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Major themes in my group

Using single-cell and spatial omics to better understand development and disease

Accurate cell segmentation remains a problem

• Cell-segmentation-free analysis as an alternative

Tissue sections are not 2D

• Identifying cell overlaps and preparation artifacts within tissue sections

Making sense of cells in space (e.g. niches, domains, tissue units)

• Advanced spatial statistics

• Identifications of tissue regions (domains/niches/spatial clusters)



Resolution revolution – transcriptomics

Image credit: Bo Xia (@BoXia7)



Resolution revolution – transcriptomics: bulk

Image credit: Bo Xia (@BoXia7)

Bulk



Resolution revolution – transcriptomics: single cell

Image credit: Bo Xia (@BoXia7)

Bulk                                     Single-cell



Resolution revolution – transcriptomics: spatial

Image credit: Bo Xia (@BoXia7)

Bulk                                     Single-cell                                Spatial



Spatial resolution



Spatial resolution: microdissection, e.g. TIVA, Geo-seq, etc



Spatial resolution: supracellular grid, e.g. Visium



Spatial resolution: ~1-3 cell profiling, e.g. Slide-Seq/Slide-tags



Spatial resolution: sub-cellular, e.g. VisiumHD



Spatial resolution: single molecule, e.g. MERSCOPE, cosMX, Xenium



Cell segmentation by staining cell landmarks
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https://fq-segmentation.readthedocs.io/



Improving cell segmentation - staining multiple cell landmarks

Vendors offer staining of multiple cell landmarks for “multi-modal” cell segmentation, e.g. 10x:

24
[1] https://pages.10xgenomics.com/rs/446-PBO-704/images/AGBT_2024_Cell_Segmentation_Poster.pdf



https://en.wikipedia.org/wiki/Astrocyte
Codeluppi, Borm et al (2018) Nature Methods

Identifying borders of cells (cell segmentation) is challenging

We are involved in many efforts to evaluate cell segmentation

I will talk more about in cell-segmentation-free analysis….

25

Cell shapes can be very 
challenging: eg. Astroctyes

Data of DAPI stained nuclei cannot 
always be distinguished 

easy hard



Cell Segmentation Free Analysis

Park et al 2021 “Cell segmentation-free inference of cell types from in situ transcriptomics data”. Nature Communications
Tiesmeyer et al 2025 “SSAM-lite: A Light-Weight Web App for Rapid Analysis of Spatially Resolved Transcriptomics Data”. Frontiers in Genetics
Mueller-Boetticher et al 2025 “Sainsc: A Computational Tool for Segmentation-Free Analysis of In Situ Capture Data”. Small Methods



Transcript organisation is not random

Codeluppi, Borm et al (2018) Nature Methods



Transcript organisation is not random

Codeluppi, Borm et al (2018) Nature Methods



Our approach – gene expression density is a proxy for cells

Analyse spatial gene expression density, not cells

Park et al (2022) Nature Communication



Our approach – gene expression density is a proxy for cells

Analyse spatial gene expression density, not cells

Park et al (2022) Nature Communication

Spatial smoothing



Our approach – gene expression density is a proxy for cells

Analyse spatial gene expression density, not cells

Park et al (2022) Nature Communication

Spatial smoothing



Sainsc: optimised for millions of cells & organism-scale

Segmentation-free Analysis of IN Situ Capture data

• Segmentation-free identifies red blood cells in the 
spleen and umbilical cord

Optimised for organism scale analysis

• Can analyse most samples in <1 hour

• Suitable for use on a (high-end) laptop

Suitable for imaging and sequencing-based spatial 
transcriptomics

• E.g. Stereo-seq, Open-ST, Nova-ST, VisiumHD

Segmentation (original) Sainsc

Mueller-Boetticher et al (2025) Small Methods
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Summary 1: cell-segmentation free analysis

Why do cell-segmentation free at all?

• Cell segmentation is not trivial

• Segmentation-free is not limited by cell-segmentation

• Segmentation-free allows let’s you interrogate your data rapidly

How?

• Using tools like Sainsc and FICTURE

• Generate cell type maps

• Use as a ground truth for evaluating cell segmentation results
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2D or not 2D? That is the question!
(... investigating cell overlaps in spatial transcriptomics data)

Salas et al 2025 “Optimizing Xenium In Situ data utility by quality assessment and best-practice analysis workflows” Nature Methods
Tiesmeyer et al 2025 “2D, or not 2D? Investigating vertical signal integrity of tissue slices”. bioRxiv
Tiesmeyer et al 2026 “Identifying 3D signal overlaps in spatial transcriptomics data with ovrlpy”. Nature Biotechnology
Ishaque et al 2026 “The challenges of cell segmentation in spatially resolved transcriptomics” arXiv



Our restricted view of spatial transcriptomics data
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ovrl.py algorithm – let’s start with a side view of our data

37 Marco-Salas et al (2025), Nature Methods

Tiesmeyer et al (2025) bioRXiv



Step 1: virtual vertical sub-sectioning

38 Marco-Salas et al (2025), Nature Methods

Tiesmeyer et al (2025) bioRXiv



Step 2: create a gene expression embedding

39 Marco-Salas et al (2025), Nature Methods

Tiesmeyer et al (2025) bioRXiv



Step 3: compare the top and the bottom

40 Marco-Salas et al (2025), Nature Methods

Tiesmeyer et al (2025) bioRXiv

Compare top 
and bottom



Step 4: identify vertical signal integrity (≈ cell overlaps)

41 Marco-Salas et al (2025), Nature Methods

Tiesmeyer et al (2025) bioRXiv

Compare top 
and bottom

Vertical signal integrity

Low overlap

High overlap



ovrl.py example 1: 3-way cell overlap!

Microglial cell (blue) and astrocytes (khaki) cell on top of an inhibitory neuron (orange)
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ROI: top view ROI: bottom view

ROI: side view, y

ROI: side view, x

Marco-Salas et al (2025), Nature Methods

Tiesmeyer et al (2025) bioRxiv



ovrl.py example 1: 3-way cell overlap!

Microglial cell (blue) and astrocytes (khaki) cell on top of an inhibitory neuron (orange)
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ROI: top view ROI: bottom view

ROI: side view, y

ROI: side view, x

Marco-Salas et al (2025), Nature Methods

Tiesmeyer et al (2025) bioRxiv



Removing overlapping cells improves cell-type clustering

44 Marco-Salas et al (2025), Nature Methods

Tiesmeyer et al (2025) bioRxiv



High overlap

Low overlap

ovrl.py example 2: tissue fold
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Marco-Salas et al (2025), Nature Methods

Tiesmeyer et al (2025) bioRxiv



High overlap

Low overlap

ovrl.py example 2: tissue fold

46

ov
er

l.p
y 

sc
or

e

Marco-Salas et al (2025), Nature Methods

Tiesmeyer et al (2025) bioRxiv

Leptomeningial cells 
at the periphery

Leptomeningial cells 
in a tissue fold

Leptomeningial cells 
in a tissue fold



Summary 2: segmentation is hard (… recurrent theme)

Why do overlap analysis at all?

• Most cell segmentation methods are restricted to 2D, but cells overlap in 3D

• Gene expression from overlapping cells mix, and cause “vertical doublets” = contamination

How?

• There is no tool like it, so you can only use ovrl.py or tools that implement it (e.g. SegTraQ)

• Check your tissue for tissue folds

• Identify and filter cells with high overlap likelihood 
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Summary 2.1: Perspectives on cell segmentation

48
Tiesmeyer et al (2026) Nature Biotechnology, Wu et al (2025) Scientific Reports, Mitchel et al (2026) Nature Methods, Ishaque et al (2026) arXiv

Tissue sections are 3D and not 2D. Cell overlaps are a problem!

Perspectives on where things stand, the challenges, and what’s nextTranscripts from adjacent cells can be miss-assigned!



Making sense of cells in space
Mueller-Boetticher et al 2025 “SpatialLeiden: spatially aware Leiden clustering”. Genome Biology
Sun et al 2025 “Beyond benchmarking: an expert-guided consensus approach to spatial clustering”. biorXiv (provisionally accepted)



From cells in space

Adapted from Shang, Lulu, and Xiang Zhou. "Spatially aware dimension reduction for spatial 

transcriptomics." Nature communications 13.1 (2022): 7203.

Cell map



From cells in space to tissue regions – spatial clustering

Adapted from Shang, Lulu, and Xiang Zhou. "Spatially aware dimension reduction for spatial 

transcriptomics." Nature communications 13.1 (2022): 7203.

Cell map Tissue regions



SpatialLeiden – a spatially aware Leiden clustering algorithm

The Leiden algorithm is the clustering method of choice for single-cell data

We discover that Leiden has native support for spatial clustering by adding a spatial graph

Traag et al 2019 Scietific Reports; Mueller-Boetticher et al 2025 Genome Biology



Leiden clustering: from single-cell



Leiden clustering: from single-cell to spatial



SpatialLeiden is significantly better than standard Leiden



SpatialLeiden is significantly better than standard Leiden



SpatialLeiden is significantly better than standard Leiden



SpatialLeiden is significantly better than standard Leiden



SpatialLeiden is significantly better than standard Leiden



SpatialLeiden achieves top tier performance across datasets



Summary 3: SpatialLeiden… a success?

Why does SpatialLeiden matter when there are >50 other competing tools?

• Single-cell data analysts understand how to use Leiden, so SpatialLeiden is intuitive.

• SpatialLeiden is fast, so exploring parameters (e.g. resolution) is feasible

How can I identify structures in my tissue?

• Use performant tools like SpatialLeiden, CellCharter

• Run different set of parameters

• … more coming up in the next section
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Beyond Benchmarking
An Expert Guided Consensus Approach To Spatially Aware Clustering



From cells in space to tissue regions – spatial clustering

Adapted from Shang, Lulu, and Xiang Zhou. "Spatially aware dimension reduction for spatial 

transcriptomics." Nature communications 13.1 (2022): 7203.

Cell map Tissue regions



Benchmarking spatially aware clustering

What do I expect? 
(Ground truth)



Benchmarking spatially aware clustering

What does the data look like? (data)
What do I expect? 
(Ground truth)



Benchmarking spatially aware clustering

What does the data look like? (data)

Compare using a metric

What does my spatial clustering method give me?

What do I expect? 
(Ground truth)



Benchmarking spatially aware clustering

What does the data look like? (data)

Compare using a metric

What does my spatial clustering method give me?

What do I expect? 
(Ground truth)



What does the data look like? (data)

Compare using a metric

What does my spatial clustering method give me?

Benchmarking spatially aware clustering

What do I expect? 
(Ground truth)



What does the data look like? (data)

Compare using a metric

What does my spatial clustering method give me?

Benchmarking spatially aware clustering

What do I expect? 
(Ground truth)



SpaceHack 2.0: a hackathon to establish best practices for spatial clustering/domain identification

• 1 week, 28/62 people, 263 GIT commits, 400 slack messages

• 8 dedicated students, 4 PIs and 2 years later…. >20,000 results to evaluate…

DATA METHODS METRICS



Where to start with so many results? 

… sanity check – do our results align with previously reported performance?



Performance reports are inconsistent between studies



Performance reports are inconsistent between studies



Performance reports are inconsistent between studies



Method performance can be sensitive to parameters

Some method seem robust to configuration parameters… 



Method performance can be sensitive to parameters

Some method seem robust to configuration parameters…

… while others are highly sensitive 



Conclusion 1: method implementations are not reproducible/robust

… great start! Maybe it gets better?



Spatial transcriptomics data keeps getting bigger…

3D reconstruction

➔

Real 3D

Multi-omics

Liu, Yang, Deng et al. Cell 183, 1665-1681 (2020); Chen et al, Cell 185, 1777-1792 (2022); Fang et al, eLife12:RP90029 (2023); 

Yao, van Velthoven, Kunst et al. Nature 624, 317–332 (2023); Mueller-Boetticher et al. bioRxiv (2024) 

Size and resolution



Most methods do not run on large single samples

Dataset: ¼ 10x Genomics VisiumHD (full transcriptome) colon cancer sample

Native resolution: 2 μm

Typical bin size for analysis: 8 μm



Conclusion 2: method do not scale

… I hope the 8 students working on this aren’t getting too annoyed...



Problems with ground truths: they do not consider granularity



Problems with ground truths: they do not consider granularity



Problems with ground truths: they can be computer generated

• What do we want to replicate: human behaviour or other computational tools?

• Should ground truths be defined by humans or computational tools?

• Many GTs are computationally generated:

• Stereo-seq mouse embryo ground truth labels → SCC, which used Leiden

• (No) Surprise: Leiden implementations in Seurat and Scanpy had best performance!

• STARmap mouse cortex ground truth labels → BASS

• (No) Surprise: BASS was a top tier performer

• Surprise: … it was not the best!?!?



Conclusion 3: ground truth annotations are suboptimal

… time to run and hide from those 8 students that have been working on this for 2 years?



Question: can we trust the output of methods?



SACCELERATOR: a framework to evaluate spatial clustering

https://github.com/SpatialHackathon/SACCELERATOR



Challenging case study: colon cancer
VisiumHD
No ground truth…

Work done by Paul Kiessling (AG-Kuppe)



Step 1: define some sort of ground truth for optimizing methods



Step 2: run consensus spatial clustering



Step 3: evaluate results



Step 3: evaluate results



Step 4: discover something new



Step 4: discover something new



Step 4: discover something new



Step 4: discover something new
Dysplasia

LGR5 (stemness)      FN1 (ECM remodelling)   LCN2 (inflammation) CXCL2 (inflammation)



Step 4: discover something new
Dysplasia

Neoplasia

LGR5 (stemness)      FN1 (ECM remodelling)   LCN2 (inflammation) CXCL2 (inflammation)



Summary 4: benchmarking is hard

• Why is benchmarking hard?

• Previous benchmarks do not see to be reproducible

• Evaluation metrics do not consider granularity of spatial biology

• You can only trust results as much as you can trust the ground truth

• Some bioinformatics benchmarking efforts are working well – e.g. protein structures

• How can I proceed to do spatial clustering if you have no tool recommendations?:

• Use tools that your colleagues have used and have had good experiences with

• Use a tool that is fast and efficient e.g. CellCharter (or SpatialLeiden)

• There is no substitute for a team of experts
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