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Workshop Overview

Two platforms, two hours, with a small break between.

e Technology & study design

e \Workflow overview

e Quality control (segments +
probes)

e Normalization strategies

e Differential expression (limma-
voom)

e Cell-type deconvolution
(SpatialDecon)

CosMx (~1 hr)

e Technology & study design

e Workflow overview
e Quality control (cells + FOVs)
e (Cellannotation best practices

e Expression-based
communication

e Spatially-aware communication
(SpatialCellChat)



Resources

Github repository

https.//github.com/CRI-
Biocore/Spatial Transcriptomics_GeoMx_CosMx_2026

Randi workshop folder

/gpfs/data/biocore-
workshop/spatial_transcriptomics_bruker 2026_workshop2

Datasets (UC Box)
https://uchicago.box.com/s/tp0j9x6bt8t6igtpbggbubmuaadu9vaf



https://github.com/CRI-Biocore/Spatial_Transcriptomics_GeoMx_CosMx_2026
https://github.com/CRI-Biocore/Spatial_Transcriptomics_GeoMx_CosMx_2026
https://github.com/CRI-Biocore/Spatial_Transcriptomics_GeoMx_CosMx_2026
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Sequencing
CytAssist
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Comparing technologies

Nome | Company | Steey | Rosotsion L oapn

1-10 cells per 55 pm spot
Single-cell (2 um), cell
segmentation

Sub-cellular (50 nm), cell
segmentation

Single-cell (10 pm)

10to 100 of cells,
regions defined by user

Sub-cellular (50-120 nm),

cell segmentation method.

Whole
transcriptome

Whole
transcriptome

Gene panels
(300 - 5000)

Whole
transcriptome

Whole
transcriptome

1000-6000,
genes, Whole
transcriptome
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GeoMx Basics

Proteomics (Antibody-based) and mMRNA expression (Probe-
based) in FFPE or fresh-frozen tissue sections.

Staining: Fluorescent morphology markers applied (DAPI,
PanCK, CD45, etc).

@ Stain slides with flourescently @ Select Regions of @ UV-cleave and collect DSP @ Dispense oligos @ Construct Library,
labeled antibodies and GeoMx™ DSP Interest (ROI) barcodes off RNA probes in ROI into 96-well plate Sequence & Count
oligo-conjugated RNA detection probes
Fluorescen t DSP.Barcodled DSP Barcoded

RNA probes

Fluorescent
antibodies

/ Digital
Spatial Profiler

. : robes
%@ Repeat for each ROI



GeoMx Basics
User-defined regions of
Interest

Subsegments within a ROI
defined by marker expression

Raw Data:
 Annotation file: Excel file with summary statistics per segment.

 DCC files: Counts of each gene/probe per segment and summary
statistics for the segment like total, aligned and trimmed reads.

* PKC files: Include Probe information with RTS_ID per probe and the
gene identities each probe relates to. (Features table)

A different set of data can be a set of 3 files:

* Counts: Matrix with counts per gene.

« Samples annotation: Table with information per segment.
* Feature data: Table with any information, optional.



Study Desigh Considerations — GeoMx

Clear and informative morphology markers (i.e. PanCK+/- to separate distal versus
proximal tubules) or markers that can separate cell types of interest.

e =3 biological replicates per condition

ROI Selection

Match ROls to biological question (e.g.,

glomeruli vs. tubules) recommended

e Consistent morphology marker panels across e Account forslide as batch variable in design
slides. e Multiple ROl types from the same slide =

e Balance ROl types perbiological condition, get pseudo-replication

enough ROl for the desired comparisons

Panel Choice

Segments & AOls

e Geometric segment = entire ROl without

WTA (~18k genes for Human) for discovery;

targeted/custom for hypothesis-driven work. marker gating
e PKC file must match species and tissue and e AOl area and nuclei count affect QC
panel used. Recheck with your provider. thresholds.

e Negative probes (NTC) are required for QC and
LOQ



GeoMx Analysis Workflow

GeomxTools

GeoMxSet elt = “q_norm”

Q
Collapsed ©
Counts Counts

GeomxTools, Ime4,
ImerTest, DeSeq 2,

DCC files limma-voom

PKC files
Annotation xlsx
Image file*

batch
correction®

Normalization

(Q3)

Spatial
Deconvolution
Cell type abundance

DE analysis

SpatialDecon



GeoMx Example dataset

Notebook: GeoMx/1_geomx_setup_qc.ipynb

FFPE and FF tissue sections from 4 diabetic kidney disease (DKD) and 3
healthy kidney sections, Whole. The ROls were selected to focus on tubules or
glomeruli regions.
* Glomeruli: Each ROI defined as glomeruli contains a single glomerulus.
* Tubules: Each ROl contains multiple tubules and are further classified into

distal (PanCK+) or proximal (PanCK-) AQls.
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GeoMx Quality Control — Segments

Notebook: GeoMx/1_geomx_setup_qc.ipynb

Each segment must pass all criteria. QC parameters should be adjusted to your dataset after visualizing distributions.

Segments, #
g

Raw sequencing reads 21,000 1,000 Low reads - insufficient signal
% Trimmed / Stitched / Aligned =280% 80% Library quality; flag if one outlier slides
Sequencing saturation =2 50% 50% <50% > more reads needed
1-(uniquereads /alignedreads)
Negative probe geomean (NTC) =210 = 1.2 (relaxed) Background signal; relaxed for this dataset
NTC count (no template control) < 10,000 10,000 High NTC > contamination risk, ideally under 1k,
Nuclei count 2100 = 50 (relaxed) Simulated in workshop dataset
Segment area >1,000 pm?® >5,000 pm® Correlated with nuclei; dataset-specific, depending on
cell types and tissue complexity.
Aligned (%) Sequencing Saturation (%) Nuclei ~ area
Geometric Segment PanCK- Geometric Segment PanCK- A A . “
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GeOMX QC- Pro beS & LOQ Filteri ng Notebook: GeoMx/1_geomx_setup_qc.ipynb

Probe-Level QC Limit of Quantification (LOQ)

WTA has one probe per gene — probe QC
removes globally underperforming probes

LOQ = GeoMean(NegProbe) x GeoSD(NegProbe)? (min = 2)

e Low Probe Ratio flag: * Per-segment, accounts for variable background
e Probe geometric mean / all-probe * Segmentfilter:
geometric mean <0.1 ¢ Remove segments with < 10% genes
e  Grubbs outlier flag: detected above LOQ
e >20% of segments show this probe as * Genefilter:
outlier (LocalGrubbs) e Keep genes detected above LOQ in = 10%
e GlobalGrubbsOutlier = outlier across of segments
the whole study
200
Gene Detection Rate at different thresholds 2007
100%
g 16,526 150
N 7s% “ Segment type
T Detection Rate 9 . Geometric Segment
5 12,481 e g B panck
E o E‘ 1001 . PanCK+
S 50% 10,070 0% %
E WT
E 7,568 25%
8 5,963 0% 504
g 25% a1
8 3,751 17
1 5
o 1 5 10 20 30 50 0 <1% 1-5% 510%  10-15% >15%
% of Segments Gene Detection Rate

Notebook: GeoMx/1_geomx_setup_qc.ipynb



Normalization Strategies — GGOMX Notebook: GeoMx/2_geomx_limma_voom_DE.ipynb

Why not CPM? Library size in GeoMx reflects both biological expression AND technical factors (ROl area, nuclei count,
sequencing depth). Q3 is more robust data is it not as sparse as single-cell RNAseq, but tends to be more heterogeneous
between segments compared to traditional bulk-RNAseq. Different individuals or slides might also be a major source of variation.

Background Subtraction TMM/ Library Size

Q3 (Upper Quatrtile)

Recommended Optional Use with caution

o Divides counts by the 75th o Subtract negative probe

percentile of detected genes geomean from all counts * :Zizqd;irsail;lﬁ-seq

bersegment * SIS EEIS o Library size can be confounded
o Assumes most genes are not background before normalizing by sergyment area/cellularity

differentially expressed e Useful when negative probe .

. . . . o May be appropriate for matched

. Robust to highly expressed signal varies substantially sesment sizes within a stud

outlier genes, while across segments g v

maintaining biological signal.
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Differential Expression — Desigh & Batch

Design Matrix

~0 + CellType + class:CellType

o ~0removes global intercept— each CellType gets its
own baseline

o class:CellType creates disease-within-celltype
contrasts

o Resulting coefficients:

. glomeruli, ProximalTubules, DistalTubules
(baselines)

° glomeruli_DKD, ProximalTubules_DKD,
DistalTubules_DKD

o Each coefficient = DKD effect within that cell type only

DKD vs Normal glomeruli
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Handling Batch (Slide)

Limma:duplicateCorrelation (recommended):
o Models batch variable as a random effect
o Does notconsume degrees of freedom

° Consensus.correlation: Metric to defineif itis
helpful or requires additional steps.

DESeq2, limma, edgeR, Imer4:

o Good for raw counts + full-rank design (slide not
confounded), add as additional variable in design
matrix.

Top 20 DE genes DKD vs Normal

DKD normal
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Notebook: GeoMx/2_geomx_limma_voom_DE.ipynb



DE Analysis — Practical Considerations Notebook: GeoMx/2_geomx_limma_voom_DE.ipynb

N % ual

Sample size Confounding Multiple testing

Minimum 3 biological replicates per
condition per cell type. More
replicates = better power than more
ROls per sample.

Adjust per cell type separately.
Running all cell types in one model
with interaction terms controls family-
wise error correctly.

Slide confounded with condition?
Cannot use fixed effect — use
duplicateCorrelation or mixed models.

@

Gene filtering Two-round dupCorr
Apply filterByExpr() before fitting — If consensus.correlation >0.5,runa
removes genes with insufficient second round of duplicateCorrelation

counts, improves FDR control. onresiduals of the first model.



single-cell resolution.

NNLS Approach (SpatialDecon)

Observed expression = weighted sum of reference
cell-type profiles

o Non-negative least squares (NNLS) solves for weights
> cell abundance scores (f matrix)

o Input: Q3-normalized expression matrix + (background
from NegProbe-WTX, optional)

o Optional: nuclei counts scale the output to estimated
cell numbers

o Output: B matrix (cell types x segments)

Cell Types

Pre-built atlases (Nanostring CellProfileLibrary):
Human Kidney HCA, Lung, NSCLC, etc.
Workshop: Kidney_HCA (Adult Human)
Custom reference from scRNA-seq:

Reference is a genes x cell-types matrix of mean

Use makeSignatureMatrixFromSCE() or similar

Better if tissue-matched; required if no pre-built
atlas exists

Cell-Type Deconvolution — Why and How

Notebook: GeoMx/3_geomx_SpatialDecon.ipynb

GeoMx segments contain mixed cell populations. Deconvolution estimates cellular composition from expression — without

Reference Profile Matrix

expression per cell type
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DeCO nVO luti On ReSLI ltS & I I’Ite I‘p I‘etatiO I"I Notebook: GeoMx/3_geomx_SpatialDecon.ipynb
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Interpreting & Connecting Results

Composition shift vs. transcriptional response:

o If a DEG is a cell-type marker AND that cell type changes in abundance - likely a composition effect

o If the DEG is nota marker > more likely a within-cell-type transcriptional change

J Deconvolution does not use spatial position — it is expression-based only, to estimate cell type composition per segment.

o Validate rare cell types with caution — NNLS is sensitive to reference specificity



Deconvolution — Limitations & Best Practices Notebook: Geots geoms spatialdecon.ipynd

& Reference dependency

Results are only as good as the
reference. Mismatched reference
(wrong tissue, wrong species)
produces unreliable estimates. Always
inspect the reference heatmap.

/N NNLS constraints

Forces non-negative weights —
cannot detect negative regulation. If a
cell type is absent from the reference,
its signalis absorbed by the closest
match.

/A No spatial awareness

SpatialDecon does not use the
physical position of segments. Two
adjacent segments with similar
morphology may get identical
estimates. Compare to CosMx for
ground truth.

Custom reference

Derive from a matched scRNA-seq
dataset using
makeSignatureMatrixFromSCE().
Tissue-matched references
substantially improve performance.

Nuclei count scaling

If nuclei counts are available, pass
cell_counts=to scale abundance to

estimated cell numbers per segment.

Improves comparability across
segments of different sizes.

Connect to DE

Cross-reference deconvolution output
with DE results. A cell type changing in
abundance is an alternative
explanation fora DEG — check this
before concluding pathway activation.
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CosMx SMI — How It Works

In situ hybridization with iterative imaging — single-cell and subcellular resolution without dissociation.
It can be coupled with Proteomics (Antibody-based) in the same run.

1. Tissue Prep 2.Cell 3. lterative 4. Flat File
& Probes Segmentation Imaging Output

FFPE tissue. Padlock Nuclear stain (DAPI), Fluorescence imaging Per-cell counts (exprMat),

probes hybridize to target cytoplasm and membrane across multiple cycles cell metadata with global
transcripts. Each probe markers define cell decodes per-transcript coordinates (metadata),

carries a unique barcode boundaries. barcodes. Each FOV and FOV positions.

read across imaging Segmentation assigns imaged independently.

cycles. each transcript to a cell.

Key outputs: exprMat_file.csv - metadata_file.csv - fov_positions_file.csv > AnnData (scanpy/squidpy)

Single-cell Subcellular

e Resolution: single-cell (and
subcellular for transcript-level
files)

o Panel: 1,000 genes; up to
~6,000 for multiomics, also a
WTA panel for Human.

10 um

o Negative probes (NegPrb)
i nc lu d ed |n eve I’y p an el — key Accurate transcript assignment
1.4 million cells analyzed across entire enabled by multi-modal, ML

Q C met rl C lymph node FFPE tissue section (1K RNA) segmentation algorithm



Study Design Considerations — CosMx

START STEP STEP STEP

FFPE tissue Permeabilize, fix Hybridization- RNA Assemble into
on standard slides — Retrieve targets specific probes and flow cell
antibodies bind to target

$E&EY

Reporter set 1 UV cleave and Reporter set 2 UV cleave and Reporter set n UV cleave and
hybridization wash fluorescent hybridization wash fluorescent hybridization wash fluorescent
and imaging dyes and imaging dyes and imaging dyes

<%




CosMx processed output Flat files

FOVsSquare regions of Interest,

fixed imaging tiles determined by

the objective and camera.

~1 mm?Z2per FOV (roughly 4200 x
4200 pixels at 0.12 um/pixel).

* exprMat_file.csv: Counts matrix. Rows are cells (identified by cell_ID + fov), columns are
genes.

— * metadata_file.csv: Per-cell metadata. Contains spatial coordinates in in FOV-local space
CenterX_local_px, CenterY_local_Fx) and atthe slide level, as global pixels (
enterX_global_px, CenterY_global_px). It contains other attributes as cell area, aspect ratio,
mean DAPI intensity, and other morphology metrics. One row per cell.

* fov_positions_file.csv: FOV-level layout. Maps each FOV number to its position in the slide.
Onl? rq\{v per FOV, defined by their top-left corner coordinate in both global pixels and
millimiters.

* polygons.csv/ tx file.csv: The transcrci)pt—level file. Every single detected transcript with its
x/y coordinates and gene assignment. Only needed if you want subcellular/transcript-level
analysis, these files are the largest ones in the collection.



CosMx Analysis Workflow

Similar to sc-RNAseq analysis, plus methods that take advantage of the spatial
component per cell or subcellular information.

m DE analysis
Find Markers

Seurat, Scanpy Dreamlet
Pseudo-bulk

.. UMAP and .
Normalization ) Annotation .

a7 clustering Spatially

variable genes

Meringue

Cell-cell

communication

CellPhoneDB or
SpatialCellChat




CosMx Example dataset

FFPE human breast tissue,
tested with the Whole-
transcriptome CosMx panel as
well as proteomics (64
proteins panel).

Focus only onthe WTA panel,
subset to a region within the
slide.

cosmx-human-multiomic-
r t-dat t

spatial2

spatiall

140

120

100

80

60


https://brukerspatialbiology.com/products/cosmx-spatial-molecular-imager/ffpe-dataset/cosmx-human-multiomic-breast-dataset/
https://brukerspatialbiology.com/products/cosmx-spatial-molecular-imager/ffpe-dataset/cosmx-human-multiomic-breast-dataset/
https://brukerspatialbiology.com/products/cosmx-spatial-molecular-imager/ffpe-dataset/cosmx-human-multiomic-breast-dataset/
https://brukerspatialbiology.com/products/cosmx-spatial-molecular-imager/ffpe-dataset/cosmx-human-multiomic-breast-dataset/
https://brukerspatialbiology.com/products/cosmx-spatial-molecular-imager/ffpe-dataset/cosmx-human-multiomic-breast-dataset/
https://brukerspatialbiology.com/products/cosmx-spatial-molecular-imager/ffpe-dataset/cosmx-human-multiomic-breast-dataset/
https://brukerspatialbiology.com/products/cosmx-spatial-molecular-imager/ffpe-dataset/cosmx-human-multiomic-breast-dataset/
https://brukerspatialbiology.com/products/cosmx-spatial-molecular-imager/ffpe-dataset/cosmx-human-multiomic-breast-dataset/
https://brukerspatialbiology.com/products/cosmx-spatial-molecular-imager/ffpe-dataset/cosmx-human-multiomic-breast-dataset/

COS MX Quality ContrOl S— Key Metrics Notebook: CosMx/1_cosmx_preprocessing_gc.ipynb

CosMx QC differs fundamentally from other scRNA-seq: no mitochondrial genes, no ambient RNA, — negative probes are the
noise proxy.

Total counts per cell (min) =200 Empty or debris cells have near-zero counts
Total counts per cell (max) <7,500 Very high counts - likely merged cells or doublets
Genes detected per cell 2100 Panel-dependent; remove cells with negligible detection
% counts from NegPrb (max) <1.0% Negative probe signal = noise; high % > unreliable cell
Cellarea (min) =50 px2 Removes segmentation debris
Cellarea (max) <15,000 px2 Removes merged/over-segmented cells

Panel size guidance for minimum counts s S g
pancsize | Mincouns tingones - -

0
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CosMx QC — FOV-Level Checks
and Spatial Visualization Notebook: CosMx/1_cosmx_preprocessing_qc.ipynb

FOV-Level QC Spatial Visualization as QC

o Aggregate QC metrics per FOV before applying cell- . Plot key metrics like total_counts and
level filters pct_counts_negative_probe on slide coordinates
o Flag FOVs with consistently high negative probe %~ o Random spatial distribution of noise = expected
imaging artifact or tissue damage e  Structured pattern =technical artifact in specific FOVs
o Flag FOVs with anomalously low counts > probe or tissue areas
hybridization failure o

Always use global coordinates.
o Spatially structured noise > consider excluding entire
FOVs rather than filtering individual cells — L

[} 25000
F 20000

Average Negative Probe Signal per FOV Average Total Counts per FOV 25000

o
spatial2

L 10000 pct_counts_negative_probe 14

spatiall

Count

spatial2

n_genes_by_counts

10000

8000

o+

0- 0-
0.050 0.075 0100 0.125 0.150 0.175 0.200 0 1000 2000 3000 4000
pct_counts_negative_probe total_counts

— spatiall

spatial2

4000

2000

spatiall



N 0 I‘ ma lizatio n a n d Clu Ste ri ng Notebook: CosMx/2_cosmx_cell_annotation.ipynb

Normalization for Targeted Panels Clustering Resolution Selection
o Normalize to median library size (not 10,000): o Two validation views:
o Probe-based methods have smaller library sizes o UMAP: are clusters transcriptionally distinct?

than scRNA-seq e Spatial scatter: are clusters spatially coherent?

o Median better represents the dataset's actual o

Spatially mixed clusters may indicate over-clustering or
scale

annotation errors

o Morphology markers (PanCK, CD68, CD45, DAPI mean
o For very small panels (< 1000 genes): skip HVG, intensity) available from segmentation — use as
use all genes. orthogonal check on UMAP

° HVG selection:

leiden_0.2 leiden_0.4 leiden_0.6

UMAP 1

Mean.PanCK Mean.CD68 Mean.CD45 Mean.DAPI
3000

2500
2500

2000 2000

2000

1500 1500

1500

2000
1000 1000 1000

500 500 1000

500

UMAP 2



Cell Annotation — CellTypist
M U lti—M (0) del St ra te gy Notebook: CosMx/2_cosmx_cell_annotation.ipynb

No single model covers all celltypes in a complex tissue. A multi-model consensus resolves ambiguous populations.
Start from your biology assumptions and expected cell types.

This step is highly sensitive to the number of genes in your panel, for small panels your biology priors are more relevant.
For 5k or 1k panels: TransferLabels from sc-RNAseq does not work as well, go for marker-scoring methods or celltypist.

Top 5 markers per cluster
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Gene sets included to evaluate best annotation per cluster

Cells_Adult_Breast Immune_All Low Immune_All_High

Breast tissue (epithelial o Broad immune o Fine immune
lineages) e Majorimmune lineages (T, B, NK, e Granular immune subtypes
o Luminal (LumHR, LumSec), myeloid)

basal, stromal cell types

Consensus Strategy

majority_voting= pools cells per cluster before voting
o Confidence per cell = Check average confidence per model for a cluster.

o Finalannotation: combine best model per cluster —Check markers expression to confirm that the annotation
makes sense



Annotation Best Practices & Validation

Luminal and Basal markers across clusters

Final annotation

ct_major_Cells_Adult_Breast ct_major_Immune_All_Low
- - - - - - - 04 [ ] - 900
1 s
2 > [ X )
31 c®: - 000 :
24 .
549 ]
6 . . ©
7 @ N X X N
LR [
9
2 %

ct_major_Immune_All_High

spatial2

spatiall

Validation Checklist

o Marker gene dotplot: do top markers per cluster match the assigned cell type?

Spatial scatter: do annotated celltypes occupy tissue regions consistent with known biology?

o Morphology markers: do PanCK+/CD68+/DAPI clusters align with epithelial/myeloid/proliferating labels?
o Confidence scores: flag clusters with mean prediction confidence < 0.5 for manual review

Notebook: CosMx/2_cosmx_cell_annotation.ipynb

Fraction of cells
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ceo000@®
20 40 60 80 100

Mean expression
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Endothelial cells
Epithelial cells
LummHR-SCGB
Lumsec-prol
Macrophages
Plasma cells




Expression-Based Communication

CellPhoneDB v5

classification

How CellPhone DB Works

Groups all cells of a given type — pools expression
regardless of location

o Computes mean ligand expression in sender, mean
receptor expressionin receiver

per interaction

type's cells

Sum of significant interactions

|

- 50

o,

Macrophages

Epithelial cells

Plasma cells

Lumsec-prol

- Endothelial cells

- LummHR-SCGB

Hacrophages .. ...
pithelial cells ......

tumsecprol .. ..

Endothelial cells -
LummHR-SCGB -

o Statistical method: label-shuffling permutations > p-value
o Threshold =0.1: gene must be expressed in = 10% of a cell

. Outputs: means, significant_means, interaction_scores

VEGFD-KDR
VEGFD-FLT4
VEGFB-NRP1
VEGFB-FLT1-complex
VEGFB-FLT1
VEGFA-NRP2
VEGFA-NRP1
VEGFA-KDR
VEGFA-FLT1-complex

VEGFA-FLT1

A baseline for ligand-receptor inference based on cells that belong to the same sample or tissue section and their cell type

Key Limitation vs. SpatialCellChat

Notebook: 3_cosmx_cell_communication.ipynb

o Does NOT know which cells are physically adjacent

J High-scoring pairs may never co-localize inthe
tissue

J Treats all cells of a type as one pool— misses
spatial heterogeneity within a cell type

J Use as:
o Broad discovery of possible interactions
o Comparison baseline — what does adding
spatial constraint remove or reveal?

Interactions between
PV and trophoblast

o (o]
o} ©
) o scaled_means

1.00
° ° 075 interaction_scores
o (o] scaled_means x_stroke o
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Lumsec-prol-Lumsec-prol

Endothelial cells-LummHR-SCGB
Endothelial cells-Lumsec-prol
LummHR-5CGB-LummHR-SCGB
LummHR-SCGB-Lumsec-prol
Lumsec-prol-Endothelial cells

LummHR-SCGB-Endothelial cells



Spatially-Aware Communication
S pa ti a lce llC h at Notebook: 4 _cosmx_spatial_cell_com.ipynb

Ligand-receptor inference constrained by physical proximity — only cell pairs within defined distance ranges can

communicate.
Compute vs. Visualization Split
. . Task Where

Key Concepts

o CosMx pixels » um (x 0.12028 Create SpatialCellChat, identify over- .R script
conversion factor) expressed genes/interactions, (seurat_spatial, ~180
computeCommunProb, aggregate Network GB)

o Distance ranges (um):

o interaction.range =250 um
(paracrine signaling)

Visualization: pathway plots, spatialDimPlot,  Jupyter notebook
spatialFeaturePlot (seurat_spatial, ~50 GB)

o contact.range = 10 um
(juxtacrine/cell-cell contact)

J Spatially variable genes (meringue):

. Identifies genes with non-random
spatial distributions b

110000

cell_type
Endothelial cells
Epithelial cells

o More appropriate than DE for
selecting relevant L-R pairs

LummHR-SCGB
Lumsec-prol

Macrophages

CenterY_global_px

100000 Plasma cells

95000

25000 30000 35000 40000
CenterX_global_px



SpatialCellChat — Analysis Pipeline Seript: 4_cosmx_spatial_oelLcom R

n Create Object H Set Database

B Preprocess

createSpatialCellChat 0 subsetDB ( CellChatDB subsetData (chat)

group.by =' final_annotation ' search="Cell - Cell Contact) preProcessing (chat)
datatype="spatial' chat@DB = CellChatDB_subset

Seuratobject + spatial coords + Filter to interaction type of interest Subset expression to signaling genes

spatial.factors

n Spatially Variable Genes B Compute Probabilities n Filter & Aggregate

identifyOverExpressedGenes 0 computeCommunProb ( filterProbability 0
— method="meringue") distance.use =TRUE filterCommunication (

identifyOverExpressedinteracti interaction.range =250 min.links =10

ons () contact.range  =10) min.cells.sr =10)

aggregateNet ()

Spatially variable L or R required Distance-weighted probability Remove weak/sparse interactions



SpatialcellChat — ReSUltS & Visualization Notebook: 4_cosmx_spatial_cell_com.ipynb

Number of significant LR interactions DLK1_NOTCH1
Ligand (row) - Receptor (column)

Plasma cells 6 1 4 20 1

=

Macrophages

LR
interactions
50

Lumsec-prol
a0

30
20
10

LummHR-SCGB

~

Ligand cell type

Epithelial cells

Endothelial cells . 5

Endothelial cells
Epithelial cells
LummHR-SCGB
Lumsec-prol

Macrophages
Flasma cells

SRS Y

Receptor cell type

NOTCH1 NOTCH2 NOTCH3 NOTCH4

Interpreting Spatial vs. Expression-Only Results

CellPhoneDB SpatialCellChat | Interpretation

Strong evidence Significant Enriched Interaction validated by expression and proximity.
Proximity-dependent b 4 Enriched Requires physical contact — missed by expression-only methods
Absent/weak

Possible long-range Significant K Absent Celltypes not co-localizing — may be paracrine at larger scale



Bioinformatics Core Offered Services

U NGS sequencing data analysis

X bulk sequencing data analysis
* bulk RNA-seq, bulk ATAC-seq, Cut&Run, Library screen CRISPR etc.
* standard 10 hours workflow analysis
* 2 weeks results turn around time

X single cell data analysis

* scRNA-seq, scATAC-seq, OMICS etc.
* standard 50-60 hours workflow analysis
* 4-6 weeks results turn around time

X spatial data analysis

* Visium, Xenium, GeoMx, CosMx.

U Grant writing assistance: Aims, power computation etc.

U Consultation: first hour free consultation, in person office
hours

U Application development

Contact us: bioinformatics@ bsd.uchicago.edu
Submit a project request: https:// biocore.cri.uchicago.edu




Weekly In Person Free Consultation

U HPC system team: Randi Support
MW Every Tues d12:90PM—2:80PM N 0 0 N
* Location: Peck Pavilion N161

& Slack Group: https://join.slack.com/t/criscientific-
dzi9891/shared invite/zt-2kghy4392-1ELPfgn8plL5BcXk40F9D4g

U In-person office hours bioinformatics
MW Every Tues dl2:30PM—3:80PM N 0 0 n
* Location: Peck Pavilion N161
* Bioinformatics related questions
 Experimental design questions

U Biostatistical Questions
MO First Tuesda®w30PM-33aRvh Mont h

e Location: Peck Pavilion N161
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CENTER FOR RESEARCH INFORMATICS
BIOINFORMATICS CORE

Bioinformatics Workshop Learning Series

UPCOMING WORKSHOPS:

U May 229, by Jason Shapir@patial Transcriptomics Session
2: Visium and Xenium.

U Summer Break
U October & November: TBD

Diana Vera Cruz, Ph.D.

dveracruz@ bsd.uchicago.edu

Workshop feedback survey
https://muycri.cri.uchicago.edu/educations/trainings/82/survey/



https://mycri.cri.uchicago.edu/educations/trainings/82/survey/
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