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Sequencing-based SRT
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PRE-PROCESSING

Raw data processing

Preprocessing SRT data

* Like scRNA-seq data preprocessing:
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Factors that affect data quality in sScRNA-seq

Cell dissociation
Cell capture
Cell lysis
Reverse transcription
Preamplification

Library preparation and sequencing



Factors that affect data quality in seg-based SRT

Cell lysis/permeabilization

Reverse transcription

Library preparation and sequencing



Filtering genes

* Remove mitochondrial genes (gene names
start with prefix mt- or MT-):

* They compose 15-40% of mRNA in each location
* Mostly representing technical artifacts

* Filter based on cell count, cell percentage, non-
zero mean (aim at 8-16 k genes)

https://cell?location.readthedocs.io
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https://cell2location.readthedocs.io/

~iltering spots (counts/genes)
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Poor mRNA capture rates due to cell damage and missing
MRNAs, or low reaction efficiency

ISMB 2023 Tutorial “Spatial Transcriptomics Data Analysis” by Zormpas and Cockell.



https://github.com/ncl-icbam/ismb-tutorial-2023/tree/main?tab=readme-ov-file

Filtering spots (mitochondrial %)
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Partial cell lysis leading to leakage and missing cytoplasmic mRNAs, with the
resulting reads therefore concentrated on the remaining mitochondrial mMRNAs

ISMB 2023 Tutorial “Spatial Transcriptomics Data Analysis” by Zormpas and Cockell.



https://github.com/ncl-icbam/ismb-tutorial-2023/tree/main?tab=readme-ov-file

Resolution variation in sequencing-based SRT
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Spots may contain zero, one, or multiple cells

We can plot the library sizes against the number of cells per spot (to make sure we don't
remove any spots that may have biological meaning)
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ISMB 2023 Tutorial “Spatial Transcriptomics Data Analysis” by Zormpas and Cockell.



https://github.com/ncl-icbam/ismb-tutorial-2023/tree/main?tab=readme-ov-file
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ISMB 2023 Tutorial “Spatial Transcriptomics Data Analysis” by Zormpas and Cockell.



https://github.com/ncl-icbam/ismb-tutorial-2023/tree/main?tab=readme-ov-file

MRNA localization within cells
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QC in sc/snRNA seqg vs SRT

* sc/snRNA-seg: mRNA transcripts from a cell body or nucleus
* SRT: mRNA transcripts from a wide variety of biological domains

* SRT: tissue architecture can result in differences in reagent permeability

» This would lead to sampling differences across the tissue and subsequently
library size differences



Detection density and total detections/library
Sizes are associated with biology

STOmics (Mm Brain)
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Bhuva,..., Davis (2024)



Be aware, variation in QC measure can be

piological
H&E Annotation Library size Total Genes

nCount_Spatial - nFeature_Spatial
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Heezen*, Mao*..., Mahfouz*, Spitali* (submitted)



Spatially-aware QC (SpotSweeper)
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A Standard SpotSweeper
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SpotSweeper (spot-level artitacts

Global outliers
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SpotSweeper (spot-level artitacts
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SpotSweeper (region-level artifacts)
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SpotSweeper (region-level artifacts

Incomplete coverage of Visium array
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SpotsSweeper (region-level artifacts)

Totty, Hicks, Guo (2024)

The k-NN for each spot are identified based on the spatial coordinates

For each neighborhood size (i.e., scale), local variance of the mitochondrial ratio is calculated and
adjusted for a mean-variance relationship using linear regression

Mean-corrected local variance = the residuals of the linear regression
Perform PCA on the mean-corrected local variances of all neighborhood sizes

Apply k-means clustering (k=2) in the first two PCs to identify regional artifacts compared to high-
quality tissue

Multiscale variance > Classification > Visualization >

K-means clustering

PC2

.t N
s fedeg® 4
’ /&’1’7” » gl
.0 e
% .

. ..“1‘.' .

PC1



Normalization



Sources of variation

Biological Technical

* Cell type/state * Cell quality

* Cell cycle * Library prep efficiency
* Cell size * Batch effects

* Sex, Age, ... ° ...



Normalization (1)

Assumption Throughout the experiment
Gene-specific effect Capture and Dilution
‘expression level’ RT fraction factor
A A A
E(X;) =s; x 1 s, = n  x F x A x D, X R;

v v v v
Cell-specific effect Endogenous Amplification Sequencing
‘scaling factor’ mRNA content factor depth

v S =

Ilgnores gene-specific
biases (GC content,
transcript length)

Sequencing

Capture Amplification Dilution

and RT

Vallgjos,..., Dudoit, Marioni (2017)

In practice
Normalized  Estimated
expression scaling factor
A A
~ A
X,I- = X,-l- /S
v
Raw
read count

v

Uncertainty in the
estimation of scaling
factors is not propagated

24



Log-normalization

X..
v, = loge((Z ; x 10,000) + 1)
LMy

e Simplest and most commonly-used normalization strategy
 Divide all counts for each cell by a cell-specific scaling factor (i.e. size factor)

* Assumes that any cell-specific bias (e.g., in capture or amplification efficiency)
affects all genes equally via scaling of the expected mean count for that cell

A modified version of CPM normalization



Effect of dropouts on normalization
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Townes,..., Irizarry (2019)



Does log-normalization (scaling) work?

33,148 PBMCs, 10x Genomics
16,809 genes detected > 5 cells
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5000 -

Number of genes

500 ~

50 -

r~—

.
o

0.001 -
0.01 -

Gene mean

o
—

Gene group ID, size

B 1. 55 || 4, 5942
B2 171 5, 4694
B 3, 1687 6, 4260

27



Does log-normalization (scaling) work?
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Modeling sckRNAseq data

* Model the UMI counts for a given gene using a
generalized linear model

IOS(E(XL')) = Po + B1logiom+ ¢

x;: vector of UMI counts assigned to gene i

m: vector of molecules assigned to the cells, i.e., m; = D Xij

e;: negative binomial (NB) error distribution, parameterized
2

with mean u and variance u + %

Hafemeister & Satija (2019)

Allows variation in total library
size rather than enforcing it
as a constant metric,



L

Library size = biological variation
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Which normalization method to use?

Bhuva et al. Genome Biology (2024) 25:99 Genome Biology
https://doi.org/10.1186/513059-024-03241-7

SHORT REPORT Open Access

: : : : , ®
Library size confounds biology in spatial =t
transcriptomics data

Dharmesh D. Bhuva'?*®, Chin Wee Tan>**, Agus Salim?®, Claire Marceaux>®, Marie A. Pickering7,
Jinjin Chen??, Malvika Kharbanda'2?, Xinyi Jin®?, Ning Liu'*?, Kristen Feher'%3, Givanna Putri??,
Wayne D.Tilley’, Theresa E. Hickey’, Marie-Liesse Asselin-Labat®®, Belinda Phipson®** and Melissa J. Davis'"#>#&f

» Tested the effects of normalization on spatial domain
identification

Though sctransform removes library size effects
effectively, their confounding with biology results
in removal of biological effects as well.

See also for imageing-based SRT. ..

Atta et al. Genome Biology (2024) 25:153 Genome BlOlOgy
https://doi.org/10.1186/513059-024-03303-w

RESEARCH Open Access

e e . ®
Gene count normalization in single-cell R
imaging-based spatially resolved
transcriptomics

Lyla Atta'?, Kalen Clifton'?, Manjari Anant>?, Gohta Aihara'? and Jean Fan'?"



Technology

Salim*, Bhuva*,..., Davis (2024)

Inputs

Negative Binomial GLM

X loglLs

Each gene

log HPeg = Sgt+ fg(xcryc;ﬁg) + {a + hg(xc:yc;]’g)} log LS,

PAC




—eature (Gene) selection



Feature selection

a 500 genes b 20,000 genes
* Curse of dimensionality o
* More features (genes) -> noise . - ‘. s,

40—

<!
b

dominates distances between samples
(cells), effectively all cells get ‘'same’

distance g e -3‘ 5o
é.ﬁ 0 . g. g. : 0y
* Remove genes which only exhibit _ o ?
technical noise £ ‘
v L
* Increase the signal:noise ratio R
-30 -20 -10 0 10 0 50 100 150
[ Reduce the Computational CompleXity PC1, 36% of variance PC1, 13% of variance
Cell label o Zygote ¢ 2 cells 4cells o 8cells 16 cells e Blastocyst

34
Kiselev,... (https://doi.org/10.1038/s41576-018-0088-9)



https://doi.org/10.1038/s41576-018-0088-9

Feature selection
Highly Variable Genes (HVG)

* The simplest approach to quantifying per-gene
variation is to compute the variance of the log-
normalized expression values across all cells

* We define the biological component for each gene
as the difference between its total variance and
the technical component.

* Used as the metric for HVG selection (e.g. top 2000
HVGs)

Orchestrating Single-Cell Analysis with Bioconductor; Lun, McCarthy, Marioni (2016)

variance of log-expression

04

[\*)
L

mean of log-expression


https://bioconductor.org/books/3.13/OSCA/

~eature selection
Spatially Variable Genes (SVG)

“The first law of geography. Everything is related to everything else, but near things are
more related than distant things."Waldo R. Tobler (Tobler 1970)

Positive spatial No spatial Negative spatial
autocorrelation autocorrelation autocorrelation

Boraks,..., Amend (2021)


https://mgimond.github.io/Spatial/spatial-autocorrelation.html#ref-Tobler1970

Feature selection
Spatially Variable Genes (SVG)

* HVGs selection methods designed for sc/snRNA-seq data ignores spatial coordinates

* SVGs are genes with a highly spatially correlated pattern of expression, which varies
along with the spatial distribution of a tissue structure of interest

* Statistical measures of spatial autocorrelation:

» Moran’s |
» Geary's C



Statistical models of SRT
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—— Scale bar (1 unit)
—— Function length scale

SpatialDE: Svensson et al. Nature Methods 2018
SPARK: Sun et al. Nature Methods 2020
SPARK-X: Zhu et al. genome Biology 2021



Batch Correction



Confounders and batch effects

Not confounded design
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Good experimental design does not remove batch

effects, it prevents them from biasing your results.

Don’t design your experiment like this!!!
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Hicks et al. (https://doi.org/10.1093/biostatistics/kxx053)


https://doi.org/10.1093/biostatistics/kxx053
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Batch correction methods

¢ sVl (https://doi.org/10.1038/541592-018-0229-2) Spatially-unawarel!
* MNNcorrect (https://doi.org/10.1038/nbt.4091)

* CCA + anchors (Seurat v3) (https://doi.org/10.1101/460147)
* CCA + dynamic time warping (Seurat v2) (https://doi.org/10.1038/nbt.4096)
e LIGER (https://doi.org/10.1101/459891)

* Harmony (https://doi.org/10.1101/461954)

e CoONos (https://doi.org/10.1101/460246)

e Scanorama (https://doi.org/10.1101/371179)

* Scl\/lerge (https://doi.org/10.1073/pnas.1820006116)
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Summary

* Quality control (QC)
 Normalization
e Feature selection

e Batch correction
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