been further validated through integration of spatial 
transcriptomics, bulk RNA sequencing and ISH, implicating 
the Wnt signalling pathway as a key regulator of liver metab-
olism.143 While MALDI-IMS and DESI-MSI provide comple-
mentary insights into metabolic dynamics, their integration with 
emerging spatial single-cell methodologies will be critical for 
dissecting cell type specific metabolic dysregulation.

METABOLISM AND IMMUNE INTERACTIONS
During the progression of MASLD/MASH, hepatic macrophages 
undergo spatial and functional changes, dynamically adapting 
their localisation and phenotypic states in response to evolving 
metabolic and inflammatory cues. Guilliams et al employed 
spatial proteogenomics to construct a spatial atlas of all hepatic 
cells, identifying a disease-driven redistribution of LAMs from 
bile ducts to pericentral steatotic regions as MASLD progresses. 
This shift was revealed to be driven not by direct cell–cell 
interactions but by local metabolite exposure. By preserving 
tissue architecture, spatial technologies allowed researchers to 
pinpoint the exact hepatic microenvironments where LAMs 
undergo metabolic reprogramming, reinforcing their role in 
disease progression2 (Figure  5E). Similarly, Guillot et al used 
spatial transcriptomics and imaging to map the accumulation of 
IBA1+ MoMFs in periportal regions and areas of ductular reac-
tion, demonstrating that their presence strongly correlates with 
disease severity across MASLD and MASH.119 These macro-
phages exhibited distinct phenotypic markers, particularly when 
adjacent to CK19+ ductular cells, suggesting functional inter-
actions that contribute to disease progression. While further 
functional analysis is required in their native tissue environ-
ment, spatial technologies are essential for dissecting immune-
metabolic crosstalk and its contribution to disease pathogenesis.

TOXICITY AND REGENERATION
The liver employs unique regenerative mechanisms to main-
tain the liver-to-bodyweight ratio essential for homeostasis.144 
This regenerative capacity is primarily driven by hepatocyte 
proliferation and transdifferentiation between bile duct epithe-
lial cells (BEC) and hepatocytes.145 However, regeneration 
is not uniform across the liver, and recent single-cell analyses 
have uncovered functional heterogeneity among proliferative 
hepatocytes. Multimodal spatial approaches now provide crit-
ical spatial and temporal insights into the complex dynamics of 
liver regeneration.

TRANSDIFFERENTIATION
The process of transdifferentiation in the liver follows distinct 
zonal patterns that are spatially regulated, underscoring the 
necessity of spatial technologies to dissect these regenerative 
mechanisms. Transdifferentiation into BECs occurs predom-
inantly in periportal hepatocytes and is driven by NOTCH 
signalling.146 However, zone 3 hepatocytes rarely undergo 
transdifferentiation into BECs, even in the presence of 
NOTCH activation, suggesting a spatially restricted regulatory 
barrier that prevents hepatocyte plasticity in this region.146 
When hepatocyte-mediated regeneration is impaired, BEC-to-
hepatocyte transdifferentiation occurs, which is regulated by 
WNT/β-catenin signalling147 (figure  5F). Traditional bulk and 
single-cell sequencing approaches fail to capture these region-
specific transdifferentiation dynamics, as they lack spatial resolu-
tion. Spatial transcriptomics and multiplex imaging technologies 
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have been instrumental in mapping the precise localisation of 
transdifferentiating cells, revealing how zonal signalling dictates 
cell fate decisions in liver regeneration.

REGENERATIVE PROLIFERATION
Hepatocyte proliferation within the liver lobule is highly hetero-
geneous, regulated by distinct subpopulations that are spatially 
confined. In zone 1, SOX9+ hepatocytes expand throughout the 
lobule to facilitate liver repair following injury, without giving 
rise to tumours.148 In zone 2, IGFBP2+ hepatocytes exhibit 
enhanced proliferative capacity, acting as a source for replen-
ishing both periportal (zone 1) and pericentral (zone 3) hepato-
cytes after regenerative stimuli such as partial hepatectomy or 
pregnancy149 (figure 5G). Recent research has uncovered a previ-
ously unrecognised regenerative mechanism, in which hepato-
cyte migration precedes proliferation. This discovery, enabled 
by the integration of snRNA-seq, spatial transcriptomics, IVM, 
and smFISH, identified a distinct ANXA2+ subpopulation of 
migratory hepatocytes that actively relocate to injury sites before 
initiating proliferation.150 Thus, the application of spatial tran-
scriptomics and live imaging has fundamentally enhanced our 
understanding of the cellular mechanisms of liver regeneration 
(figure 5H).

CHOLANGIOPATHY
Cholangiocytes represent special epithelial cells that are central 
to physiologic regulation of biliary function but are also involved 
in liver regeneration and inflammation. Cholangiopathies result 
from immune-mediated, genetic or acquired insults and progres-
sive biliary disease leads to end-stage liver disease, including 
advanced fibrosis and biliary or HCC. Spatial-omics technolo-
gies have greatly advanced the study of biliary diseases.151 152

Primary sclerosing cholangitis (PSC) is an immune-mediated 
cholestatic liver disease characterised by bile retention, progres-
sive destruction of biliary tree and fibrosis. In a recent multimodal 
study, Andrews et al constructed a spatially resolved transcrip-
tomic map of PSC using Visium, with spot deconvolution guided 
by integrated sc-RNA sequencing data.153 They observed that 
during cholangitis development, hepatocytes within fibrotic 
regions expressing cholangiocyte-associated markers suggested 
redifferentiation. Immune cell infiltration was observed in PSC 
scar lesions, and PSC-associated macrophages demonstrated an 
immune regulatory-like phenotype. In immune-mediated biliary 
atresia (BA), Xiao et al applied Stereo-seq, generating a compre-
hensive spatial cell atlas, defining 45 distinct subtypes that 
were organised into 22 discrete tissue niches. Cell communica-
tion analysis revealed a pathogenic cascade in which TREM2+ 
MoMFs secrete TNFSF12, engage TNFRSF12A on cholangio-
cytes, trigger CCL2 production, and thereby recruit additional 
CCR2+ monocytes. Disrupting this TNFSF12–TNFRSF12A–
CCL2/CCR2 axis dampens inflammatory infiltration and could 
represent a therapeutic target for BA.154

In biliary injury, Liu et al showed that reactive cholangiocytes 
secrete high levels of ORM2, which localises with neighbouring 
IBA1+macrophages. ORM2 engages ITPR2 on macrophages, 
reprogramming them toward a proinflammatory phenotype, 
which in turn activates HSCs and amplifies fibrogenesis.155 Wu 
et al integrated scRNA-seq and stereo-seq, building a spatial 
and temporal liver atlas with nine zonation layers revealing 
the injured cholangiocytes as a signalling hub that recruits 
LAM, drives liver progenitor-like cells into cholangiocytes and 
modulates hepatocyte regeneration.156 Together, these studies 

emphasise the central role of reactive cholangiocytes in medi-
ating the pathogenesis and progression.

PERSPECTIVE
Spatial profiling provides insights into a novel dimension of 
disease mechanisms that can on the one hand enhance drug 
development, evaluation of drug efficacy. On the other hand, 
spatial methods have strong potential for the development of 
spatial biomarkers and spatial features-based stratification of 
liver disease that may rapidly enhance diagnosis, stratification 
and treatment of liver disease.

DRUG DEVELOPMENT: SPATIAL DIMENSION
Significant heterogeneity of liver disease due to spatial features 
enables the discovery of spatially defined treatment targets. 
For example, in HCC patients with tumours surrounded by 
fibrotic capsules, poor survival may be due to impaired immune 
cell infiltration and limited drug penetration.96 157 Stratifying 
patients based on their pattern of immune infiltration allows 
an improved design of therapeutic trials for drug combinations 
targeting stromal components and enhancing immune infiltra-
tion drug delivery.158

Novel preclinical models including spheroid or organoid 
cultures and 3D bioprinting are promising approaches for 
studying the microenvironment at spatial level, providing a valu-
able platform for personalised drug screening.159 In a proof-of-
principle study, Meier et al generated organoids from a patient 
resection with HCC neuroendocrine differentiation and used 
them for drug response testing. However, organoid screening 
approaches did not directly translate into clinical efficacy, high-
lighting current limitations of organoid drug screening.160 One 
possible reason for this discrepancy is that while first genera-
tion organoids have a good representation of tumour cells and 
even tumour heterogeneity, they lack other components of the 
microenvironment including stroma and low representation of 
immune cells, which are likely to significantly influence drug 
efficacy in vivo. Liu et al established a cocultures models of HCC 
derived organoids with cancer-associated fibroblasts (CAFs) and 
revealed the role of CAFs in mediating treatment resistance.161 
Further development of organoid systems to recapitulate the 
spatial organisation of the TME holds promise for improving 
spatial drug screening and enabling more personalised treatment 
strategies.

TIME-LAPSE IMAGING
The spatial technologies reviewed above are typically used for 
the profiling at defined timepoints. Methods that allow longi-
tudinal and dynamic mapping would allow another dimension 
of analysis and understanding. IVM is a method that has shown 
promise in animal models where it can be used for real-time, in 
vivo imaging. Recently, Peiseler et al used IVM in a model of 
hepatic fibrosis to identify that bone marrow-derived monocytes 
can compensate for the loss of KC antibacterial function due 
to hepatic remodelling by forming KC-like syncytia.113 Further 
examples of insights from this approach in liver research are 
summarised in a recent review.162 However, the translation of 
IVM approaches into human research is challenging due to the 
need for the introduction of fluorescent markers. Methods that 
allow spatial fine-mapping using non-invasive high-resolution 
imaging technologies (eg, CT, MRI) are evolving towards higher 
resolution and may become future options for a precise mapping 
of multiomic spatial data in human settings.
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IDENTIFICATION OF SPATIAL BIOMARKERS
Spatial multiomic studies have enabled the identification of 
spatial immune architectures that correlate with patient prog-
nosis and treatment response, such as TLS, CD8+ T cell distri-
bution and tumour capsules, as discussed above. However, 
identifying spatial biomarkers can be challenging due to issues 
like incomplete sample capture or the time required for the 
development of spatial biomarkers. In addition to the observed 
spatial biomarkers, another promising approach explores the 
spatial microenvironment changes by inferring from both spatial 
and temporal dimensions. This approach offers insight into the 
ongoing evolution of tumours, overcoming the limitation of 
tissue sections being a fixed representation of a single moment. 
Kueckelhaus et al introduced Spatial Gradient Screening to 
capture spatial expression dynamics.46 By incorporating spatio-
temporal dynamics, it appears possible to identify more mean-
ingful and less complex spatial biomarkers at earlier stages.

Vasomics is emerging as another promising field for identi-
fying new spatial biomarkers, as advanced imaging technologies 
reveal the role pathological vascular features play in disease.163 
In HCC, the presence of sinusoid-like microvessels is associ-
ated with a higher risk of recurrence and poor prognosis, as this 
microvascular invasion affects tumour perfusion. Further studies 
are needed to explore the relationship between vascular features 
and the efficacy of anti-angiogenic therapies.

PERSONALISED SPATIAL INFORMATION-BASED TREATMENT
Spatial multiomic approaches with cellular resolution allow the 
determination of therapy targets within the microenvironment. 
In liver cancers, immune classifications based on spatial tumour-
immune architecture show promise for patient stratification.84 
This information may help to tailor therapy regimen to patients 
based on spatial features. A more detailed understanding of the 
immune interactions and mechanisms controlling the different 
immune classes will help develop combination therapies to 
render patients with a depleted or compartmentalised immune 
class more responsive to checkpoint therapies. Moreover, 
while the determination of tumour genetic alterations by NGS 
sequencing has a role in current personalised decision-making in 
iCCA (less so in HCC), further assessment of cell-type-specific 
spatial biomarkers informing about pathways that can be phar-
maceutically targeted is expected to provide further detail for 
identifying suitable personalised treatment options. In addi-
tion to oncology, spatial-based features emerging as potential 
biomarkers for therapies are evolving in inflammatory, infectious 
and metabolic liver diseases.

CONCLUSIONS
The progress in spatial single-cell profiling technologies 
represents groundbreaking advances for the study of liver 
diseases, enabling researchers to understand cellular interac-
tions in distinct liver microenvironments. So far, only a small 
number of studies have leveraged the potential of current spatial 
single-cell analysis approaches; however, these seminal papers 
have reported major insights into key disease mechanisms that 
depend on spatial biology. We are starting to appreciate that 
the heterogeneity of liver diseases frequently depends on differ-
ences in spatial cellular interactions. These findings have high 
translational potential and may be harnessed for better patient 
stratification, diagnostics and drug development, and are likely 
to impact patient care in the near future. However, further prog-
ress in analytical tools to deconvolute spatial features as well 
as in vivo and in vitro systems to exploit that information for 

controlled study and perturbation of spatial biology is critically 
warranted. In sum, novel spatial omics methods now enable 
a better understanding of the liver in health and disease at a 
spatially resolved cellular resolution that is critical to address key 
challenges in hepatology. Results from first studies leveraging 
these technologies highlight a plethora of novel insights and 
suggest a transformative role for spatial single-cell technologies 
in the future of hepatology.
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