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the path from tissue to pathology ain’t easy

(sometimes) spot-calling : (hopefully)
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imaging-based spatial transcriptomics

tissue preparation, chemistry, imaging

v

tissue damage/detachment, image/transcript loss,
varying detection across space & experiments

v

“sources of these [...] are known [but]
it’s often unlcear how often errors occur,
how to best detect & describe [them] &
how [they| impact downstream analyses |[...]”
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quality control for img-ST is ways from (sc)RNA-seqg

DISCLAIMER: We don’t really know what’s best (yet) —
I'll try to summarize some recent ideas, and personal pains.

imaging-based spatial transcriptomics

fragmentation, reverse transcription, mapping tissue preparation, chemistry, imaging
# of raw counts per transcript varies with tissue damage/detachment, image/transcript loss,
transcript length, GC content, sequencing depth varying detection across space & experiments
normalization strategies aim to minimize “sources of these [...] are known [but]
these effects & it’s often unlcear how often errors occur,

how to best detect & describe [them] &
how [they] impact downstream analyses [...]”

Martin et al. (2024), bioRxiv 2024.12.04.626766



MerQuaCo proposes a pixel classifier & quality metrics

(sometimes) spot-calling : (hopefully)
stats.-/ ' _ _> transcri pt stats.-/
Al-based N high-plex FISH molecules Y4 Al-based

<4~ H&E staining <= maging
5 “a cellular
b ->

segmentation boundaries

analysis =

X

IF staining



MerQuaCo proposes a pixel classifier & quality metrics

spot-calling

transcript
> P

A high-plex FISH Tolecules

iImaging

R

IF staining



MerQuaCo proposes a pixel classifier & quality metrics

* input: transcript locations + DAPI staining

» series of binary masks (& combinations thereof),
trained on few manually annotated sections
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MerQuaCo proposes a pixel classifier & quality metrics

* Input: transcript locations + DAPI staining  each location is classified
- series of binary masks (& combinations thereof), into one of five categories
trained on few manually annotated sections * tissue within image volumen
- detachment (tissue not imaged)
- . L I - ventricle (no tissue but no loss)
N - ‘ - damage (no tissue due to loss)
' - - off-tissue (outside section) o
W damage
B venice
F ventricle mask detachment mask * 2 transcript mask * 3 damage mask * 4 ~ off tissue
detachment mask D ventricle outline
DAPI :i,,
: ' . ’} —_@ :{i;&
ma P — I.HII

Martin et al. (2024), bioRxiv 2024.12.04.626766



MerQuaCo proposes a pixel classifier & quality metrics

perfusion rate

* |log files can reveal inconsitencies (e.g., blockage)
of volume per time during solution exchange

data loss

» iterative comparison of transcript counts
between neighboring fields of view (FOVs)

detection efficiency

* across section: periodicity,
through section: p6/p0 ratio

transcript density

- should vary across section, but little
between sections of comparable quality
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MerQuaCo proposes a pixel classifier & quality metrics
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beware standard QC metrics — counts relate area AND biology
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beware standard QC metrics — counts relate area AND biology

g il B - filtering based on standard scRNA-seq
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but there’s more we could be looking at... some QC examples

standard QC metrics

# cells across FOVs
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spatial organization of excluded cells might indicate a bias against specific types (but it depends!
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iImg-ST data stem from serial imaging of fields of view (FOVSs)

H&E staining

REF TVA

Crowell et al. Tejpar & Heyne (in prep.)
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iImg-ST data stem from serial imaging of fields of view (FOVSs)

H&E staining
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changes in optical performance lead to lower optical resolution at FOV edges
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lack of stiching leads to cell fragmentation, duplication & inconsistencies

* arrows = missing transcripts

» partial cells are the same between
FOVs, but come with unique IDs



border cells have fewer counts & can highlight other artefacts

- compute each cell’s distance to each FOV border
e | plot counts vs. distance, stratified by direction
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border cells have fewer counts & can highlight other artefacts

- compute each cell’s distance to each FOV border
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Total count

log2 Aspect Ratio

besides fewer counts, border cells are smaller & slimmer
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SpaceTrooper proposes a flag score combining several metrics
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SpaceTrooper proposes a flag score combining several metrics
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SpaceTrooper proposes a flag score combining several metrics

m} | count .
s —~ 4\ logit(F) = f, + f, log . + /3, | log(aspect ratio) | -I{ i<threshold)

outliers

aspect ratio

https://github.com/drighelli/Space Trooper



SpaceTrooper proposes a flag score combining several metrics

T~ logit(F) = log 24 L g1 t ratio) | - 1
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» (e

outliers

aspect ratio flag score

https://github.com/drighelli/Space Trooper



SpaceTrooper proposes a flag score combining several metrics

SPACE
TROORPER

coun

+ /}, | log(aspect ratio) | - I ,_threshold;

outliers | DAPI + segmentation

Bl

aspect ratio flag score

https://github.com/drighelli/SpaceTrooper



debris is usually segmented, yet hard to distinguish

PanCK CD45 CD68
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library size normalization on non-representative panels introduces biases

(sometimes) spot-calling i : (hopefully)
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library size normalization on non-representative panels introduces biases

(hopefully)
stats.-/
Al-based
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library size normalization on non-representative panels introduces biases

+ scaling factors for cells in R
are systematically larger
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library size normalization on non-representative panels introduces biases
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larger/more representative panels help mitigate region-specific effects

» skewed panels of 50...5,000 vs. all genes
(simulated based on scRNA-seq data)

- differences are observed for skewed panels of all sizes,
but their extent decreases as panel size increases

Atta et al. (2024), Genome Biology 25:153
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larger/more representative panels help mitigate region-specific effects

- skewed panels of 50...5,000 vs. all genes
(simulated based on scRNA-seq data)

- differences are observed for skewed panels of all sizes,
but their extent decreases as panel size increases

Cell volume
narmalization

“cell area may serve as a proxy where
volume estimates are not avaiable”

Count based normalization
(library size/scTransform)

Count based normalization,

Reliable cell volume
data available?

interpret with caution

Atta et al. (2024), Genome Biology 25:153
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CD68+ B cells — what’s going on here?

Article | Janvary 27 2025

Tingible body macrophages arise from lymph node-
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spatial bleeding manifests in RNA counts, hence PCs, and UMAPs
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spatial bleeding manifests in RNA counts, hence PCs, and UMAPs
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Marker genes

bleeding occurs in 3D — around, above & below cells
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admixtures occur at
cellular periphery

bleeding occurs in 3D — around, above & below cells
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admixtures occur at
cellular periphery

bleeding occurs in 3D — around, above & below cells

malignant fibroblast macrophage
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DE genes between regions reflect compositional differences (not differences in state)

 manual annotation into
tumor & stromal regions
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DE genes between regions reflect compositional differences (not differences in state)

 manual annotation into
& stromal regions

NSCLC (SMI)

» tumor is dominated by malignant,
stroma is dominated by other cells
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DE genes between regions reflect compositional differences (not differences in state)

- manual annotation into  tumor is dominated by malignant, e comparing regions, genes upregulated
tumor & stromal regions stroma is dominated by other cells in fibroblasts are epithelial markers
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Mitchel et al. propose NMF + CRF clean-up to mitigate spatial bleeding

1. Construct KNN graph per cell 2. Recover pure expression 3. Label admixture molecules using CRF
profiles using weighted NMF
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subcellular neighbourhood  expression profiles  per neighbourhood

Mitchel et al. (2024), BioRxiv 2025.01.02.631135



Mitchel et al. propose NMF + CRF clean-up to mitigate spatial bleeding

1. Construct KNN graph per cell 2. Recover pure expression 3. Label admixture molecules using CRF
profiles using weighted NMF
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Mitchel et al. propose NMF + CRF clean-up to mitigate spatial bleeding

1. Construct KNN graph per cell 2. Recover pure expression 3. Label admixture molecules using CRF
profiles using weighted NMF
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FastReseg uses transcript locations to refine img-based segmentation

itial cell segmentatio i) Flag cells i) Flag transcripts
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FastReseg uses transcript locations to refine img-based segmentation

» flag B cells surrounding black holes

» flag macrophage-related genes

« correct B cell counts &
create new macrophages
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infrastructure for handling img-ST data in R
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infrastructure for handling img-ST data in R

Why? Because infrastructure
around single-cell data is large!
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infrastructure for handling img-ST data in R

SpatialExperiment Moses et al. (2023) bioRxiv 2023.07.20.549945
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infrastructure for handling img-ST data in Python
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infrastructure for handling img-ST data in Python
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appendix — references & resources

technology

He et al. (2022). High-plex Multiomic Analysis in FFPE at Subcellular Level by Spatial Molecular Imaging. bioRxiv 2021.11.03.467020
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normalization
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