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A spatial transcriptomic example

H&E stain:

- Haematoxylin = nuclei
Mo.use - Eosin = extracellular matrix
brain

— Cornerstone of pathology:
study the morphology to
assess disease status

- What other information is
available? 1000’s of molecular
analytes (RNA, Protein,
Metabolites, etc)




Mouse
brain

Extract spatial |

information
(e.g. RNA)

A spatial transcriptomic example
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A spatial transcriptomic example

Calm2

Map spatial

information back
(e.g. RNA
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Extract spatial

information
(e.g. RNA)




Mouse
brain

Extract spatial
information
(e.g. RNA)

A spatial transcriptomic example

Calm2

Map spatial
information back
(e.g. RNA

expression levels)

Obtain spatial
insights

y coordinates.

~10000

3000 7000

5000
X coordinates.



Sequencing

What is spatial omics?



What is spatial omics?
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What is spatial omics?

Sequencing Spatial data science Imaging
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What are the biological questions we’re trying to answer?

Examples in the field of cancer biology: How do cancer How do cancer

subclones grow in 3D? subclones
evolve over time?

ﬁ@"‘ ”Q
. . :2.. s
Questions that require us to understand
cellular behavior within their normal tissue or
enVironment. How do cancer

subclones interact
with each other and with

How do cancer
subclones evade the
immune system and

the TME? Spatial cancer treatment?
- Growth of cancer clones D~ ey

- Interaction with tumor microenvironment
- Signaling and cellular crosstalk

How does the TME How does the TME
shape tumor clonality in influence the growth of
primary and distant sites? cancer subclones

at the molecular level?

Lewis, S. M. et al. Spatial omics and multiplexed imaging to explore cancer P
biology. Nat Methods 1-16 (2021) doi:10.1038/541592-021-01203-6. Cancer cell extrinsic 9
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Historically ...
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Historically ...

Morphology: Pathology Molecular level

L 4 C<ENee

* Which genes drive treatment resistance?

* Isthe immune system activated or suppressed?

* |sthere a biomarker that predict response to
treatment?

 How do adipocytes or stromal cells communicate with
cancer cells? 11



Historically ... RNA-seq
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Historically ...

NATIONAL CANCER INSTITUTE
THE CANCER GENOME ATLAS

BY THE NUMBERS

TCGA produced over

2.5

PETABYTES

of data

To put this into perspective, 1 petabyte of data
is equal to

212,000

DVDs

P

GA RESULTS & FINDINGS

Improved our

MOLECULAR understanding of the
BASIS OF genomic underpinnings
CANCER of cancer
TUMOR Revolutionized how
SUBTYPES cancer is classified

Identified genomic

characteristics of tumors
ﬁ THERAPEUTIC | that can be targeted with
o TARGETS currently available

therapies or used to help
with drug development

THE TEAM

COLLABORATING
—— INSTITUTIONS

across the United States
and Canada

RNA-se

TCGA data describes including

$A33 10

DIFFERENT RARE
TUMOR TYPES CANCERS

based on paired tumor and normal tissue sets
collected from

W 11,000

PATIENTS
using
7 DIFFERENT
DATATYPES

For example, a TCGA study found the basal-like
subtype of breast cancer to be similar to the
serous subtype of ovarian cancer on a molecular
level, suggesting that despite arising from
different tissues in the body, these subtypes may
share a common path of development and
respond to similar therapeutic strategies.

TCGA revolutionized how cancer is classified by
identifying tumor subtypes with distinct sets of
genomic alterations*

TCGAS identification of targetable genomic
alterations in lung squamous cell carcinoma led
to NCI's Lung-MAP Trial, which will treat
patients based on the specific genomic changes
in their tumor.

WHAT'S NEXT?

The Genomic Data

Commons (GDC)

houses TCGA and other

NCI-generated data -~

sets for scientists to o o
access from anywhere,

The GDC also has

many expanded

capabilities that will 0 0
allow researchers to

answer more clinically

relevant questions with
increased ease.

*TCGA's analysis of stomach cancer revealed that it is not a single disease, but a disease composed

offour subtypes, ncluding a new su

yoe dhaacterizd by nfection ith Epstein-Bar v, www.cancer.gov/ccg
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Historically ... [imitations of RNA-seq
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Historically ... [imitations of RNA-seq
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Historically ... single-cell RNA-seq
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Historically ... single-cell RNA-seq
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Historically ... single-cell RNA-seq

Cluster cell types
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Historically ... single-cell RNA-seq

Cell trajectories




Historically ... single-cell RNA-seq




Historically ... limitations of single-cell RNA-seq




Historically ... limitations of single-cell RNA-seq




How to choose and create a spatial omics dataset?

Spatial information is essential to answer these questions, but which method(s) to choose?

How do cancer How do cancer
subclones grow in 3D? subclones
evolve over time?

Time
How do cancer How do cancer
subclones interact subclones evade the

with each other and with immune system and
the TME? Spatial cancer treatment?

O Yoh ol | -oo ya
o

How does the TME ~ How does the TME
~ shape tumor clonality in - influence the growth of *
~ primary and distant sites? ‘ cancer subclones
/ at the molecular level?

Cancer cell extrinsic

Singe eeole Fisd (smFis) Molicolou f)a((ooﬂij Howd Does 0ne Achieve This... ?
RSN Syt o 4 Method # ¢ Method #2 (osns)

i BarstASEGQ

Medified Todlock S >
;\kum‘f\o\
561)%“‘@ e- @_{@
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The different steps in spatial omics research

Data generation

24



The different steps in spatial omics research

Data pre-

Data generation .
processing

25



The different steps in spatial omics research

D -
Data generatio>> LI >> Analyses >
processing

26



The different steps in spatial omics research

Data generation Data pre- Analyses Complex
° processing Y use cases

27



The different steps in spatial omics research

: Data pre- Complex
Data generation . Analyses
processing use cases

e Variety in data characteristics: each technology is different

e Variety of data outputs: spatial is a multi-modal experiment by default



Long history of spatial technology development

Spatial proteomics:

CODEX

CyCIF

MiIBI

IMC

seqlF (lunaphore)

Spatial transcriptomics:

@ RNA-seq of individual
cryosections

‘ Section 1. Technologies based on microdissected gene expression

. Section 2. In situ hybridization technologies

. Section 3. /n situ sequencing technologies

@ Section 4. In situ capturing technologies

. Section 5. In silico reconstruction of spatial data

Btomo-n @NICHE-seq
@MERFISH @ST @Geo-seq
oLcM @RNAscope @FISSEQ -
1982 2008 2013 2015 | 2017 | 2019 :
-9 @ L @ 4 S & *—e @
’ 1996 ‘ 2012 2014 2016 2018 :
@ smFISH @smFISH @ !SSusing L
(on RNA) (improved protocol) padlock probes ®n ‘V/’(’OA @ seqFISH @/ silico
reconstruction 2 4 5
@TIVA| using ISH (sSmHCR) DistMap
@ seqFISH
l @ DNA 1
: microscopy :
: @Nanostring : DBiT-seq
| @-BaristaSeq @ STARmap Gme @HDST : leseq
’ 2019 | - Split-FISH
' 2018 ‘ | ‘ 4 - seqSCOPE
: . Pixel-Seq
: @ProximiD @ seqfFISH+ |{@APEX-Seq :
! @osmFISH - . Stereo-Seq
. @ 10X Visium Nanostrin
‘ @ Slide-seq w ) g
’ ; . B — o - Xenium
29

Asp et al. Spatially resolved transcriptomes. BioEssays 2020



Long history of spatial technology development

Spatial proteomics:
CODEX

CyCIF

MiIBI

IMC

seqlF (lunaphore)

Spatial transcriptomics:

@ RNA-seq of individual
cryosections

. Section 1. Technologies based on microdissected gene expression

. Section 2. In situ hybridization technologies
. Section 3. /n situ sequencing technologies
O Section 4. In situ capturing technologies

. Section 5. In silico reconstruction of spatial data

Asp et al. Spatially resolved transcriptomes. BioEssays 2020

@tomo-seq @NICHE-seq
@MERFISH @ST @Geo-seq
o.M .RNAy,npe ‘l ISSEQ
1982 ’ 2008 2013 2015 2017) |1 2019 ]}
-9 @ & & *—O@ @ & & &
’ 1996 ‘ 2012 2014 2016 2018 .
@ smFISH @smFIsH @ !SSusing \ L /
(on RNA) (improved protocol) padlock probes IIP.L(::]’S\::/:I(;(I)H)H @ seqf ISH.‘//»IASIIICO /
@TIVA | using ISH smHCR) DistMap
@ seqFISH
@DNA | //
microscopy ‘
: @Nanostring DBIT—Seq
@-BaristaSeq @ STARmap GeoMx OHI).SI leseq
- 2019 | splivAsd
- —® & ‘
2018 | : Is;(.—:qS|CSOPE
| | | ixel-Seq
@rroximl ‘

| seqFISH+ | @F==— .q
‘ Visium (10X) |e

@ Slide-seq
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Long history of spatial technology development

Spatial Spatial transcriptomics Spatial transcriptomics
proteomics (FISH) (sequencing)
No. of No. of No. of
molecular targets molecular targets molecular targets

\ )
; \ Ppgr/ /l

\ 7/

\ Vi \F-ajr’ M /
~-Good -~
Excellent

4

seqlF / lunaphore seqFISH+ Visium / 10X

Lewis, S. M. et al. Spatial omics and multiplexed imaging to explore cancer
biology. Nat Methods 1-16 (2021) doi:10.1038/s41592-021-01203-6.



https://doi.org/10.1038/s41592-021-01203-6

Long history of spatial technology development

Spatial Spatial transcriptomics Spatial transcriptomics
proteomics (FISH) (sequencing)
No. of No. of No. of
molecular targets molecular targets molecular targets

Spatial resolution?

What is the spatial resolution of my picture?

32



Long history of spatial technology development

Spatial Spatial transcriptomics Spatial transcriptomics
proteomics (FISH) (sequencing)
No. of No. of No. of
molecular targets molecular targets molecular targets

Number of molecular targets?

Unbiased (e.g. polyA enrichment) or targeted (e.g. antibodies or probes)?

33



Long history of spatial technology development

Spatial Spatial transcriptomics Spatial transcriptomics
proteomics (FISH) (sequencing)
No. of No. of No. of
molecular targets molecular targets molecular targets

Temporal dynamics?

Live or fixed cells? Virtually all technologies use fixed cells (snap frozen or formalin fixed)

34



Long history of spatial technology development

Spatial Spatial transcriptomics Spatial transcriptomics
proteomics (FISH) (sequencing)
No. of No. of No. of
molecular targets molecular targets molecular targets

CENTROSOME WITH TWO
CENTRIOLES CLOSE TO
THE NUCLEUS AND AT ¢

RIGHT ANGLES TO EACH
° GOLGI APPARATUS

OTHER
ME ¢ o
LYSOSOME S{h o 2\ (" MICROTUBULES
o [® RADIATING FROM
3933 - CENTROSOME

MITOCHONDRION e

Subcellular function?

Can the data be used to infer T rsosones
subcellular function or differences? ‘ reasua
“The fluid inside a cell’s nucleus is 300 times P
more viscous than honey... “, Zidovska et all AR

NUCLEUS @ RETICULUM
NUCLEAR PORE ©

NUCLEAR ENVELOPE _
(TWO MEMBRANES) 35

https://physicsworld.com/a/fluid-in-living-cells-is-300-times-more-viscous-than-honey/




Long history of spatial technology development

Spatial Spatial transcriptomics Spatial transcriptomics
proteomics (FISH) (sequencing)
No. of No. of No. of
molecular targets molecular targets molecular targets

Cell throughput?

How many cells can be analyzed? Very dependent on technology, but
typically 100s of thousands and hence 10 to 100x times more than
SCRNA-seq

36



Spatial proteomics

Immunofluorescence: Direct

Indirect
Immunofluorescence Immunofluorescence
Fluorophore Fluorophore Secondary
Antibody

Primé?y ’ 7 .
Antibody Pl

Antibody

Problem: limited fluorophores and secondary antibodies

4

i
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Spatial proteomics

Immunofluorescence: Direct

Indirect

Immunofluorescence Immunofluorescence

Antibody

o8

Fluorophore Secondary

ATHEEE Antibody

Problem: limited fluorophores and secondary antibodies

Solution: Multiplexing strategies

Primary ’ Primary ’

i

38



Spatial proteomics |seqlF / lunaphore

3 (i) Integrated b
microscope Repeat
: n times
XXX XX X
XXX XX
eece A “Sssee < - \‘\\
®e e o
Tissue Elution Optional
' Imaging
(i) Reagent module Autofluorescence
g f —l_
Allgnment
+ Stitching
Final mosaic
Registration
+ Stacking
Rivest, F. et al. Fully automated sequential immunofluorescence (seqlF) for 39

hyperplex spatial proteomics. Sci Rep 13, 16994 (2023).



Spatial proteomics |seqlF / lunaphore

a (ii) Integrated b 5 .
: epea
microscope Immunofluorescence il
XXX XX X
XXX XX
eoce A Sy < B \\\\
®e e o
Tissue Eition Optional
(i) Reagent module Autoﬂuoiescence —l_ Imaging
Allgnment
+ Stitching
Final mosaic
Registration
+ Stacking
Rivest, F. et al. Fully automated sequential immunofluorescence (seqlF) for 40

hyperplex spatial proteomics. Sci Rep 13, 16994 (2023).



Spatial proteomics

(ii) Integrated
microscope

(i) Reagent module

C Top view

Sample

Inlet
Side view
¢ T +
Inlet Heating Outlet

element

seqlF / lunaphore

/— Gasket

b Repeat
Immunofluorescence ‘m

XXX os 00
eooce _, s °0 0
o000 A4 e0oe® s
P ee
Tissue
Autofluorescence
J

-

Optional
Imaging

Elution

-

Allgnment

+ Stitching
Final mosaic

Registration
+ Stacking

4
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Spatial proteomics |seqlF / lunaphore

aSMA BCL6 CD3 CD4 CcD8 CD11b CD11c CD14 CD15 CD16
CD20 CD31 CD34 CD38 CD45 CD45RA CD45RO CD56 CcD68

CD107a CD138 CD163 E-Cadherin FoxP3 Granzyme B HLA-DR ICOS IDO-1
Ki-67 NaKATPase PD-L1 Podoplanin S100 Tryptase Vimentin VISTA
Rivest, F. et al. Fully automated sequential immunofluorescence (seqlF) for 42

hyperplex spatial proteomics. Sci Rep 13, 16994 (2023).



Spatial proteomics |seqlF / lunaphore

DAPI CD56 CD21 ICOS Vimentin CD15 CD138

i

HLA-DR CD38 Podoplanin CD45RA CD11c E-Cadherin CD45 CD16 BCL-6

IDO-1 CD11b CD14 PD-L1 VISTA CD163

Rivest, F. et al. Fully automated s¢ § .
hyperplex spatial proteomics. Sci Rep 13, 16994 (2023).




Spatial proteomics

Lewis, S. M. et al. Spatial omics and multiplexed imaging to explore cancer
biology. Nat Methods 1-16 (2021) doi:10.1038/s41592-021-01203-6.

Spatial proteomics
No. of
targets
Primary antibody Secondary antibody
@
2
g mIHC < T T 4 } }l" 30
4 J
Primary antibody HRP-conjugated SA Tyramide fluorophore Microwave treatment
oPAL 1 — » — > — ‘ 10
4 |
Direct IF Indirect IF: PA Indirect IF: SA Fluorophore bleaching
1 4 Y 60
IF or — —
Cye Y y 1 ) ¢ ) S ¢
4 |
,a Primary antibody Fluorophore release Fluorophore bleaching
2 REAdye :
s - 1 1 ) 0 100
lease and G 400
g REAfinity 4 4 A 4 7 or oz (400)
=
2 dsDNA-conjugated PA pool ~ Extension with fluorophore Fluorophore cleavage Extension with fluorophore
©
s e L g& } g £ £ el ~ KoL -
Ll — Kaagl l'rfrwp(' xJ fr‘fcfxrl’
ssDNA-conjuagated PA pool ~ Concatemer hybridization Fluorescent probe hybridization Reporter removal
Immuno } g 3 10
-SABER e | — — O (50)
Barcoded PA pool Barcode amplification Fluorescent probe hybridisation Reporter removal
InSituPlex I{ { } } il ; I I( l/ } 10
L o+ - < xJ -
Metal-conjugated PA pool UV laser ablation TOF mass spectrometry
= oY :
B Yy 4 v 4 L
£ IMC - l 100
5 A1 47 4A%1 0y b Ju L )
g Metal-conjugated PA pool lon beam gun TOF mass spectrometry
« -
g g p s 0
u W v 4 — 100
g mB NIV 1A% 1 4y bl (100
=g Stain + oligonucleotide-conjugated PA pool Oligonucleotide cleavage Quantitative analysis
g ) Yo r - s
g DSP r(: £ == <
e | — | Gt | — b (100)
§ : 2

Tissue
prep.

FFPE

FFPE

FFPE

FFPE

FF*
FFPE

Whole-mount
FF*
FFPE

FFPE

FF
FFPE

FF
FFPE

FF*
FFPE
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Spatial transcriptomics (FISH)

1. Target Hybridization 2. Fluorescence
Imaging

Fluorophore

Oligonucleotide #* »:

RNA 1




Spatial transcriptomics (FISH)

1. Target Hybridization 2. Fluorescence 3. Photobleaching

Fluorophore Imaging

Oligonucleotide ®* >
LN RNA 1
X 3 Y 3 X )
RNA 2 ”””RNAZIHI”
n-rrn/ 1-rrrn/ | B rrrrn’ ****** %
e 2 RNA 3

Problem: limited fluorophores

Solution: Multiplexing strategies 46



Spatial transcriptomics (FISH)

1. Target Hybridization 2. Fluorescence 3. Photobleaching

Fluorophore Imaging

Oligonucleotide ®* >
LN RNA 1
X 3 Y 3 X )
RNA 2 ”””RNAZIHI”
n-rrn/ 1-rrrn/ | B rrrrn’ ****** %
i RNA 3
t |

Repeat for Different RNA

Problem: limited fluorophores

Solution: Multiplexing strategies 47



Spatial transcriptomics (FISH) |seqFISH+

in situ hybridizations

- seqFISH(+)
- merFISH

- osmFISH

- smFISH

- splitFISH

=

transcript 1= @

48



Spatial transcriptomics (FISH) |seqFISH+

in situ hybridizations

=

transcript 1 = @
transcript 2 =@
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Spatial transcriptomics (FISH) |seqFISH+

Sequential in situ
hybridizations

=

transcript 1= @ @
transcript2=@® @
transcript3= @ @
transcript4 = @ @
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Spatial transcriptomics (FISH) |seqFISH+

Spatial transcriptomics (FISH)

Tissue section Single-cell mMRNA
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Eng, C.-H. L. et al. Transcriptome-scale super-resolved imaging in tissues by RNA seqFISH. Nature 568, 235-239 (2019).
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Spatial transcriptomics (FISH)

Box 1| Calculating multiplexing capacity

The list below includes the equations used to calculate the mul-
tiplexing capacity of various clonal barcoding, smFISH and
sequencing-based methods. Here F is the number of fluoro-
phores, N is the number of probe-binding positions, H is the
number of hybridization rounds and B is the number of nucleo-
tide bases in the readout sequence.

Confetti: 4 (1 allele), up to 10 (2 alleles)
LeGO: 2F -1

Spectral barcoding L

)INI
Spatial barcoding: Y = NIE
osmFISH: FX H
MERFISH: 27 -1
seqFISH: F*

ISS: 4°
FISSEQ: 4*

Lewis, S. M. et al. Spatial omics and multiplexed imaging to explore cancer
biology. Nat Methods 1-16 (2021) doi:10.1038/s41592-021-01203-6.
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Spatial transcriptomics (FISH)

Lewis, S. M. et al. Spatial omics and multiplexed imaging to explore cancer
biology. Nat Methods 1-16 (2021) doi:10.1038/s41592-021-01203-6.

Spatial transcriptomics (FISH)

smFISH

Spectral
barcoding

Spatial
barcoding

osmFISH

MERFISH

seqFISH

seqFISH+

RNAscope

==

'\../.—_ ~e—a_ ~—o

To~—— ~— ——

O o— ~—— .~
Round 1 Round 2
e Fomames 0, e romamie

\ Photobleach
IR
{
\T}‘Tlxxl“\ ‘ll DNase
\ Formamide
-
=
<z

\ \ l Photobleach
‘ & _
ToN~—

DNase

Round n

—.\o—o/-‘

i

Wiihh

|
Tl‘\ ‘l_—’ 'l||l\\\ °)

] i
%“}‘

No. of

Barcode targets
NA <10
32

00+ =0 (792)

000 -

. 10,000

0.0

10,000

NA 12

Tissue
prep.

FF

FFPE

FF

FF

FF

FF

FF

FFPE
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Spatial transcriptomics (sequencing)

in situ hybridizations

in situ sequencing

in situ capture

o—

spatial barcode
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Spatial transcriptomics (sequencing)

Visium Spatial Gene Capture Area with Visium Gene Expression
Expression Slide ~5000 Barcoded Spots Barcoded Spots
B=] oo
Eis — o 6.5m
U L 100 pm
4 T, .
E au e e
S (%) J
\\\\ l . 55 Hm

Visium / 10X

Barcode

Poly(dT)

30nt
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Spatial transcriptomics

Lewis, S. M. et al. Spatial omics and multiplexed imaging to explore cancer
biology. Nat Methods 1-16 (2021) doi:10.1038/s41592-021-01203-6.

sequencing

Spatial transcriptomics (sequencing)

Image, laser capture

Tissue digestion,
mRNA collection,
cDNA synthesis

Sequence cDNA

Sequence cDNA

Barcode

0. -

LCM based
(e.g., LCM-seq)
Stain, image Permeabilize tissue,
mRNA capture,
in situ cDNA synthesis
mRNA capture
(e.g., spatial =
transcriptomics) i
-
Permeabilize tissue, In situ cDNA synthesis
microfluidic barcoding, image
Microfluidics based
(e.g. DBIT-seq) 1l
Round 1 Round 2 Round n
cDNA
~w _ - = ~RNA
Padlock probe hybridization
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The different steps in spatial omics research

: Data pre- Complex
Data generation . Analyses
processing use cases

* Image processing

* From raw signal to usable data
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Essential pre-processing steps: image stitching

Correction and
Stitching

~Na
A -
[

Dries, R. et al. Advances in spatial transcriptomic data analysis. Genome Res 31, 1706-1718 (2021).
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Essential pre-processing steps: image co-registration

Correction and
Stitching

Al N

B Registration

Dries, R. et al. Advances in spatial transcriptomic data analysis. Genome Res 31, 1706-1718 (2021).
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Essential pre-processing steps: image co-registration

Images Spatial Expression

Correction and
Stitching

B Registration

Unregistered

I e
: IR CeScee
=

Dries, R. et al. Advances in spatial transcriptomic data analysis. Genome Res 31, 1706-1718 (2021).



Essential pre-processing steps: image co-registration

Images Spatial Expression

Correction and
Stitching

B Registration

Unregistered

Registered
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Dries, R. et al. Advances in spatial transcriptomic data analysis. Genome Res 31, 1706-1718 (2021).



Essential pre-processing steps:

Correction and
Stitching

B Registration

Dries, R. et al. Advances in spatial transcriptomic data analysis. Genome Res 31, 1706-1718 (2021).
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Essential pre-processing steps: barcode calling

Correction and
Stitching

B Registration

Barcode Calling

Dries, R. et al. Advances in spatial transcriptomic data analysis. Genome Res 31, 1706-1718 (2021).
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C Segmentation

Essential pre-processing steps:

segmentation P

Correction and
Stitching

B Registration

Barcode Calling
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Essential pre-processing steps:

Segmentation Classic approaches
| Fiji QuPath

C Segmentation




Essential pre-processing steps:

segmentation

C Segmentation

Classic approaches

Fiji QuPath

T @

New Deep-learning approaches

(a) Object Instances (b) Object Instances
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CellProfiler”

cell image analysis software
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The different steps in spatial omics research

: Data pre- Complex
Data generation . Analyses
processing use cases

* Cellidentities
e Spatial architecture
* Image information
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Dries, R., Chen, J., Rossi, N. del, Khan, M.M., Sistig, A., Yuan, G.-C., 2021. Advances in spatial transcriptomic data analysis. Genome Res. 31, 1706-1718.



The different steps in spatial omics research

: Data pre- Complex
Data generation . Analyses
processing use cases

e Multi-scale datasets
e Multi-modal datasets
e @Giotto Suite: advanced software
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The emerging field of spatial omics
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The emerging field of spatial omics
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The emerging field of spatial omics

RNA-seq
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The emerging field of spatial omics

RNA-seq
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The emerging field of spatial omics

Single-cell RNA-seq
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The emerging field of spatial omics
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The emerging field of spatial omics
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The emerging field of spatial omics
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The emerging field of spatial omics
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Datasets of the future

High resolution mapping of the breast cancer tumor microenvironment
using integrated single cell, spatial and in situ analysis of FFPE tissue

Amanda Janesick, Robert Shelansky, Andrew D. Gottscho, Florian Wagner, Morgane Rouault,
Ghezal Beliakoff, Michelli Faria de Oliveira, Andrew Kohlway, Jawad Abousoud, Carolyn A. Morrison,
Tingsheng Yu Drennon, Seayar H. Mohabbat, Stephen R. Williams, 10x Development Teams, Sarah E.B. Taylor
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Integration of Multiple Spatial Omics Modalities Reveals Unique Insights
into Molecular Heterogeneity of Prostate Cancer

Wangqiu Zhang, (2) Xander Spotbeen, (2 Sebastiaan Vanuytven, (= Sam Kint, Tassiani Sarretto,
Fabio Socciarelli, (=) Katy Vandereyken, Jonas Dehairs, (2 Jakub Idkowiak, (=) David Wouters,
Jose Ignacio Alvira Larizgoitia, (=) Gabriele Partel, (=’ Alice Ly, {©’ Vincent de Laat, Maria José Q Mantas,
Thomas Gevaert, (&) Wout Devlies, (=) Chui Yan Mah, (2 Lisa M Butler, {©) Massimo Loda, {2 Steven Joniau,
Bart De Moor, () Alejandro Sifrim, (2 Shane R. Ellis, ©2) Thierry Voet, () Marc Claesen, (=) Nico Verbeeck,
Johannes V. Swinnen

B s

S5

UMAP visualization of ST data

Inherent spatial

ST-slide H&E microscopy reference
Co-register H&E | Co-registered
MSl-slide H&E microscopy microscopies MSl=ST;
Co-register MSI
with MSl-slide
microscopy
UMAP visualization of Granularity
transformed MSI data matching

79



Datasets of the future

High resolution mapping of the breast cancer tumor microenvironment
using integrated single cell, spatial and in situ analysis of FFPE tissue
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Datasets of the future
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Datasets of the future
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Giotto Suite: A Multi-scale and Technology-agnostic Spatial Multi-omics

@‘ Analysis Ecosystem

Giotto Suite

www.giottosuite.com
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Giotto Installation

Giotto Ecosystem An open-source and technology-agnostic spatial
plotto configuration multi-omics analysis platform

Giotto Suite is a collection of open source software tools, including data structures and methods,

Giotto Object Creation
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