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Transcriptomic data Spatial data
Count matrix High resolution microscopy  Spatial location

Image

Raw data processing
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Standardized pipeline for
scRNAseq data
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processing

This pipeline can be applied on spatially resolvec
transcriptomics data to do a first exploration of
the data.
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S Leverage new data modalities
High resolution microscopy image

A Rich source of morphological information

- Useful for visualization and qualitative result assessment

- We can extract image features to complement gene informai
(transcriptomic features

Input } ( Preprocess W ( Segment \ r Extract features \
- Summary / histogram

- H&E tissue image - Smooth - Watershed
- Fluorescence image - Convert to grayscale - Custom deep learning- - Texture
- Custom functions based seamentation - Deep re%%%ergations

observations
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‘D .
S Leverage new data modalities

High resolution microscopy image

A ResNet(DL model) embedding clustenuster labels obtained from
aDeep learning model trained to predict Gene Cluster assignment.

A Image features clusteCiustering based on the intensity mean, standard
deviation and 0.1, 0.4 and 0.9 quantiles of the H&E stb@ach spot location

Gene clusters ResNet embedding clusters Image feature clusters

10




‘D L
- Leverage new data modalities

Spatial Location

0 S patlal StatistiCSmis fieldstudiesentities by using

topological,geographimr geometric properties. It offerstatistical tests to
score the spatial pattern shown by a gene (assess the spatial relevance of each

of the features of our samples).

Can be used forA Feature selection
A Tissue "markers" exploration

O Spatial GraphSGIraphs are incredibly flexible toolSpatial

graphs encode spatial proximity. Can be used for a wide variety of

purposes, in preprocessing and downstream analysis. (2) ‘x’ . d
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Spatially aware unsupervised analysis

To properly dissect tissue
heterogeneity and fully exploit the
data:

An optimal integration of
transcriptomics data and associated
spatialinformation is essential

Let's take a careful look to the
pipeline up to the clustering step
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<z Spatially aware unsupervised analysis

COUNT data » Normalization

$

Dimensionality reduction

Summarization of Featureselection PCA
information | (~20065000)  (~ 2050 PCs)

Latent representation

UMAP Neighborhood graph

$ \

Visualization Clustering
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<z Spatially aware unsupervised analysis

COUNT data » Normalization

$

Dimensionality reduction

Featureselectio
(~ 20035000)

PCA
(~ 2050 PCs)

Summarization
Information

Latent representation

UMAP Neighborhood graph

$ \

Visualization Clustering
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<z Spatially aware unsupervised analysis

COUNT data » Normalization

$

Dimensionality reduction

Featureselection
(~ 20065000)  (~ 2050 PCs)

.
Latent representation

UMAP Neighborhood graph

$ \

Visualization Clustering

Summarization ¢
Information
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Spatially aware unsupervised analysis

COUNT data » Normalization

$

Dimensionality reduction

Summarization of Featureselection PCA

Information

(~ 20065000)

(~ 2050 PCs)

Latent representation

UMAP

$

Visualization

Neighborhood graph

\

Clustering

In terms of SUMMARIZATION
We aim to compress spatial
information in the latent
representation of the data

to conduct a spatially

aware clustering and
downstream analysis

For VISUALIZATION

Alternatively to the UMAP, we can
use SPATIAL COORDINATED to
visualize CLUSTER ASSIGMENTS
We canincrease the spatial
resolution of the

transcriptomic information  with

modetbased approaches
18
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Spatially aware normalization

3
TOOL : StLearH Spatial Morphological gene Expression Normalization
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TooL : stLeari

Spatial gene expression

H&E image
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Spatially aware normalization

Spatial Morphological gene Expression Normalization
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3) . . .
TOOL - StLearh DL models can convert an image into a 2@ensional vector. Then we can apply PCA to
extract the first 50 PCs as latent features to represent the spot morphology (M)

(¢ Spatial gene expression i . \
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3) . . .
TOOL - StLearh DL models can convert an image into a 2@ensional vector. Then we can apply PCA to
extract the first 50 PCs as latent features to represent the spot morphology (M)

a Spatial gene expressmézne1 H&E image / Spot image Morphological featu%
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TOOL - StLearh DL models can convert an image into a 2@ensional vector. Then we can apply PCA to
extract the first 50 PCs as latent features to represent the spot morphology (M)
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3) . . .
TOOL - StLearh DL models can convert an image into a 2@ensional vector. Then we can apply PCA to
extract the first 50 PCs as latent features to represent the spot morphology (M)
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3) . . .
TOOL - StLearh DL models can convert an image into a 2@ensional vector. Then we can apply PCA to
extract the first 50 PCs as latent features to represent the spot morphology (M)

(a Spatial gene expresTicg:ne1 H&E image /" Spot image Morphological feature\ Alternatively,
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Spatially aware unsupervised analysis

Framed steps are tackled or replaced by the sano®red framed methods

COUNT data »[ Normalization | [stLearn(Sl\/IENormaIiz)]

4

Dimensionality reduction

Summarization Featureselectio PCA
Information (~ 20005000) | (=~ 2050 PCs

Latent representation

. 4 ¥

UMAP Neighborhood graph

\ 4 ¥

Visualization Clustering
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rooL : Giotto (Binary Spatial extractBinSpect

- Binarize the gene expression valdé¢l)
- Assess the spatial pattern lehheckingvhethera gene is usually expressed in

neighboring cells

, gene expression level

Random Streak Hotspot Gradient
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Does not exhibit more potential than Spatial Statistics approadhds
IS COMPUTATIONALLY MORE EFFICIENT
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Spatially aware feature selectibrSpatial Graphs

rooL : Giotto (Binary Spatial extractBinSpect

- Binarize the gene expression valdé¢l)
- Assess the spatial pattern lehheckingvhethera gene is usually expressed in
neighboring cells

- gene expression level

--- neighbor connection . .
Suitableor cases such aseqFISH mouse somatosensory cortex
(underlying layered structure) 000 me e
S |kdeyaar
-1000 e e -1
¥ ?’a >3
0 -2000
1000 - G 2000 4000 6000
l , binarize expression 1000 Gm2 z-scores
(% rank or kmeans) : 3
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” Spatially aware feature selectiorspatial Statistics

(5)
tooL : SPARK (Spatial pattern recognition via kernels)

PREVIOUSAPPROACHES CHALLENGES
SpatIaIDE Poor control of type errors* StatiSticaI

Based on efficient linear mixed models

Not Scalable

Trendseek -_ Computational

Expensive permutation strategies with
non-parametric test statistics

*Type /errors lead to concluding that purely random results are statistically significant
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Spatially aware feature selectiorspatial Statistics

(5)
tooL : SPARK (Spatiapattern recognition via kernels)

Gaussian/periodic kernels (K)

Cauchy combination rule
P value

Spatial expression pattern ; : ’ s TN 10
Generalized linear spatial model P Tin =§ : . w,tan(0.5 - )
----------------- - N Coﬂ'e’aﬁon = 1
> * S5 1.0 A

y,~Poi (N,4) | E - l

log(2) = X8 + b, +¢, 1 b Hyti=

b= (b,,...b,)"~ MVN (0,7,K) | : >‘ % Final P value

£ = (e nt,) ~ MVN (0,7,)) g
o

Relative expression

0 025 050 075 1.00

Kernels

MVN ~ Multivariate normal distribution _
Gaussian

Periodic
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TooL : SPARK (Spatial pattern recognition via kernels)

Olfactory bulb Clustering

Number of detected genes . : :
displaying spatial pattems: I i Ontology enrichment analysis

. 0°28% %22 ofesinae o3s33. Sit3sees
SPARK: 772 Y. i || o R
™ [ ] ose .séo :.. :: 4 > : - 3% .
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Soses :ggzzz., Se8%8 200 :i:‘ tees © Molecular function O 80
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(6)
TooL : SPARK-X (Non-parametric version)

More suitable than SPARK feparse, large -scale dataScalable for dataset with more than
~10.000 of genes

Expression Covariance Matrix (E) measured on
: B ~10.000 spots.

Intuition: if y (geneexpression)is independentof S
(spatialcoordinates),then the spatialdistance
betweentwo locationsi andj would alsobe
independentof the geneexpressiondifference
betweenthe two locations

T = trace(EX)/n

Density
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Spatially aware unsupervised analysis

Framed steps are tackled or replaced by the sano®red framed methods

4 )

COUNT data »[ Normalization | stLearn(SMENormaliz.)

4

Dimensionality reduction

N

( Spatially aware
_ feature selection

S Featureselectio PCA
Summarization of[ N q[ ]
information ZOQOSOOO) (= 2050 PCs)

Latent repYresentation

. 4 ¥

UMAP Neighborhood graph

\ 4 ¥

Visualization Clustering
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I Model based approaches

(6)
TOOL : BayesSpaCeDrovides theSPOT CLUSTER ASSIGMENTSUBSPOT RESOLUTION

Fully Bayesian Model with Markov Random Fi&lgpired on widely used computer vision models for
denoising and segmentizing images in a statistical / probabilistic manner

A Preprocessing: Normalization + Log - Transformation + top HVG + top PCs (~ 15)
A Performancerelies on empirical knowledge for the selection of HVG, PCs, n° of Clusters
A BayesSpacperforms iterative clusteringCONSTRAININGspots to join neighboring clusters (spatial awareness)

Enhanced Enhanced ST Visium
Spatial clustering clustering gene expression

@ Spoti
@ Neighbor of spot i

Spot level

Other spot

@ Subspot
@ Neighbor of subspot i

Subpot level

Other subspot
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I Model based approaches

(6)
TOOL : BayesSpaCeDrovides theSPOT CLUSTER ASSIGMEN¥SUBSPOT RESOLUTION

If the modelonly works with the PCs  of the data:
HOW CAN WE GET SUBSPOT RESOLUTION EXPRESSION M,aDS

Enhanced Enhanced ST Visium
Spatial clustering clustering gene expression

@ Spoti

Spot level @ Neighbor of spot i

Other spot

[
|| @ Subspot
Subpot level ] @ Neighbor of subspot i
l Other subspot
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I Model based approaches

(6)
TOOL : BayesSpaCeDrovides theSPOT CLUSTER ASSIGMENTSUBSPOT RESOLUTION

If the modelonly works with the PCs  of the data:
HOW CAN WE GET SUBSPOT RESOLUTION EXPRESSION M,aDS

Need an additional stepﬂTrain a model to predict gene expression from PCs on original data

Use this model on the subpot PCs values to get Enhanced gene expression maps

Enhanced Enhanced ST Visium
Spatial clustering clustering gene expression

@ Spoti

Spot level @ Neighbor of spot i

Other spot

[
|| @ Subspot
Subpot level ] @ Neighbor of subspot i
l Other subspot
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Spatially aware unsupervised analysis

Framed steps are tackled or replaced by the sano®red framed methods

4 )

COUNT data »[ Normalization | stLearn(SMENormaliz.)

4

Dimensionality reduction

\

( Spatially aware
_ feature selection

J

BayesSpace

Summarization of
Information

Featureselectio PCA
(~ 20005000) || (~ 20:50 PCs)

Latent reresentation

. 4 ¥

UMAP Neighborhood graph

\ 4 ¥

Visualization Clustering
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@
TOOL : Spatially Embedded Dimensionality Reducﬁ&EDRﬁ Provides a Refined Latent Representa}

(Spatial Graph)

Neighborhood graph

Gene expression X

Adjacency matrix A

(;1,5)

. e . 7T
KL loss Reconstruction A" = 7 - Z]
«

Reconstruction X’

representation Z
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@
TOOL : Spatially Embedded Dimensionality Reducﬁ&EDRﬁ

(Spatial Graph) Adacency matrix - KL loss

A

(;I,IU)

Provides a Refined Latent Representaj

Reconstruction A" =7, - 7]

Neighborhood graph

Autoencoder

Gene expression X representation Z
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@
TOOL : Spatially Embedded Dimensionality ReducQSEDRj

(Spatlal G raph) i’ dsabsiney KL loss

A

Variational grap

(;1,5)

Provides a Refined Latent Representaj

Reconstruction A" =7, -7

autoencoder

Neighborhood graph

Autoencoder

Gene expression X representation Z
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1~

Provides a Refined Latent Representaj

@
TOOL : Spatially Embedded Dimensionality Reducﬁ&EDRﬁ

Adjacency matrix A ; ) — 7 7T
KL loss Reconstruction A" = 7 - Z]
«

(Spatial Graph)

(;I,IU)

Neighborhood graph

e(\(:o Lat_ent
representation Z

Gene expression X
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@
TOOL : Spatially Embedded Dimensionality Reducﬁ&EDRﬁ Provides a Refined Latent Representa}

Adjacency matrix A ; ) — 7 7T
KL loss Reconstruction A" = 7 - Z]
«

(Spatial Graph)

Preprocessing:
Normalize, lognorm. and )

PCs computatlon. . Neighborhood graph
Authors recommendation:
~ 300 PCs as input

(;1,5)

Z,:,ﬂ\’(/l, a2l)

[» (Spatial awarenes]s)

Iterative clustering loss

Cells

Reconstruction X’

Gene expression X representation Z

Latent Representatior? is composed by - Encoded features of the gene expresstn
- Spatial embedded features outputted tne Variational Graph Autoencoder
(encoded features) (Spatial Graph) .



Spatially aware unsupervised analysis

Framed steps are tackled or replaced by the sano®red framed methods

4 )

COUNT data »[ Normalization | stLearn(SMENormaliz.)

4

Dimensionality reduction

\

( Spatially aware
_ feature selection

J

BayesSpace

SEDR

Summarization o

[FeatureselectiOT[ PCA
Information (

(~ 20005000) ~ 2050 PCs)

\ L atent representation /

UMAP Neighborhood graph

\ 4 ¥

Visualization Clustering
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Guideline

AData overview
APipeline overview
ALeverage new data modalities
ASpatially aware unsupervised analysis
AData normalization
AFeature selection
AModel based
ABenchmarking and further specific results
AlLatent representation from referenekased deconvolution
ABonus: Deep Data Fusion

47



o’ Benchmarking resultsDLPFC

EEEEEEEEEEEEEEEEEEEEEE
RESEARCH INSTITUTE

Anatomical structure detection

Seurat: ARI= 0.389 Giotto: ARI= 0.367 stLearn: ARI= 0.308

ground truth

-«
SEDR: ARI= 0.573
SRR TTRE- v SEDR? w [~}
" BayesSpace- '—m—k
SpaGCN{ e 3
stLearn ] -m-"
Giotto+ . -ﬂ} L]
Seurat+ '-'—m-s
(7) 0.2 0.4 0.6
ARI



” Benchmarking resultsDLPFC

SEDR- Trajectory Inference

Seurat SEDR

SEDR results reflected the
correctoudgiTnsi de
developmental

ordeningof cortical layers

maUMAP_2
sedrUMAP_2

Monocle3
Tool for pseudotime
estimation

rmaUMAP_2

sedrUMAP_2

**In tumoral samples
pseudetime can show
the tumor progression

(7) 49

_ 3
seudotime seudotime
p p



”

JOSEP CARRERAS LEUKAEMIA )
RESEARCH INSTITUTE
For a future without leukaemia

Benchmarking resultsDLPFC

SEDR- Trajectory Inference & Batch effect

Harmony
Batch effect removal tool thadlignsghe samplesnformation in the PC space

A Raw without Harmony

5.0 5.01 8
@ Layert
® Layer2 = -
er
S ® S_151507 sl 4
& L:;'Z:s ®S_151672 s t:yyzs ©S_151507
: ',;3,{,1 ol ® S_151673 slms o :
e °WM
® NA ®NA
30 3 6 30 3 6 =
D SEDR + Harmony 8 E stLearn + Harmony
10 - ® Layer1 104 @ Layer1
@ Layer2 ® Layer2
5 Se B ® S_151507 b i ® S_151507
. x Lazers . ®S_151672 : ” La§ otk ® S_151672
® Layert ® S_ 151673 & Liers ® S_151673
_5 - e WM 5 @ WM
® NA ® NA
5 0 5 10 -5 0 5 10 10 (7)
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o’ | | |
Benchmarking resulfs SaggitaPosterior

Complex anatomical regions detectidrDentate gyrus

Seurat /Scanpy stLearn

®0
o]
2
I @ 3
N 04

los
®6
e7
e8
©9
10
o
]2
®]13
g e14
15
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)
Benchmarking resulfs SaggitaPosterior

stLearn BayesSpace

0600086
YY)
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" Specific results SEDR

RESEARCH INSTITUTE
For o future withsut leukaemia

Allows for usersupervised reelustering

1- Isolate clusters g
of interest (4,11,17) Sy

UMAP2
-
v
‘.
I SR TP
boy
-
?

2.- Computefiner
granularity clusters

3- Select finer granularity
clusters of interest and merge.

2, 6mp18 ;8 mh19




- A
Specific results BayesSpace

RESEARCH INSTITUTE

Melanoma sample ; R "

Tumorproximal lymphoid tissue

Macrophage

“1 ® Stroma
1 Lymphoid tissue

o s
Spot resolution Subspot resolution

T cell
Authors defined cell types
" based on literature markers:
" A Tumor cell (PMEL)

o | A Fibroblast (COL1A1)
5 o A Bcel(CD19, MS4A1)
A T cell (CD2, CD3D CD3E, CD3G, CD7)
6) i erm— "'“'s;;,'s;;;,;;e;au'ﬁ;;"'"'"""'('éj A Macrophage (CD14, FCGR1A, FCGR1B)
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Guideline

AData overview
APipeline overview
ALeverage new data modalities
ASpatially aware unsupervised analysis
AData normalization
AFeature selection
AModel based
ABenchmarking and further specific results
ALatent representation from reference -based deconvo
ABonus: Deep Data Fusion
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