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Resolution revolution ►transcriptomics

Image credit: Bo Xia (@BoXia7)



Resolution revolution ►transcriptomics: bulk

Image credit: Bo Xia (@BoXia7)
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Resolution revolution ►transcriptomics: single cell

Image credit: Bo Xia (@BoXia7)
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Resolution revolution ►transcriptomics: spatial

Image credit: Bo Xia (@BoXia7)
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Emerging state of the art for spatial transcriptomics

Size and resolution Pseudo 3D
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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, 317ς332 (2023); Mueller-Boetticher et al. bioRxiv (2024) 



Spatial transcriptomics methodologies

Adapted from Rao et al (2021) Nature



Spatial transcriptomics methodologies: NGS -based

Adapted from Rao et al (2021) Nature



Spatial transcriptomics methodologies: NGS -based

¯ɴ˿ ɋƒʫȊǟ ƒʫǟ ˉȞǟ ◦ʻʠɴˉʻ╗☺
ST 100 Ậm
Visium 55 Ậm
DBiT-seq 10-50 Ậm
Slide-Seq 10 Ậm
HDST 2 Ậm
PIXEL-seq 1.22 Ậm
Seq-Scope 0.5-0.8Ậm
Stereo-seq 0.22 Ậm

Supra-cellular

Sub-cellular

Cellular

Adapted from Rao et al (2021) Nature



Spatial transcriptomics methodologies: imaging -based

Adapted from Rao et al (2021) Nature



Spatial transcriptomics methodologies: imaging -based

Adapted from Rao et al (2021) Nature

MERFISH/VizGen, ISS/Xenium, Molecular Cartography, 
CosMx, Barista-seq, seqFISH, STARmap, EEL- ¸İ¯┼ ║



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



Resolution of spatial transcriptomics technologies

Spatial resolution

Microdissection

~3-20 Cells

~1-3 Cell

sub cellular

Single Molecule

Example Technologies

TIVA, Geo-seq, etc

ST, Visium, etc

Curio seeker, VisiumHD, etc

VisiumHD, openST, stereo-seq

Xenium, MERSCOPE, molecular 
cartography, STARmap, etc
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Resolution of spatial transcriptomics and challenges

Computational challenge w.r.t 
gene expression signals

Deconvoluting mixed signals in 
spots

Spatial resolution

Microdissection

~3-20 Cells

~1-3 Cell

sub cellular

Single Molecule

Example Technologies
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Resolution of spatial transcriptomics and challenges

Computational challenge w.r.t 
gene expression signals

Aggregating signals into cells

Spatial resolution

Microdissection

~3-20 Cells

~1-3 Cell

sub cellular

Single Molecule

Example Technologies

TIVA, Geo-seq, etc

ST, Visium, etc

Curio seeker, VisiumHD, etc

VisiumHD, openST, stereo-seq

Xenium, MERSCOPE, molecular 
cartography, STARmap, etc
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Imaging-based spatial transcriptomics

ÅCells in tissue
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Imaging-based spatial transcriptomics
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ÅIdentify cells (segmentation)
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Imaging-based spatial transcriptomics

ÅCells in tissue

ÅTranscripts locations

ÅImage transcript locations

ÅReport transcript locations

ÅIdentify cells (segmentation)

ÅAnalyse cells



Evaluation - spot the difference!



Evaluation ►cell proportions

29

Highly dense grey cells are hard to separate

Green, blue , orange, yellow cells all +/ - 1



Evaluation ►cell size

30

Highly dense grey cells are too large

yellow 
cells are 
split or 
missed



Evaluation ►cell type annotation

31



Cell segmentation algorithms

Mainly demonstrated on segmenting DAPI (a nucleus stain)

ūƒˉǟʫʻȞǟǌ ȩʻ ǁɴɣʻȩǌǟʫǟǌ ƒ ʫǟȇǟʫǟɣǁǟ ƒɋȊɴʫȩˉȞɝ┼ Ʒ˞ˉ ˉȞǟʫǟ ƒʫǟ ɝƒɣ̈ ɴˉȞǟʫʻ║

Benchmark: Wang et al (2024) Briefings in Bioinformatics, https://doi.org/10.1093/bib/bbae407

32
[1] Wang et al (2024) Briefings in Bioinformatics

https://doi.org/10.1093/bib/bbae407


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



Cell segmentation is typically DAPI (nucleus) + expansion

Sweeping assumptions:

Å nucleus at the centre of the cell

Å cell shapes are roundish (or square -ish when they are close to others)

Å cells are all the same size (unless they are close to others)

Å Users want to optimise % of transcript in cells

Incorrect segmentation leads to incorrect assignment of transcripts

34
[1] Salas et al (2023) biorXiv



Improving cell segmentation - staining multiple cell landmarks

Ũǟɣǌɴʫʻ ɣɴ˿ ɴȇȇǟʫ ʻˉƒȩɣȩɣȊ ɴȇ ɝ˞ɋˉȩʠɋǟ ǁǟɋɋ ɋƒɣǌɝƒʫɅʻ ȇɴʫ ◦ɝ˞ɋˉȩ-ɝɴǌƒɋ☺ ǁǟɋɋ ʻǟȊɝǟɣˉƒˉȩɴɣ

░║ ɋɴɴɅʻ Ʒǟƒ˞ˉȩȇ˞ɋ ǁɴɝʠƒʫǟǌ ˉɴ Ƚ˞ʻˉ T ğ¸▒

35
[1] https://pages.10xgenomics.com/rs/446-PBO-704/images/AGBT_2024_Cell_Segmentation_Poster.pdf



Emerging post -segmentation quality control: spatial doublets

Missegmentation incorrectly assign transcripts from 
adjacent cells

Å Referred to as◦ʻʠƒˉȩƒɋ ǌɴ˞Ʒɋǟˉʻ☺

Å ║we are trying to call ˉȞǟʻǟ ◦̇-̈ ʻʠƒˉȩƒɋ ǌɴ˞Ʒɋǟˉʻ☺║
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Mitchel et al (2025) bioRxiv



ô˻ǟʫɋƒʠʠȩɣȊ ǁǟɋɋʻ ȩɣ ˉȩʻʻ˞ǟ ʻǟǁˉȩɴɣʻ ░║ ʻʠƒˉȩƒɋ ǌɴ˞Ʒɋǟˉʻ▒

Even though tissues sections are verrry thin, they 
are still 3D

Å ◦ſ-ˉ̈ʠǟ ʻʠƒˉȩƒɋ ǌɴ˞Ʒɋǟˉʻ☺

Å How many cells do you expect to overlap?

BONUS PRESENTATION!

Å Check out slides 82 onwards 
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Tiesmeyer et al (2025) bioRxiv
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Complex shapes Overlapping cells

[1] Lu et al (2017) IEEE Trans Med Imaging. [2] Molnar et al (2016) Scientific Reports

[3] Codeluppi et al (2019) Nature Methods. [4] Shutterstock.com 161560277

Jǟɋɋ ʻǟȊɝǟɣˉƒˉȩɴɣ ȩʻɣ☼ˉ ƒɋ˿ƒ̈ʻ ǟƒʻ̈

easy hard

Cell stains might have 
issues

Cells might not be 
stained correctly (e.g. 

red blood cells)



mRNA molecule organisation patterns are not random

39
Codeluppi, Borm et al (2018) Nature Methods



mRNA molecule organisation patterns are not random

40
Codeluppi, Borm et al (2018) Nature Methods



Modelling mRNA distribution

Spatial model ►how are mRNA molecules organised when they come from the same cell?

Å Graph-based models

41



Modelling mRNA distribution

Spatial model ►how are mRNA molecules organised when they come from the same cell?

Å Graph-based models
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42



Modelling mRNA distribution

Spatial model ►how are mRNA molecules organised when they come from the same cell?

Å Graph-based models

Å Density-based models

Cell type model ►how is spatial gene expression associated to different cell types?

Å Prior cell type specific expression signatures e.g. from single cell RNA sequencing data

43



Cell-ʻǟȊɝǟɣˉƒˉȩɴɣ ȇʫǟǟ ƒɣƒɋ̈ʻȩʻ ȩʻ ʻˉȩɋɋ ʻǟȊɝǟɣˉƒˉȩɴɣ║

Image

(imagine people = cells)

44

Instance segmentation

Traditional cell 
segmentation

+

Graph-based methods

Semantic segmentation

Transcript density -
based methods

https://huggingface.co/blog/mask2former



Jǟɋɋ ʻǟȊɝǟɣˉƒˉȩɴɣ ȇʫǟǟ ƒɣƒɋ̈ʻȩʻ ˉɴɴɋʻ ░║ ˉȞǟʫǟ ɝƒɣ̈ ɝɴʫǟ╒▒
Å Graph-based models (is transcript aggregation/clustering different from cell -segmentation?)

Å spage2vec (Partel and Wählby, FEBS J, 2020)

Å Baysor (Petukhov et al, Nat Biotechnol , 2021) 

Å Points2Regions (Andersson et al, Cytometry A, 2024)

Å Density -based models

Å SSAM (Park et al, Nat Commun, 2021) *

Å SSAM-lite (Tiesmeyer et al, Front Genet, 2022) *

Å FICTURE (Si et al, Nat Methods, 2024)

Å TopACT (Benjamin et al, Nature 2024)

Å SAINSC (Mueller-Boetticher et al, Small Methods, 2024) *

Å Augmented Cell Segmentation methods (using scRNA-seq data to improve segmentation)

Å Baysor►can work with a DAPI prior

Å pciSeq (Qian et al, Nat Methods, 2019) ►Poisson point process + negative binomial

Å JSTA (Littmann et al, MSB, 2021) ►joint segmentation and typing applying ML on top of Watershed segmentation

Å Segger (unpublished) ►GNN that utilises nucleus segmentation and transcript graphs
45



Cell segmentation free analysis ►ʠʫɴ☼ʻand cons

Pros:

Å Generally require less computational resources

Å ãɴˉ ɋȩɝȩˉǟǌ ˉɴ ʻˉƒȩɣʻ ░ǟ╖Ȋ╖ ʫǟǌ Ʒɋɴɴǌ ǁǟɋɋʻ Ȟƒ˻ǟ ɣɴ ɣ˞ǁɋǟ˞ʻ┼ ʻɴ T ğ¸ ȩʻɣ☼ˉ ˞ʻǟȇ˞ɋ▒

Å Analysis of measured transcripts

Cons:

Å Cannot identify cells without transcripts (e.g. if a cell -ˉ̈ʠǟ ɝƒʫɅǟʫ ǌȩǌɣ☼ˉ ˿ɴʫɅ▒

Å Conceptual interpretation of results - where are my cells?

Å Limited downstream analysis options

46



Modelling transcript density using 
SSAM and Sainsc
ğƒʫɅ┼ ËǟɴɣȊƷȩɣ ǟˉ ƒɋ╖ ◦Jǟɋɋ ʻǟȊɝǟɣˉƒˉȩɴɣ-ȇʫǟǟ ȩɣȇǟʫǟɣǁǟ ɴȇ ǁǟɋɋ ˉ̈ʠǟʻ ȇʫɴɝ ȩɣ ʻȩˉ˞ ˉʫƒɣʻǁʫȩʠˉɴɝȩǁʻ ǌƒˉƒ╖☺
Nature communications vol. 12,1 3545. 10 Jun. 2021, doi:10.1038/s41467-021-23807-4

Müller -BʁˉˉȩǁȞǟʫ┼ ãȩɅɋƒʻ ǟˉ ƒɋ╖ ◦İƒȩɣʻǁ┴  Jɴɝʠ˞ˉƒˉȩɴɣƒɋ ļɴɴɋ ȇɴʫ İǟȊɝǟɣˉƒˉȩɴɣ-Free Analysis of In Situ 
Jƒʠˉ˞ʫǟ Tƒˉƒ╖☺ İɝƒɋɋ ɝǟˉȞɴǌʻ┼ ǟ⁫⁭⁞⁪⁪⁫⁬╖ ⁪⁫ ãɴ˻╖ ⁫⁞⁫⁭┼ ǌɴȩ┴⁪⁞╖⁪⁞⁞⁫╜ʻɝˉǌ╖⁫⁞⁫⁭⁞⁪⁪⁫⁬
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Transcript density indicate likely cell locations

48
Codeluppi, Borm et al (2018) Nature Methods



Transcript density indicate likely cell locations

49
Codeluppi, Borm et al (2018) Nature Methods



SSAM: cell segmentation free analysis of spatial data

Analyse spatial gene expression density, not cells

Park et al (2022) Nature Communication



The SSAM algorithm in 3 steps

1) Smooth gene expression

2) Provide/identify cell type signatures

3) Generate the cell -type map (sematic segmentation)

51



Step 1.1: calculate spatial mRNA density

Apply Kernel Density Estimation (KDE) with Gaussian kernel

Resulting image represents the probability density of mRNA existence

Å }ʥɰɚ ǊȦʵǀʥǝ˂ǝ ɚɰɈǝǀ˗Ɉǝʵ ˂ɰ ǀɈɰ˗Ǌ ɰȅ Ȉǝɠǝ ǝ̀ʛʥǝʵʵȦɰɠ ╪◘Ȉǝɠǝ ǝ̀ʛʥǝʵʵȦɰɠ ʛǝʥ ʛȦ̀ǝɈ◙╫

Bandwidth (sigma) should smooth between mRNA, but not outside of cells

52



İˉǟʠ ⁪╖⁫┴ ǁʫǟƒˉȩɣȊ ˉȞǟ ◦˻ǟǁˉɴʫ ȇȩǟɋǌ☺ ɴȇ Ȋǟɣǟ ǟ̇ʠʫǟʻʻȩɴɣ

Stacking the KDE of each profiled gene 
ǁʫǟƒˉǟʻ ˉȞǟ Ȋǟɣǟ ǟ̇ʠʫǟʻʻȩɴɣ ◦˻ǟǁˉɴʫ ȇȩǟɋǌ☺

Each pixel in the vector field can be thought 
to have its own expression profile

53



Step 1.3: define gene expression threshold

If total gene expression density is too low then the signal likely originates from outside the cell

Å  ȩɋˉǟʫȩɣȊ ɋɴ˿ Ȋǟɣǟ ǟ̇ʠʫǟʻʻȩɴɣ ʫǟȊȩɴɣʻ ʠʫǟ˻ǟɣˉʻ ǁɋƒʻʻȩȇȩǁƒˉȩɴɣ ɴȇ ◦ɋɴ˿-ʧ˞ƒɋȩˉ̈☺ ƒʫǟƒʻ

54



Step 2.1: identify cell -type signatures

For many cell types, cell -type signatures are known: e.g. single -cell RNA sequencing

If cell -type signatures are not known then they need to be computed from the data

İǟɋǟǁˉȩɣȊ ɋɴǁƒɋ ɝƒ̇ȩɝƒ ɴȇ ɝĦã ʻȩȊɣƒɋ ƒʻ ʫǟʠʫǟʻǟɣˉƒˉȩ˻ǟʻ ɴȇ ◦ǁǟɋɋʻ☺

55
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as a ñproxyò for a cell

local maxima

Tiesmeyer et al (2024) Front. Genet.



Step 2.2: identify cell -type signatures ►cluster local maxima

Cluster gene expression profiles of scRNAseq data or local L1 maxima

Different cluster = different cell type = different function!

SSAM adopts a Louvain algorithm clustering approach

ÅThis can be exchanged with your favourite clustering method!

Median cluster expression = cell -type gene expression signature

Visualise using UMAP

56
Park et al (2022) Nature Communication



Step 3: generate the cell type map

57


