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Understanding tissue complexity requires spatially resolved multi-omics data at single-cell resolution. 
Here, we present a workflow integrating high-resolution matrix-assisted laser desorption ionization 
mass spectrometry imaging (MALDI-MSI) with Xenium spatial transcriptomics (SPT) on a single 
tissue section. This strategy ensures pixel-scale spatial correspondence between metabolic and 
transcriptomic features, avoiding misalignment issues of serial sections, where even minor offsets 
result in sampling different cells. We investigated MALDI-MSI compatibility with downstream SPT 
revealing that the number of transcripts per cell decreased by ~ 30% after MSI, whilst cell recovery and 
cell-type assignments are preserved. Validated using mouse brain and demonstrated using human 
glioblastoma tissues, we achieved pixel-scale modality co-registration, enabling per-cell MALDI spectra 
extraction aligned with gene expression. Integrated clustering revealed enhanced cell-type resolution 
and identified metabolic heterogeneity within transcriptionally defined populations. This facilitates 
precise correlations of a cell’s function and its biochemical state, providing a holistic view of cellular 
function, heterogeneity, and interaction in health and disease. Our workflow provides a scalable path 
to multi-omic atlases, advancing both data integration and translational research.

Understanding the spatial distribution of biomolecules and their interactions is key for unravelling the 
complexities of biological systems, particularly in complex systems such as brain1. Modalities such as matrix-
assisted laser desorption ionization-mass spectrometry imaging (MALDI-MSI) and spatial transcriptomics (SPT) 
have revolutionized spatial biology by enabling the visualization of metabolic and transcriptomic information 
directly within tissue section2,3. However, the integration of these modalities at a single cell level within the same 
tissue section remains a challenging yet promising area, offering unique insights into the molecular and cellular 
landscape of tissues.

MALDI-MSI enables the spatial detection of a wide range of molecular species, including lipids, metabolites, 
and proteins at a single cell level4,5. Although, MALDI-MSI is not inherently suitable for the detection of larger 
RNA panels due to the technical challenges associated with ionizing and detecting nucleic acids using MALDI-
MSI6,7. RNA molecules are chemically distinct and more prone to degradation during sample preparation, and 
their relatively low abundance and complexity of ionization profiles further limit their detection with MALDI8. 
SPT, particularly with cutting-edge platforms like Xenium, complements this approach by providing single-cell 
resolution maps of RNA expressions9. The integration of these two modalities provides a comprehensive view 
of the molecular and transcriptomic states of individual cells, creating a deeper understanding of the interplay 
between molecular and genomic layers10. One of the advantages of integrating MALDI-MSI and SPT on the same 
tissue section lies in the removal of serial-section variability. When both modalities are performed on the same 
section, the spatial registration of data from both modalities is essentially the same, reducing artifacts introduced 
by tissue heterogeneity and sectioning. This approach can also ensure that molecular and transcriptomic data 
originate from the exact same cells and microenvironmental niches, preserving spatial fidelity and increasing 
confidence in biological inferences. Nevertheless, despite the clear advantages of single-section multi-omics, the 
potential impact of MALDI-MSI on subsequent spatial transcriptomics quality and performance has not been 
systematically evaluated. Research by Godfrey et al., has shown that combining DESI-MSI and Visium allow for 
understanding the relationship between gene expression and the metabolic phenotype of cells in the complex 
tumour microenvironment11. It needs to be mentioned that Visium lacks true single-cell resolution, it instead 
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captures transcriptomes from spatially defined spots encompassing multiple cells. Consequently, Visium does 
not enable true single cell spatial multi-omics. Therefore, we have chosen Xenium for our spatial single cell 
approach.

Achieving single-cell resolution is essential for understanding tissue architecture and cellular dynamics in 
complex tissues. While previous studies have already integrated spatial transcriptomics and molecular imaging, 
they often lack the resolution required to resolve individual cells, instead providing data averaged over larger 
regions or tissue compartments11–13. This hinders accurate mapping of molecular features to specific cell types. 
In contrast, our approach enables single-cell co-mapping of metabolic and transcriptomic states and provides the 
basis for hypothesis-driven analyses of spatial metabolism at the individual cellular environment. This capability 
is critical for uncovering spatial relationships, identifying functional cell states, and detecting previously 
unresolved subpopulations14. By preserving both the spatial and cellular integrity, single-section integration 
of MALDI-MSI and spatial transcriptomics enhances the reliability of downstream analyses, such as cell type-
specific molecular profiling and multimodal machine learning, while extensively reducing, tissue misalignment 
and variability relative to serial sections.

In this study, we assess the effect of MALDI-MSI prior to Xenium SPT and demonstrate the feasibility 
of integrating 5  µm spatial resolution MALDI-MSI measurements and the single-cell Xenium spatial 
transcriptomics platform on the same tissue section. By leveraging the complementary strengths of these 
technologies, we established a workflow that combines single-cell MALDI-MSI with single-cell SPT data. To 
our knowledge, this is the first demonstrations of true single-section MALDI-MSI and SPT analysis at cellular 
resolution, representing a significant technical advancement in spatial biology. As a proof of concept, we applied 
this approach to sagittal mouse brain sections, to provide a robust model to explore the integration of MALDI-
MSI and SPT. The effect of MALDI-MSI on tissue integrity and the quality of spatial transcriptomics were 
evaluated to assess the impact of one technology on the other. Using human glioblastoma (GBM) tissue we 
established methods to spatially align and integrate data from MALDI-MSI and Xenium at single-cell resolution. 
We show the ability to obtain cell-specific MALDI-MSI spectra, linking molecular profiles to defined cell types. 
This work establishes a foundational framework for future studies that aim to link metabolic and transcriptomic 
data within single tissue sections on a per-cell basis providing powerful new insights into health and disease.

Results
Assess effects of prior MALDI-MSI on spatial transcriptomics tissue integrity and data quality
We first performed a series of validation experiments on adult mouse brain tissue to establish the feasibility 
of sequentially combining high-resolution MALDI-MSI with SPT. These preliminary studies served two 
purposes: to verify that the MALDI laser ablation and matrix application would not irreversibly damage tissue 
morphology, and to confirm that the semi-destructive MALDI step would not compromise downstream RNA 
capture or hybridization performance. Fresh-frozen mouse brain sections were mounted on Xenium-compatible 
slides, sublimated with 2,5-DHB matrix, and subjected to MALDI-MSI at 5  µm pixel size. Post-MSI, the 
same section underwent the Xenium SPT workflow. Cell boundaries were defined using Xenium Ranger. We 
observed that the MALDI-laser ablation produced a regular grid of micron-scale fluorescent spots within the 
intracellular matrix (Fig.  1-A), corresponding precisely to the MALDI-MSI pixel array. Fluorescent ablation 
fiducials were visible on-tissue but not off-tissue. These ablation marks did not obscure nuclear outlines, nor 
did they interfere with subsequent cell segmentation or identification. To assess whether ablation produced 
spatially periodic depletion or delocalization, we inspected transcript localizations relative to the 5 µm ablation 
grid and did not detect any grid-aligned patterns. RNA spots remained distributed with a uniform reduction 
in counts, cell segmentation and identification were preserved (Fig. 2). To assess whether MALDI-MSI would 
fully ablate tissue or remain limited to the surface, scanning electron microscopy (SEM) of a GBM-derived cell 
after MALDI-MSI demonstrates only surface-limited etching (Fig. 1-B). This is consistent with the observed 
preservation of nuclear outlines and segmentation. We directly compared counts in MALDI-MSI prior to SPT 
versus no MALDI-MSI prior to SPT (control) sections of mouse brain to quantify the impact of the MALDI 
laser on the transcript counts. Figure 1-C, shows the transcript counts per cell within the defined cell boundaries 
per condition. In Fig. 1-D, we aggregated transcript counts across five anatomically matched 1 mm2 regions in 
MALDI-MSI versus control sections. Boxplots of total RNA counts per cell and detected transcript count per 
mm2 reveal statistically significant reductions in both RNA yield and transcript detection following MALDI-
MSI. Although MALDI measured regions exhibited moderate statistically significant reductions in total RNA 
counts (-20%, p < 0.05) and detected transcripts per cell (-30%, p < 0.005) compared to control tissues, more 
than 90% of cells in ablated zones still surpassed 250 detected transcripts. To visualize the approximately 30% 
count loss, we compared per-gene RNA abundances between MALDI-MSI measured and control regions, 
normalizing by tissue area and number of segmented cells. Across two similar ROI, the per-gene profiles were 
broadly similar; genes that were most abundant in control remained among the most abundant after MALDI-
MSI as well as the proportional decreases rather than complete gene-dropouts (sup. Figure 1). This supports 
a predominantly uniform decrease of signal, consistent with the results of Fig. 1C-D and Fig. 2. Despite this 
decrease, overall transcriptome complexity remained high, confirming that the semi-destructive MALDI step 
imposes only minor impacts on the cell and its spatial transcriptome.

Integration of MALDI-MSI with xenium spatial transcriptomics
The integration of MALDI-MSI and SPT provides comprehensive multimodal insights into tissue biology at 
single-cell resolution using human glioblastoma tissue. Here, we present a single sample proof-of-concept 
demonstration of the detailed overview of the workflow designed for integrating these two distinct, but 
complementary datasets obtained from the same tissue section (Fig.  3A). Firstly, MALDI-MSI and SPT 
measurements were sequentially performed on the same tissue section. The section was stained with a panel of 
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fluorescent markers to enable cell segmentation: DAPI for nuclear identification, ATP1A1/CD45/E-Cadherin 
to define cell boundaries, 18S ribosomal RNA for interior RNA distribution, and αSMA/Vimentin for interior 
protein architecture. Following data acquisition, computational integration of both datasets is performed 
using an in-house MATLAB-based software platform we named ‘ESCDAT’ (sup. Figure 2). ESCDAT enables 
data handling and seamless spatial alignment between MALDI-MSI ion maps and spatial transcriptomics 
fluorescence images. Within ESCDAT, MALDI-MSI data is first binned into a lower resolution dataset (using 
a bin width of 1  Da), significantly enhancing computational efficiency and facilitating rapid preliminary 
analyses. Simultaneously, a fluorescence image from the spatial transcriptomics measurement is selected as the 
spatial reference for co-registration (Fig. 3B). Figure 3B. illustrates the practical approach to accurately overlay 
MALDI-MSI data with corresponding spatial transcriptomics data. In panel I, a representative m/z channel 
from the MALDI-MSI analysis is visualized, providing spatial distribution of the selected molecule across the 
entire tissue section. Panel II shows a fluorescence image of the same tissue section, displaying cellular and 
molecular structures through labelled fluorescence markers which serve as reference data for integration. A 
focused examination of the region indicated by the red boxes in panels I and II is presented in panels III through 
VI. Panel III demonstrates a zoomed-in MALDI-MSI image revealing a sharp corner of a deliberately created 
fiducial marker region. The corresponding fluorescence image (panel IV) distinctly shows tissue ablation dots 
created by the MALDI laser for each pixel, which were strategically utilized as fiducial markers for precise pixel 

Fig. 1.  Impact of MALDI-MSI on tissue and spatial transcriptomics data quality using control mouse brain 
tissue and GBM-derived cells. (A) DAPI-based cell segmentation (nucleus + 5 µm) control versus MALDI-
MSI regions. Maximum-intensity projections of DAPI fluorescence in control (left) and MALDI-MSI (right) 
measured mouse brain. White outlines indicate cell boundaries defined by DAPI segmentation with a 5 µm 
radial expansion. The MALDI spot grid appears as a regular array of fluorescent micro-dots on the MALDI-
MSI measured section but does not interfere with nuclear detection or boundary detection. Scale bar: 50 µm. 
(B) Scanning electron micrograph of a GBM-derived cell on ITO after MALDI-MSI showing superficial 
surface modification. Boxplots compare (C) total transcript counts per cell and (D) number of detected 
transcripts per area (mm2) between MALDI-MSI measured and non-MALDI-MSI measured (Control) mouse 
brain sections (≥ 40,000 cells per section). For the transcripts per area, 5 anatomical similar regions of 1mm2 
were analysed on both tissues. Statistical significance was assessed by paired student T-test (** p < 0.005; * 
p < 0.05).
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co-registration. In panel V, the overlay of MALDI-MSI sampling points (red circles) onto the fluorescence image 
demonstrates accurate spatial alignment achieved by the co-registration method. Panel VI further highlights 
this alignment by presenting the MALDI-MSI data combined with cell boundary segmentation derived from 
SPT. A direct fluorescence-MALDI-MSI overlay (panel VII) demonstrates that the MALDI signal follows the 
fiducial grid per pixel, supporting pixel-scale alignment where fiducials are clear. Small local offsets may occur 
at edges with reduced fiducial contrast. The alignment of these modalities leveraged fiducial markers identifiable 
in both MALDI-MSI and fluorescence images. This step ensured precise spatial co-registration, essential for 
accurate downstream biological interpretation. Following spatial alignment, cell boundary coordinates obtained 
via Xenium Ranger using the cell boundary segmentation staining were imported into ESCDAT, allowing 
for extraction of high-resolution per-cell m/z spectra from the MALDI-MSI data. The resulting integrated 
multimodal dataset, combined high-resolution mass spectra (m/z interval of 0.01 Da) and spatially resolved gene 
expression profiles, was then analysed using Seurat v515–17. This integrated visualization clearly demonstrates 
how molecular data from MALDI-MSI align spatially with single-cell transcriptomic data, thereby enabling 
detailed multi-omic cellular profiling. Additional observations of interest include the precision and spatial 
resolution attainable through this method, confirming the potential in correlating distinct metabolic profiles 
identified by MALDI-MSI directly with specific cell types and their transcriptional states.

Cell identification and cell-specific MALDI-MSI spectra
We profiled 8,318 cells across the human glioblastoma tissue that overlapped between MALDI-MSI and SPT, 
after applying filters to remove low quality cells (qv < 20). Initial dataset quality was assessed by examining total 
RNA counts (nCount_RNA) and detected transcript numbers (nFeature_RNA) across all predicted cell-type 
clusters (sup. Figure 3). The similar shapes and ranges of these distributions confirm consistent capture efficiency 
and sequencing depth amongst the cell types. Accurate cell-type identification was performed based on spatial 
transcriptomic profiles using Seurat v5 and log-normalization, leveraging predefined marker genes for distinct 

Fig. 2.  Xenium transcript localizations and cell identifications in mouse brain with and without prior MALDI-
MSI. Left: section (control) not measured with MALDI-MSI. Right: consecutive section after MALDI-MSI. 
Top row: transcript localizations over tissue background. Each coloured dot represents a detected transcript 
corresponding to the target RNA. Bottom row: Xenium cell segmentation and identifications; grayscale shows 
tissue background. Legend at right maps colours to RNA-based cell type labels. No grid-aligned pattern is 
observed after ablation. RNA spots remain distributed with a uniform reduction in counts. Nuclear outlines 
and downstream cell segmentation and identification are preserved. Scale bar: 100 µm.
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Fig. 3.  Overview of overlaying and combining MALDI-MSI and spatial transcriptomics data on human 
glioblastoma tissue. (A) Shows the schematic workflow used using ESCDAT. First MALDI-MSI (timsTOF fleX) 
and spatial transcriptomics (Xenium) are sequentially conducted on the same tissue section. Afterwards, using 
ESCDAT, a low mass resolution dataset is spatially aligned with the spatial transcriptomics data. Using fiducial 
markers and visible laser spots in the tissue generated via the MALDI laser. Using the cell boundaries from the 
cell segmentation staining, pixels per cell are averaged and a high-resolution m/z spectrum is created per cell. 
These data modalities are afterwards combined, and downstream analysis are performed using Seurat V5 and 
Python. (B) Visualization of co-registration MALDI-MSI with spatial transcriptomics. (I) A representative 
m/z ion map from MALDI-MSI showing the spatial distribution of a selected molecule across the tissue. (II) 
Fluorescence image of the same section with labelled markers as reference. (III-IV) Zoom into the red-boxed 
region: (III) MALDI-MSI view of a sharp fiducial marker corner; (IV) matching fluorescence view with the 
laser-ablation dots used as fiducials. (V) Overlay of MALDI sampling points (red circles) on the fluorescence 
image after co-registration. (VI) Final overlay of MALDI-MSI data with cell-boundary segmentation from 
spatial transcriptomics, demonstrating precise multimodal alignment. (VII) Direct overlay of fluorescence 
fiducials and MALD-MSI intensity map. The MALDI signal recapitulates the per-pixel fluorescence pattern, 
confirming grid-anchored, pixel-scale alignment in fully gridded regions.
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cell populations (sup. table 1)18–30. The cell identifications were set as a ground-truth for the cell identities 
throughout. These marker genes, selected based on prior biological knowledge, demonstrated high specificity 
and robust expression patterns within targeted cell types (sup. Figure 4). In every cell type panel, the distribution 
of scores peaks sharply in the matching cell-type group and remains low in all others. For example, the astrocyte 
signature has its highest values exclusively in cells predicted as astrocytes, and the endothelial cell signature peaks 
only in endothelial-predicted cells. Minor low-level RNA-expression signals in non-target groups reflect baseline 
expression and technical background. Further validation at the single-gene level confirms that each marker’s 
normalized expression is tightly confined to its predicted lineage. Analysis of individual marker-gene expression 
distributions (sup. Figure 5) confirms that each gene is predominantly expressed in its assigned cell-type cluster, 
with negligible off-target expression. For instance, NRP1 and PECAM1 localize exclusively to endothelial cells, 
and MOG and CAPN3 peaks are restricted to oligodendrocytes. These plots validate both our marker lists and 
the prediction strategy: each marker panel cleanly identifies its intended lineage with minimal crosstalk, further 
substantiating the accuracy of our annotations. To further resolve the transcriptional heterogeneity underlying 
our spatially defined cell-type assignments, we used Seurat to identify the top ten positively enriched genes per 
predicted cell type (ranked by average log2-fold change). We subsequently visualized the normalized expression 
of these 100 marker genes across all cells in a heatmap (sup. Figure 6), with cells ordered by their predicted cell 
type. Across all clusters, marker-gene expression is sharply confined to its associated cell-type segment, with 
minimal off-target signals. Similar analysis was performed for the MALDI-MSI markers. Using Seurat on the 
TIC-normalized MALDI assay, we generated a heatmap of the top 100 m/z features based on log-fold-change 
across all cell types for all cells (sup. Figure 7). Cells remain ordered by their predicted cell type. Unlike the 
binary on/off patterns seen in transcript data, MALDI-MSI data exhibits graded enrichment: certain m/z values 
are elevated in one cell type yet maintain low-level expression elsewhere. These subtler, non-binary distributions 
reflect the shared metabolic milieu of neighbouring cell types yet still show clear molecular signatures that 
can complement the RNA-based annotations. To illustrate within-lineage metabolic heterogeneity that is 
undetected by spatial transcriptomics alone, we examined m/z 546.52 within RNA-defined astrocytes in human 
GBM. Despite near-uniform expression of astrocytic marker transcripts, MALDI-MSI intensities at m/z 546.52 
segregated astrocytes into high and low m/z 546.52 intensity subpopulations, with the high-intensity subgroup 
enriched in pathological different regions. A heat map of astrocytes for this feature shows a clear pattern, and a 
spatial overlay of astrocyte centroids reveals enrichment of the high-intensity cells within certain pathological 
areas (sup. Figure 8).

Combined molecular profiling of single cell data
To compare modality structure before integration, we computed modality-specific UMAPs and plotted their 
spatial projections (sup. Figure 9). The RNA UMAP resolves multiple cell types. In contrast, the MALDI-only 
UMAP, reveals multiple metabolomic clusters that segregate regionally on the glioblastoma tissue. Within 
astrocytes, cells occupy more than one MALDI cluster and these astrocyte subclusters show distinct localization, 
whereas RNA-defined astrocytes remain broadly distributed on the tissue. Therefore, RNA emphasizes cell 
identity, while MALDI captures regional metabolic state and within-lineage heterogeneity. When both modalities 
are integrated per cell (Fig. 4-A), the embedding displays additional substructure relative to RNA alone. Distinct 
cell populations, including oligodendrocytes, astrocytes, endothelial cells, TAMs, and neuronal subpopulations, 
were clearly delineated. The integrated modalities can capture complementary molecular information, thus 
greatly refining the spatial resolution and biological interpretation compared to either modality alone. It also 
showed the value and necessity of integrating these complementary data modalities to enhance biological 
relevance. While RNA markers provide clear cell-type identification, MALDI-MSI data enriched the molecular 
profiling, particularly evident from the combined UMAP clusters. The modality contribution analysis (Fig. 4-B) 
reveals distinct patterns in the reliance on RNA versus MALDI-MSI data for clustering per cell type. Certain 
cell types, including astrocytes, neuronal populations, endothelial cells, GSCs and MES cells showed balanced 
modality contributions (close to a 50/50 ratio), suggesting equally important roles of transcriptomic and 
metabolic signatures for clustering. In contrast, other populations, such as oligodendrocytes, OPCs, TAMs and 
T-cells predominantly relied on RNA for accurate clustering. The increase of information by integrating SPT 
and MALDI-MSI is supported by visualizing all transcripts and all m/z values (sup. Figure 10) in a correlation 
heatmap. Here we saw several coherent clusters that show either positive or negative correlation. By systematically 
exploring the associations between top RNA marker genes characteristic of specific cell types and top MALDI-
MSI ions (Fig. 4-C). To aid interpretation, we annotated ions in Fig. 4C where possible. LC–MS/MS supported 
lipids are shown without asterisk, and MS1-level, putative lipid assignments are marked with an asterisk (*) 
using common positive-mode adducts. Here we notably saw moderate correlations emerge between distinct 
cell-type markers and particular ions, suggesting functional and metabolic specificity for these cell populations. 
This correlation heatmap further suggests precise associations between specific transcripts and molecular ions, 
offering insights into cell-type-specific biological processes or metabolic pathways. As an illustration of strong 
gene-ion correlation, we visualize spatial co-localization of the oligodendrocyte marker MOBP with CE (18:2) 
(sup. Figure 11). These findings highlight variability in the molecular information content contributed by each 
modality across cell types and emphasize the complementary strengths of integrating both RNA and MALDI-
MSI data to achieve additional biological information and understanding.

In this study, we established and demonstrate a workflow for integrating high-resolution MALDI-MSI 
with Xenium single cell spatial transcriptomics on one single tissue section, overcoming the limitations of 
prior approaches that relied on adjacent sections or lower-resolution co-registration11,13,32. This approach is 
motivated by the need to achieve a comprehensive, spatially precise, and cell-specific understanding of tissue 
biology. This cannot be reliably achieved using either modality alone or by analysing adjacent sections. First, we 
validated our approach in mouse brain, then applied it to human glioblastoma. We used 10 µm thick sections 

Scientific Reports |        (2025) 15:42660 6| https://doi.org/10.1038/s41598-025-26735-1

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


for this workflow. Although some applications report improved MALDI-MSI signal-to-noise at 5 µm, 10 µm is 
recommended for Xenium measurements on fresh-frozen tissue33. Because MALDI-MSI is surface-confined, 
the signal arises predominantly from the uppermost cell layer, preventing oversampling of multiple layers in the 
z-direction34,35. Consistent with this surface-confined effect, SEM of a GBM-derived cell imaged after MALDI-
MSI shows superficial surface etching, aligning with the preserved nuclear outlines and the observed ~ 30% 
reduction in transcript counts rather than a complete loss of cells. We did not observe any grid-aligned patterns 
in Xenium transcript localizations after MALDI-MSI. Instead, the decrease was uniform across the field and 
cell segmentation and identification were preserved. This argues that MALDI-MSI sampling does not imprint 
periodic bias on downstream RNA measurements and supports the validity of per-cell analyses on the same 
section.

Sublimation of 2,5‐DHB and laser ablation at a 5 µm pixel pitch produced a characteristic fluorescent grid 
of ablation spots, yet nuclear morphology and cell segmentation remained entirely intact. Recent reports 
demonstrate matrix-dependent fluorescence enhancement through matrix-fluorophore cocrystallization, with 
significant differences across matrices and wavelengths, which could directly impact the visibility of optical 
fiducials used for registration36. Consistent with these observations, our 2,5-DHB matrix resulted sufficient 
ablation-spot contrast for alignment. Though our approach should, in principle, work with any matrix as long as 
fiducials are visible in both modalities and are compatible with Xenium chemistry. Importantly, we performed 
MALDI-MSI directly on Xenium slides, without requiring conventional conductive ITO-coated substrates, 
demonstrating that high-resolution MALDI imaging is feasible on transcriptomics compatible surfaces using 
a timsTOF fleX. This removes a key compatibility barrier between platforms, simplifies multimodal sample 
preparation, and enables broader adoption of integrated workflows. While the integration was successful, we 
observed moderate reductions in transcript counts following MALDI-MSI without any significant effect on cell 
type identifications37. Per-gene abundance profiles showed a uniform 30% attenuation without gene-specific 
dropouts, indicating that overall transcriptome complexity remains sufficient for stable labelling despite the 
MALDI step. This indicates that the transcriptomic data remains biologically informative, supporting reliable 
cell-type classification and downstream analyses, making the trade-off acceptable for integrated multimodal 

Fig. 4.  Integrated multimodal single-cell molecular profiling reveals distinct cell clusters in human 
glioblastoma. (A) Combined UMAP visualization of integrated spatial transcriptomics (RNA) and MALDI-
MSI data. Distinct cell-type clusters, labelled according to RNA-based ground-truth. (B) Violin plots 
showing the contribution of each modality (RNA vs. MALDI-MSI) to cell-type clustering. Notably, some cell 
populations, such as astrocytes, endothelial cells, excitatory and inhibitory neurons, GSCs and MES cells, 
exhibit balanced contributions (~ 50% RNA and 50% MALDI-MSI) to the UMAP. whereas oligodendrocytes, 
OPCs, T-cells and TAMs predominantly rely on RNA data, indicating variability in modality-specific 
information content across cell types. (C) Cell-wise Pearson correlation matrix between the top 80 RNA 
marker genes and the top 80 MALDI-MSI ions (features selected from FindAllMarkers() and ranked by average 
log2 fold-change). Where available, ions are annotated to lipid classes. Labels without an asterisk are supported 
by LC–MS/MS from our published dataset on the same GBM samples, and labels with an asterisk (*) denote 
MS1-level, putative assignments based on adducts [M + H]+ and [M + Na]+ 31. Correlation patterns between 
RNA expression levels and molecular ions, hint at underlying biological or metabolic pathways concentrated 
within spatially localized cellular niches.
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workflows. By co-registering MALDI-MSI and SPT on the same section, our maps permit within-cell-type 
comparisons across spatial niches (e.g., tumor core, perivascular, margin) at single-cell resolution.

Using MALDI-MSI and Xenium on the same section captures the identical tissue plane, enabling pixel-
scale co-registration via fluorescent ablation fiducials and preserving per-cell boundaries. The main trade-off 
is a ~ 30% reduction in Xenium transcripts per cell, with all cells retained and labels unchanged. The count loss 
likely reflects local loss at ablation sites rather than complete cell loss; practical improvements could include 
laser fluency, fewer shots per pixel, and possibly RNA-preserving washes, with QC stratified by MALDI-exposed 
vs. unexposed areas. By contrast, consecutive sections could maximize RNA yield and protocol flexibility but 
introduce deformation and true 3D heterogeneity that does not allow one-to-one mapping. When precise 
per-cell correspondence is necessary, the same-section strategy is preferable; when maximal RNA coverage is 
the priority, consecutive sections are appropriate, with analyses emphasizing region-level or neighbourhood 
statistics.

Using the regular grid of MALDI-MSI laser ablation spots, ESCDAT enabled pixel-scale alignment of MSI 
ion maps with fluorescence-based cell segmentation, allowing per-cell mass spectra to be paired with spatial 
transcriptomes. While single cell RNA markers formed discrete, lineage-specific clusters, MALDI-MSI features 
showed graded biochemical enrichments. Cell-type specific masses were markedly elevated in their respective 
types but also showed low-level expression elsewhere, reflecting shared metabolic contexts38. RNA and MALDI-
MSI separate different, yet complementary microenvironmental states. RNA primarily captures cell identity, 
resulting in separated lineage clusters that are spatially mixed across the section. In contrast, MALDI-MSI 
highlights regional metabolic states, producing broad clusters that segregate into distinct tissue areas. Same-
section integration therefore enables within-cell-type comparisons across microenvironments, providing a way 
to interrogate microenvironmental reprogramming of GBM. While this single-case methods study stops short of 
pathway claims, these findings motivate cohort-level tests linking regional metabolite patterns to transcriptomic 
programs and pathology. Correlation heatmaps linking gene expression to m/z features revealed that specific 
cell types exhibit distinct combinations of transcripts and molecular ions, effectively defining unique cellular 
‘metabotypes’. These gene-metabolite associations suggest that transcriptomic identity is tightly coupled to 
underlying biochemical states, enabling functional characterization of cells beyond RNA alone and suggests 
candidate gene-metabolite regulatory circuits for further investigation.

This methods study is limited in sample size; mouse brain validation and a single human GBM case. Our 
primary goal is to present a reproducible and open workflow for same-section MALDI-MSI and SPT co-
registration. Consequently, our goal is technical validation and any biological insights given are illustrative 
and hypothesis-generating. Even so, the resulting multimodal maps point to potential new biological insights. 
The combined MALDI signals with RNA-defined clusters point to metabolic heterogeneity even among 
transcriptionally similar cells, hinting at subpopulations within the section. Unlike traditional 2D or 3D cultures, 
our single tissue-based workflow maintains cells in their native spatial and microenvironmental context, 
enabling the study of molecular and transcriptomic phenotypes as they exist in situ39. This allows not only 
for more biologically relevant single cell profiling but also supports future analysis of cell-to-cell interactions, 
by examining how neighbouring cells with distinct molecular identities could influence one another through 
spatial proximity. Looking forward, expanding our workflow to include targeted lipidomic, protein markers, 
and advanced statistical integration frameworks will further extend the understanding of cellular states in health 
and disease. As transcriptomic panels expand toward full-transcriptome coverage, our integrated modalities can 
enable a more refined classification. However, sensitivity for very low-abundance transcripts may be constrained, 
especially given the transcript reduction observed after MSI, so we suggest markers that remain robust under 
these conditions. By linking gene expression to cell-type-specific metabolic or signalling profiles, this integration 
enhances our ability to dissect disease mechanisms, identify biomarkers or drug targets, and distinguish cell 
states that are transcriptionally similar but functionally distinct. It also aligns with the goals of atlas-scale efforts, 
such as the Human Cell Atlas, by enabling the generation of spatially resolved, multi-omic reference maps that 
preserve both cellular identity and microenvironmental context40,41. Ultimately, this integrated MALDI-MSI/
SPT platform lays the groundwork for comprehensive, single-cell resolved multi-omic atlases.

To enable broader adoption, key steps in our workflow such as matrix deposition, imaging, and registration 
are already compatible with high-throughput instrumentation. Our integration software (ESCDAT) is designed 
to be modular and will be further developed for other modalities and scalable deployment, such as multiple 
tissue sections. We also view future compatibility with open-MSI-formats, such as imzML, beneficial to the 
community. Also, the ability to generate ROIs using QuPath would be beneficial to the software. Compared 
with existing multimodal platforms, our method uniquely achieves subcellular co-registration of lipidomic 
and transcriptomic data without sacrificing either modality’s resolution. By generating truly cell-specific mass 
spectra that directly correspond to Xenium derived transcriptomes, our workflow sets a new standard for 
comprehensive multi-omic tissue mapping, enabling more precise investigation of metabolic reprogramming 
in tumour microenvironments and delivering a superior tool for both fundamental research and translational 
pathology.

Materials and methods
Sample preparation – MALDI-MSI
Ethical approval was obtained from the UZ/KU Leuven Ethical Review Committee of University Hospitals 
Leuven (Gasthuisberg, Leuven, Belgium) with reference number S60290 and the project was registered under 
the UZ Leuven Tissue Bank. The patients gave consent for the resected tissue samples to be included in the 
research. All experiments using human patient samples were conducted in compliance with the respective 
institutional guidelines. Fresh frozen mouse brain (n = 3) was obtained from the Department of Pathology 
at Maastricht University. All animal experiments were performed with appropriate approval granted by IvD 
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(Instantie voor Dierenwelzijn, University Maastricht) and in compliance with the respective institutional 
guidelines. GBM tissue (n = 1) was resected and collected at the Department of Neurosurgery at KU Leuven. 
GBM tissue was embedded in 10% gelatin 2% CMC (SigmaAldrich). Afterwards mouse brain and GBM tissues 
were cryo-sectioned at 10  µm sections using a cryostat (CM1850, Leica Biosystems) according to Protocol 
CG000579 published by 10X Genomics. The sections were stored at − 80  °C until further analysis. Upon 
retrieval, they were immediately transferred to boxes filled with hygroscopic desiccant beads and subsequently 
vacuum-dried in a desiccation chamber for 20 min. Before MALD-MSI experiments, sublimation of 50 mg of 
2,5-dihydroxybenzoic acid (Sigma-Aldrich) matrix at 160 °C for 160 s was performed using an HTX Sublimator 
(HTX Technologies, USA). As for the GBM patient-derived cell lines, fresh GBM tumor tissue was obtained 
from patients undergoing surgical resection at UZ Gasthuisberg after written informed consent (S59804). On 
receipt at the LPCM laboratory, specimens were immediately processed to establish patient-derived GBM stem-
cell cultures (S61081) as described previously. For the data presented here, we highlight one donor (female, 
age 45). Approximately 100 cells (~ 1.5 × 105 cells/mL) were seeded onto poly-L-lysine coated ITO-glass slides 
suitable for MALDI-MSI, following published protocols (15). Cells were snap-frozen in liquid nitrogen and 
stored at -80 °C until measurement.

MALDI-MSI analysis
Whilst setting up the imaging-experiment, to create fiducial markers, several sharp corners and features on the 
tissue were created during the ROI selection (Fig. 2. B-III). MALDI-MSI analysis was performed on a timsTOF 
fleX equipped with microGRID (Bruker Daltonics GmbH, Germany). Spectra were obtained in positive ion 
mode with a mass range of m/z 250 – 1200 with a pixel size of 5 × 5 µm and laser spot size of approximately 4 µm. 
The laser frequency was set to 1 kHz, and 25 shots were accumulated at each pixel. The MALDI laser consists 
of a Nd:YAG 355 nm SmartBeam 3D laser (Ekspla, Lithuania). Time-of-flight calibration was performed before 
imaging experiments using red phosphorus. Transfer settings were 200  V peak-to-peak (Vpp; funnel 1 RF), 
350 Vpp (funnel 2 RF), and 450 Vpp (multipole RF). Focus pre-time-of-flight (TOF) transfer time was set at 
100 μs. The quadrupole ion energy was 5.0 eV with a low mass of m/z 200. Collision cell energy was 10.0 eV with 
collision RF at 1500 Vpp. MALDI-MSI features were annotated by cross-referencing LC–MS/MS identifications 
as previous analysed by us on the same human GBM sample (supplementary text 1)31,42. MS1-level matches 
to LIPID MAPS using positive-mode adducts [M + H] + and [M + Na] + within the instrument mass tolerance 
(0.01 Da)43.

SEM analysis of single cell
Following MALDI-MSI of the GBM patient-derived cell line, slides were dried in a desiccator at room 
temperature. To ensure surface conductivity for high-vacuum imaging, samples were gold coated by sputter 
deposition (~ 5 – 10 nm Au) SEM-imaging was performed on a field-emission scanning electron microscope 
(ETD secondary-electron detector) (Aquilos 2, Thermo Fisher) under high vacuum. Instrument settings for the 
representative micrograph were: accelerating voltage 10.0 kV, working distance 6.3 mm, beam current 1.6 nA, 
magnification 5,000x (horizontal field width 41.4 µm), chamber pressure 7.88 × 10–4 Pa.

Sample preparation – spatial transcriptomics
After MALDI-MSI, to remove any excess 2,5-DHB, slides were washed for two times 1  min in 100% EtOH 
(BioSolve). Slides were then dried under a steady N2 stream. The Xenium slides were then fixed and permeabilized 
following Protocol CG000581. In addition to this protocol, slides were fully submerged in PBS at 37 °C for 2 min. 
Afterwards, any gelatin covering the Xenium slide fiducials was manually removed using a tissue (KimTech 
wipes, Sigma Aldrich). Probe hybridization, ligation, and amplification were carried out using the pre-designed 
Mouse Brain and Human Brain reagent in accordance with Protocol CG000749. Reagents for the Xenium 
measurements were bought according to Protocol CG000601. Finally, the processed slides were loaded into the 
Xenium Analyzer as per Protocol CG000584. After the Xenium analysis, raw FASTQ files were analysed using 
Xenium Ranger (v2.0.0.10) using the Xenium multimodal cell segmentation method. The sagittal mouse brain 
sections were processed using the Xenium nuclear cell expansion (5 µm). Data was then visualized in Xenium 
Explorer (v3.2.0) and processed using the Seurat R package (v5.3.0).

Integration of MALDI-MSI and spatial transcriptomics
Single cells detected via the Xenium multimodal cell segmentation were converted to a GeoJSON format 
containing the cell-identifier, cell cluster, individual transcript count and spatial coordinates using our custom 
python script. Afterwards, Tims-TOF MALDI-MSI and Xenium spatial transcriptomics datasets were aligned 
using our custom co-registration software (Version P1 04–06-2025) compiled in MATLAB (v2022b). First, the 
Bruker Tims-TOF binary (.tsf) files were imported via Python, and a low-resolution 1 Da mass-spectrometry 
image was generated. We then created either a total ion current (TIC) image or a single-mass-channel image and 
matched it to the fluorescence microscope image (.tiff, .ome.tiff, .png, .jpg or .svs) produced during Xenium’s 
multi-modal cell-segmentation staining. MALDI-laser ablation spots are readily visible in the fluorescence 
channel, providing precise markers for pixel-scale alignment. Tissue fiducials placed before MALDI-MSI were 
co-localized with these laser spots to match at least four corresponding registration points. A piecewise-linear 
(PWL) transformation was then computed, producing a transformation matrix that links coordinates across 
modalities. Finally, we applied this matrix to the GeoJSON file exported from the Xenium run containing cell 
IDs, spatial coordinates, and transcript counts to extract high-resolution mass spectra for each cell-id within 
the combined coordinate frame. MALDI-MSI peaks were extracted based on TIC-normalized intensity ≥ 5. To 
account for partial-volume effects and varying cell-pixel overlap, we weighted each MALDI pixel’s intensity by 
the fraction of its area overlapping the cell segmentation mask, as demonstrated before44.
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Data processing and cell type identification
Xenium data was processed using the Seurat R package (v5.3.0). Filtering of cells excluded all low-quality cells 
with a quality value (qv) of < 20. Also, any empty cells with an nCount lower than 0 were removed. Further analysis 
was only conducted on common cells between the MALDI-MSI and Xenium measurement. The MALDI-MSI 
data was imported as a new assay in the Xenium Seurat object. Data for both modalities were normalized and 
scaled. Afterwards, PCA was conducted on both for the optimal number of PCs, found via elbow plots and PC 
expression heatmaps. Dimensionality and visualization were performed using UMAP. Any clusters with overall 
low nCount were removed, and PCA and UMAP visualization were performed again on the filtered object. Cell 
identifications in the clusters were characterized and visualized using expressed marker genes from the Human 
Brain panel. Cell-type scores were computed using Seurat AddModuleScore() on log-normalized counts. We did 
not apply expression cutoffs. Low-level scores denote near-zero module scores in non-target groups relative to 
the cell type distribution.

Differential marker analysis per cell type
To identify both transcriptomic and m/z features that are distinguishable for each predicted cell type, we 
performed cluster-wise differential testing using Seurat v5. First, for RNA markers, the RNA expression values 
were log normalized. We ran a FindAllMarkers() test which employs a Wilcoxon rank-sum test and controls 
the false discovery rate via Bonferroni correction, top markers were ranked by log2 fold-change. From the 
resulting table, we selected the top ten genes per cluster ranked by average log2-fold change and visualized in a 
grouped heatmap. For the m/z features, we used TIC-normalized MALDI data and performed similar tests. To 
jointly leverage transcriptomic and mass spectrometric modalities, we employed Seurat v5’s weighted nearest-
neighbour (WNN) framework. First, we computed independent principal component analyses on the RNA and 
TIC-normalized MALDI assays, retaining the first 30 PCs from each modality. We constructed a WNN graph 
from both RNA and MALDI-MSI PC spaces and generated a UMAP for visualization. For feature-pair analysis, 
per-cell scaled matrices were correlated using Pearson’s r (cor, “pairwise.complete.obs”). For visualizations we 
displayed an 80 × 80 subset ranked by average log2 foldchange.

Data availability
Raw and processed MALDI-MSI and Xenium spatial transcriptomics data from the mouse measurements, in-
cluding Seurat objects, co-registration overlays, and associated analysis scripts, are available from the corre-
sponding author upon reasonable request. Please note that glioblastoma data cannot be shared directly, as this 
falls outside the scope of the approved ethical consents. Access to this data requires additional institutional 
review and adherence to the original patient consent.

Code availability
We used ESCDAT Version P1 04-06-2025 for the overlay in this manuscript. The software packages such as R, 
Seurat and Python are publicly available and well documented. The Xenium to GeoJSON package and MAL-
DI-MSI – Xenium SPT software ‘ESCDAT’ underlying these analysis are deposited at GitHub (​h​t​t​p​s​:​​/​/​g​i​t​h​​u​b​.​c​o​
m​​/​M​4​i​-​I​​m​a​g​i​n​​g​-​M​a​s​s​​-​S​p​e​c​t​​r​o​m​e​t​r​​y​/​M​A​L​​D​I​-​M​S​I​​-​-​-​S​p​a​​t​i​a​l​-​T​​r​a​n​s​c​r​i​p​t​o​m​i​c​s​-​O​v​e​r​l​a​y).
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