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Cell segmentation—free in
situ spatial transcriptomics
data analysis using SSAM
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Curriculum Vitae

Speaker Name: Dr. Jeongbin Park

» Personal Info

Name Jeongbin Park
Title Assistant Professor
Affiliation Pusan National University

» Contact Information

Address Room# 411, Kyung-Ahm Engineering Bldg.,
Busandaehak-ro 49, Mulgeum-eup, Yangsan-si,
Gyeongsangnam-do, Republic of Korea

Email jeongbin.park@pusan.ac.kr

Research Interest

Translational bioinformatics, Machine learning and computational genomics

Educational Experience

2012 B. Sc. in Physics, Pusan National University, Korea
2014 M. Sc. in Physics, Seoul National University, Korea
2020 Dr. rer. nat. in Bioscience, Heidelberg University, Germany

Professional Experience

2018-2020 Researcher, Berlin Institute of Health (BIH) at Charite, Germany
2020-2022 Postdoctoral Researcher, German Cancer Research Center (DKFZ), Germany
2022- Assistant Professor, Pusan National University, Korea

Selected Publications (5 maximum)

1. Jeongbin Park, et al, Cell segmentation-free inference of cell types from in situ transcriptomics
data, Nature Communications 12, 3545, 2021

2. Sang-Tae Kim#, Jeongbin Park#, et al. Response to “Unexpected mutations after CRISPR-Cas9
editing in vivo", Nature Methods 15 (4), 239-240, 2018

3. Jeongbin Park, et al., Digenome-seq web tool for profiling CRISPR specificity, Nature Methods
14 (6), 548-549, 2017
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CRISPR-Cas9 target sites, Bioinformatics 31 (24), 4014-4016, 2015

5. Sangsu Bae#, Jeongbin Park#, Jin-Soo Kim, Cas-OFFinder: a fast and versatile algorithm that
searches for potential off-target sites of Cas9 RNA-guided endonucleases, Bioinformatics, 30
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Overview

Chapter 1. Spatial Transcriptomics Overview & Methods

Chapter 2. Spatial Transcriptomics Data Analysis w/ SSAM




Chapter 1.
Spatial Transcriptomics Overview & Methods

Cell types

*What is cell type?
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Astrocytes

Oligodendrocytes Neurons

Cell type images from Wikimedia common

* Cells with different shapes and functions
— Cells having different gene expressions profiles




Cell types

*What is cell type?
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Oligodendrocytes Neurons

Cell type images from Wikimedia common

* Cells with different shapes and functions
— Cells having different gene expressions profiles

Really?

Overview




Overview

Bulk sequencing

, @

Bulk Input

¥

Single-cell omics (2015 3%)

YO J|Z e MEE 22
TESIH A0l JtsHE

All cells are averaged

X lcoee ey — 6
4 ,4§ R0 TP

Single-cell sequencing

Microfluidics-based
single cell barcoding

\ 4

Difference between cells revealed

Single-cell omics
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nature methods

Sarwsney 2020 Vol 17 No. Y




Single-cell omics

« Scverse
=] iI o
s HUANEESA LRI
+ https://scverse.org/
Q== s
TS N |I et e b gtk g &
o o
1'
- 9
Single-cell omics
Steering Council
The Steering Council (SC) consists of a fixed number of core team members who have
additional responsibilities to ensure the smooth running of the project.
° S Cve rs e Danila Bredikhin Lukas Heumos Isaac Virshup
° cHd A-” E 24 Tl _l|:_ ; _Ilj_ o Management Committee
— = =T =T = Management Committee is committed to supporting scverse and is directly involved in
investing in its progress.
° httgs://scverseoorg/ Francesca Finotello  Oliver Stegle Fabian Theis Alex Wolf Nir Yosef

Advisory Committee

Advisory Committee helps to shape the overall vision for scverse and to define its priorities.

Bonnie Berger Dana Pe'er AvivRegev Sarah Teichmann

- 10




Human Cell Atlas

ol XIEE ¢

- QIZIO B = MES
ST MESAHUM MY 2 I2HE F oL
MERPERNS0| =5

« Aviv Regev, Sarah Teichmann S Al A& 2l
- https://www.humancellatlas.org/learn-more/governance/
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Spatial Omics
. CHU MRS + 22X nature methods
- Y NIZS 2t9] XH0IE &0l R et
+
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Spatial Omics

« SpaceTx ZA A AL 5FEEE

» DAFALHS ME U 2 UM YD A/ EE Y

* https://spacetx.qithub.io/

+  Our group: Final Analysis / Paper Writing 118

+ Allen Institute for Brain Science ==&, Chan-Zuckerberg Initiative X| &

cQIZ/MF Ml BLAE KE M SE

Spatial Omics
Team
2 8 @
* Spverse S
Prof. Oliver Stegle Prof. Moritz Gerstung Elyas Heidari
Supervisor Supervisor Organizing Committee
o -n;'—D_I-i.“iF —i—/j" Tél_Jl\_ e 22?2 ¥ in® v e ¥ in®
+ https://spatialomics.github.io/
Mostafa Shahhosseini
Organizing Committee
¥ in




Spatial Omics

Hackathon Schedule

Day 1
Wednesday, July 19th, 2023

Brainstorming

« Spverse 1530 1345 Reeption

13:45 - 14:00: Openning Talk: Elyas Heidari

14:00 - 14:45: Openning Talk: Dr. Oliver Stegle and Dr. Moritz Gerstung
/\ I
Ay

4

ZHAI

IS}

*ER28?

o
Al

15:00 - 15:30: Luca Marconato, Status Quo of SpatialData framework for standadization of spatial
data types and analysis

I 15:30 - 16:00: Jeongbin Park, Status Quo of SSAM for seq ion-free spatial i I

+ https://spatialomics.github.io/ 1600 - 1615, rek

16:15 - 17:00: Louis Kuemmerle, Status Quo of TXsim, best practices of QC and panel design

17:00 - 17:30: Florian Wuennemann, Status Quo of MCMICRO for preprocessing, quality control,
and workflow automation

17:30 - 18:00: Vitalii Kleshchevnikov, Cell-cell ¢ ation

18:00 - 18:30: Artem Shmatko, Diffusion models for digital histopathology and ideas towards
integration of histopathology and transcriptomics

18:30 - 18:45: Break

18:45 - 19:30: Conclusion, Brain Storming and Team building > > Session Leaders

15

Single Cell & Spatial Omics Korea (SCSOK)

- s
Single Ce"' and
Spatial Genomics

Date: 12:00 (KST), 3" - 4, January, 2023

Venue: Auditorium ($236), IBS Science Cuture Center,
Expo-ro 55, Yuseong-gu, Daeyeon Korea

Zoom: id > 812 7464 0930
pw > 2023CGE

_Day 1 (3%, Jamuary)

Singlecell / Snaﬂal Transcriptomics Workshon
Center for Genome Engineering

3rd — S5th, January, 2023 IBS Science Culture Center 2F

12:00 -13:15
13:15 - 14:00
14:00 - 14:45
14:45-1530
1530- 1550

17:20 - 1805

09:15- 10:00
10:00 - 10:45
10:45-11:30  Jong Kyoung Kim (POSTECH)
11:30-1230  Lunch Break
1230-13:45  Jihwan Park (GIST)
Session IV 13:15-14:00  Jinwook Choi (GIST)
14:00- 1430 Closing Remarks.

Contec i ot Low. ibww@onny gg‘méu

% ENGINE!

16




Single Cell & Spatial Omics Korea (SCSOK)

2nD a
SINGLE-CELL =

SPATIAL OMICS
WORKSHOP

22nd - 23rd, January 2024

Organizers  Jeonghin Park (Pusan Nasonal Usiversity)
Heetak Lae (nititte for Basc Science)

Venve Eyung-ANm Engineering Buiding.

Pusan National Universfy (Eangsan Campusl,

Busandaehak (o 49, Yangian, Korea

m:". ] ) JonorEwnpank xAIST)

Day 2 Mang Yoon Chel (SNU Hespital)
(23rd, January) Chang Ho Sohn (Yersel Univ)

W B .
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Spatial Transcriptomics Methods

FISH-Based ISS-based
1. Sequential RNA FISH 1. In Situ Sequencing (ISS)
- osmFISH 2. Xenium (FISSEQ + ISS)
- RNAScope 3. STARmap
2. Combinatorial FISH 4. ExSeq
- MERFISH
(MERSCOPE)
- seqFISH+

NGS-based

1. Visium
(formerly Spatial
Transcriptomics)
2. STomics (Stereo-seq)
3. Pixel-seq

4. Seq-Scope

18




Spatial Transcriptomics Methods

Sequential FISH-based Methods

osmFISH and RNAScope

osmFISH

Brief Communication | Published: 30 October 2018

Spatial organization of the somatosensory cortex
revealed by osmFISH

Simone Codeluppi &, Lars E. Borm, Amit Zeisel, Gioele La Manno, Josina A. van Lunteren, Camilla I.

Svensson & Sten Linnarsson

Nature Methods 15, 932-935 (2018) | Cite this article

17k Accesses | 227 Citations | 123 Altmetric | Metrics

-10 -



osmFISH

Cyclic Composite Cell type map
1

Fluidic control (d)

osmFISH

Pump

Heat exchange

OBJECTIVE

22
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RNAScope

 bistechne trand

Products Services Areas of Research Technology Support Partners Diagnostics Image Calendar

Pe .. N : .
" :
‘.

Leader in RNA ISH Technology for Sﬁatiél_ Gene Expression -,

RNAscope™ ISH is a pioneering multiplex fluorescent and chromogenic in situ kybridizatioff teghnelogy.
ACD's patented probe design amplifies target-specific signals, in situ, enabling detection and
quantification of the single RNA molecule providing spatial gene expression results. «
5 .

RNAScope

Preamplifier

Target Probes Amplifier
2L — 0 Label
2 2 Z g 0 Probes

N
N

\ @ <X
oy \
\ ]
\
\—4
\ \
\ mMRNA1
mRNA2

\
\

Step 1 Step 2 Step 3 Step 4

24
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Spatial Transcriptomics Methods

Combinatorial FISH-based Methods

MERFISH (MERSCOPE) and seqFISH+

MERFISH (MERSCOPE)

f ¥ in & R X

o] RESEARCH ARTICLE

Spatially resolved, highly multiplexed RNA profiling in
single cells

KOK HAO CHEN, ALISTAIR N. BOETTIGER, JEFFREY R. MOFFITT, SIYUAN WANG, AND XIAOWEI ZHUANG  Authors Info & Affiliations

SCIENCE - 9 Apr2015 - Vol 348, Issue 6233 - DOLl: 10.1126/science.aaa6090

-13 -




MERFISH (MERSCOPE)

Image 1 Image 2 Image N Decoded image
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o
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2
)

QMmO N D>
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SeqFISH+

Letter | Published: 25 March 2019

Transcriptome-scale super-resolved imaging in tissues
by RNA seqFISH+

Chee-Huat Linus Eng, Michael Lawson, Qian Zhu, Ruben Dries, Noushin Koulena, Yodai Takei, Jina Yun,

Christopher Cronin, Christoph Karp, Guo-Cheng Yuan & Long Cai

Nature 568, 235-239 (2019) | Cite this article

93k Accesses | 645 Citations | 293 Altmetric | Metrics

28
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SeqFISH+

a Hybridize

" " """ " " o ) " " " " - ", - S " "

————————
’

1
1
1
y 4 - S = e 19 hybides 18 e :
- [ - = MEBENET T iy S Super-resolved Optical crowd
. s A » x & %, I i i ing
/ \ / \ / R / N / \ image without pseudocolours
I .’Wj 1 /N) () ,"‘ () _/IV, () ,N, !
N\ Al N\ NI N 1
o s e e S Tt S LY ’
% (Fluorescence channels 2 and 3 detect other transcripts.) B i S e s
ol 29

Spatial Transcriptomics Methods

ISS-based Methods

In Situ Sequencing (ISS), FISSEQ, Xenium, etc.

30

-15 -



In Situ Sequencing (ISS)

Published: 14 July 2013

Insitu sequencing for RNA analysis in preserved tissue
and cells

Rongqgin Ke, Marco Mignardi, Alexandra Pacureanu, Jessica Svedlund, Johan Botling, Carolina Wahlby

& Mats Nilsson

Nature Methods 10, 857-860 (2013) | Cite this article

42k Accesses | 419 Citations | 84 Altmetric | Metrics

In Situ Sequencing (ISS)

-
| Cycle 1
Bridge-probe Library

@i J
NS

Q|1 2 3 - n |Decode
RCP1|@@@® (|GeneX
B RCP2I|@@@® |GeneY
RCP3 @O @ ~ O|Genez
RCPn|PBDP OlGenen

Gyllborg et al, Nucleic Acids Research (2020)

-16 -



Fluorescent in situ sequencing (FISSEQ)

A REPORT

Highly Multiplexed Subcellular RNA Sequencing in Situ

JE HYUK LEE , EVAN R. DAUGHARTHY, JONATHAN SCHEIMAN, REZA KALHOR, JOYCE L. YANG, THOMAS C. FERRANTE, RICHARD TERRY, SAUVEUR S. F. JEANTY, CHAO LI,

f ¥ in & R =

RYOJI AMAMOTO, DEREK T. PETERS, BRIAN M. TURCZYK, ADAM H. MARBLESTONE, SAMUEL A. INVERSO, AMY BERNARD, PRASHANT MALI, XAVIER RIOS, JOHN AACH, AND

GEORGE M. CHURCH fewer = Authors Info & Affiliations

33

10X Xenium

1 O 3 cenomics Products Area of Interest Resources

Xenium In Situ

High-performance
in situ from the
single cell leader

st e

Support

Company

Careers

A

=y d
<1‘l

] y
rd

e

Q Search
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10X Xenium

10x Genomics to Acquire ReadCoor for
$350M, Cartana for $41.2M

Oct 05, 2020 | staff reporter

This story has been updated to include the Cartana acquisition price.

NEW YORK - 10x Genomics announced Monday that it will acquire two firms involved in developing
in situ analysis technologies: ReadCoor and Cartana.

10x has entered into a definitive agreement to buy Boston-based ReadCoor, a spinout from George
Church's laboratory at Harvard Medical School and the Wyss Institute, for $350 million in cash and
stock. ReadCoor launched its RC2 spatial multiomics platform, based on fluorescent in situ
sequencing technology, in February at the Advances in Genome Biology and Technology conference.
10x said it expects the deal to close by the end of the month, pending ReadCoor shareholder
approval. Goldman Sachs is acting as financial advisor to ReadCoor.

10x also revealed it acquired Stockholm-based Cartana, developers of in situ RNA analysis
technology, in late August for $41.2 million. Other details of that transaction were not disclosed.

https://www.genomeweb.com/sequencing/10x-genomics-acquire-readcoor-350m-cartana-412m

10X Xenium = ISS + FISSEQ

StarMAP

@ | RESEARCH ARTICLE f ¥ in & o =

Three-dimensional intact-tissue sequencing of single-
cell transcriptional states

XIAO WANG @ , WILLIAME. ALLEN @ MATTHEW A. WRIGHT @ , EMILY L. SYLWESTRAK, NIKOLAY SAMUSIK @ , SAM VESUNA, KATHRYN EVANS @ . CINDY LIU @

CHARU RAMAKRISHNAN ), Jia iU @), GARRY P.NOLAN ) , FELICE-ALESSIO BAVA () , AND KARL DEISSEROTH () | fewer = Authors Info & Affiliations

-18 -



StarMAP

Intact tissue Targeted in situ RNA sequencing approach

SNAIL probes Hydrogel-tissue chemistry
DNA
BarcPdes amplicons = \i(
Ampllfy :
“MRNAT T N

3D sequencing “
in the gel

>1000 genes mapped over

SEDAL sequencing wnth error-reductlon
AAN six cycles

Single-cell
analyses of gene
expression ®

ExSeq

in & %

@ | RESEARCH ARTICLE f ¥ =

Expansion sequencing: Spatially precise in situ tran-
scriptomics in intact biological systems

SHAHAR ALON @ DANIEL R. GOODWIN @ ,ANUBHAV SINHA @ ,ASMAMAW T. WASSIE, FEI CHEN, EVAN R. DAUGHARTHY @ YOSUKE BANDO @ , ATSUSHI KAJITA,

ANDREW G. XUE (), KARL MARRETT, ROBERT PRIOR {8, Yi cul (), ANDREW C. PAYNE (), CHUN-CHEN YAO, HO-JUN SUK, RUWANG, CHIH-CHIEH (JAY) YU (),

PAUL TILLBERG (), PAUL REGINATO (), NIKITA PAK (), SONGLEI LIU (), SUKANYA PUNTHAMBAKER (), ESWARP.R.IYER (), RICHIE E. KOHMAN (&),

JEREMY A. MILLER @ EDS.LEIN @ , ANA LAKO @ ,NICOLE CULLEN, SCOTT RODIG, KARLA HELVIE, DANIEL L. ABRAVANEL @ NIKHIL WAGLE @ BRUCE E. JOHNSON,

JOHANNA KLUGHAMMER (D MICHAL SLYPER @,JULIA WALDMAN @.JUDIT JANE-VALBUENA @ ORIT ROZENBLATT-ROSEN @,AVIV REGEV @

IMAXT CONSORTIUM, GEORGE M. CHURCH @ , ADAM H. MARBLESTONE, AND EDWARD S. BOYDEN @ fewer Authors Info & Affiliations

-19 -



Information matching

In st read
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Knoan primes
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Spatial Transcriptomics Methods

NGS-based Methods

Visium, STOmics, Seq-Scope

40
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Visium

Visium Spatial Gene Expression

Map the whole
transcriptome within
the tissue context

R

Visium

Visium Spatial Capture Area with
Gene Expression ~5000 Barcoded

Slide Spots
GE —
&= — «— 6.5 mm—

Visium Gene
Expression Barcoded

Spots

100 pm
| T |
L

=
55 um

Partial Read 1

tial UMI

Poly(dT)

42
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STOmics (Stereo-seq)

RESOURCE | VC RUNSrerE v A= M INGPLi778 Vv, Download Full Issue

Spatiotemporal transcriptomic atlas of mouse
organogenesis using DNA nanoball-patterned arrays

Ao Chen 2° e Sha Liao 25 « Mengnan Cheng 2°  Kailong Ma 2° e Liang Wu 2° e Yiwei Lai 2%  Xiaojie Qiu 2° e
Jin Yang e Jiangshan Xu = Shijie Hao  Xin Wang e Huifang Lu = Xi Chen » Xing Liu  Xin Huang = Zhao Li »
Yan Hong e Yujia Jiang e Jian Peng » Shuai Liu ® Mengzhe Shen « Chuanyu Liu « Quanshui Li = Yue Yuan e
Xiaoyu Wei » Huiwen Zheng = Weimin Feng e Zhifeng Wang  Yang Liu « Zhaohui Wang e Yunzhi Yang e

Haitao Xiang e Lei Han « Baoming Qin » Pengcheng Guo » Guangyao Lai » Pura Muioz-Canoves =

Patrick H. Maxwell « Jean Paul Thiery  Qing-Feng Wu e Fuxiang Zhao e Bichao Chen « Mei Li ¢ Xi Dai »

Shuai Wang » Haoyan Kuang e Junhou Hui = Liqun Wang = Ji-Feng Fei » Ou Wang e Xiaofeng Wei »

Haorong Lu « Bo Wang = Shiping Liu e Ying Gu « Ming Ni « Wenwei Zhang » Feng Mu e Ye Yin =

Huanming Yang e Michael Lisby e Richard J. Cornall  Jan Mulder « Mathias Uhlén = Miguel A. Esteban 2 .
Yuxiang Li & Elelongqiliu & EeXunXu & % HelJianWang & Ele S ess e Show footnotes

» Published: May 04, 2022 = DOI: https://doi.org/10.1016/j.cell.2022.04.003 =

STOmics (Stereo-seq)

A

) DNB patterned chip CID sequencing

500 /715 nm

100 ym
(5] Library construction (6 Spatially resolved 200 3 -
& sequencing transcriptomic profiling H 250k H

44
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Seq-Scope

RESOURCE | VOL S RN LRy o NP X sl v, Download Full Issue

Microscopic examination of spatial transcriptome using
Seq-Scope

Chun-Seok Cho * e Jingyue Xi * e Yichen Si  Sung-Rye Park e Jer-En Hsu s Myungjin Kim ® Goo Jun e
Hyun Min Kang e Jun Hee Lee 2 ° e S S foot

* Published: June 10, 2021 = DOI: hitps://doi.org/10.1016/).cell. 2021.05.010 =

Seq-Scope
A Library Structure for 1%-Seq D Dral = F c G!, H
P7 TR1 HDMI HR1 OligodT Dral PS cut g NaOH 5 §?~E NaOHE B
&< Ve B SE|l wash T || Ewte
S 55 @ S
I LS
o % s §
E g

I Library suuctureforz-'-Seq'
P5 HDMI OligodT UM  P7

TR1 HR1 cDNA  TR2

J
-
o
=
3
cluster are
determined
by SBS
(1*-Seq)
46
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Methods Summary

FISH-Based ISS-based NGS-based

- Resolution - Resolution - Resolution
- 150 - 300nm - 0.5-1um - 0.22-100um
- Efficiency - Efficiency - Efficiency
- Sequential: ~100% - ISS: ~5% - Visium: 6.9% or higher
- Combinatorial: 70 - 95% FISSEQ: ~0.005% - Seqg-Scope: 2.8x ~ 15.6x of Visium
ExSeq: 62% (compared to FISH) - Stereo-Seq: 0.2x of Seg-Scope
- Number of genes
- Number of genes - Number of genes
- 10-several hundreds
. 100 - 1,000 - Full transcriptome
- Spatial throughput . .
- Spatial throughput - Spatial throughput
- several mm?
several mm? - cm? - severalcm?
47

Spatial Resolution of Visium

Visium Seq-Scope
A
—x
)
=
3 3
i
: asesusesssesesesasase & 7 cells overlapping
-ﬁ\‘....{m.'-.'.k.s}..'.}:}m..m:(} parimmi:
v
When the spatial resolution is not sufficient to distinguish single cells (e.g., Visium),
you will need deconvolution methods (e.g., Cell2location, Tangram, etc.)
Read this benchmark result:
https://www.nature.com/articles/s41592-022-01481-8
48
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Cell segmentation

“Baysor” can improve cell segmentation, read:
Xxgenomics.com/cn/resources/analysis-guides/using-baysor-to-perform-xenium-cell-segmentation

49

Xenium vs. MERSCOPE vs. CosMx SMI

New Results A Follow this preprint

Systematic benchmarking of imaging spatial transcriptomics platforms in FFPE
tissues

Huan Wang, Ruixu Huang, Jack Nelson, Ce Gao, Miles Tran, Anna Yeaton, Kristen Felt,
Kathleen L. Pfaff, Teri Bowman, Scott J. Rodig, Kevin Wei, Brittany A. Goods, &} Samouil L. Farhi

doi: https://doi.org/10.1101/2023.12.07.570603

This article is a preprint and has not been certified by peer review [what does this mean?].

“Xenium and MERSCOPE provide more reliable true-positive signals of lowly expressed genes and
that Xenium’s overall performance is less dependent on sample input quality than the other two
platforms.”

“Overall, it appears that the out-of-the-box segmentation from Xenium performs poorly in terms of
drawing cell boundaries specific to a single cell, while MERSCOPE and CosMx much more closely
match cell boundaries.”

https://www.biorxiv.org/content/10.1101/2023.12.07.570603v2

50

- 25 -



Spatial Omics Data Analysis Workflow

Is the spatial resolution
good enough to capture

single cells?

Deconvolution & Cell-type mapping
(Cell2location, Tangram, etc.)

(SSAM, etc.) (Watershed, Baysor, etc.)

[ Cell segmentation-free methods \] [ Cell segmentation ]

Cell type mapping
(Cell2location, Tangram, etc.)

Chapter 2.
Spatial Transcriptomics Data Analysis w/ SSAM

52
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Spatial Transcriptomics

e o e
i

Poly-A image (all mRNAs)

53

Spatial Transcriptomics

Methods
- osmFISH
Scatter plot of mMRNAs
- MERFISH (33 genes, colored by genes)
- seqgFISH+

Poly-A image (all mRNAs)
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N

Spatial Transcriptomics

1. MIZESl ZH &I| (Segmentation)

2. ZH 22 mRNA Ji== AlJ|

55

1. M2l ZH &I| (Segmentation)

2. ZH 2t mRNA JH== AlJ|

3

HLANEZMALMSE HIOIE2 22 BALZE =4 Jts!

56

- 28 -



Poly-Almage
(allmRNAS)

Cell segments
colored by cell types

« Segmentation 0| & X &2
« Segmentation= OtAl 210

St 0 A 2 cell-typeS

248 4 Qe LY E (SSAM)
thiI-

Park et al. Nature Communications 12, 3545 (2021)

57

Segmentation O] & X| 23

+ Segmentation= oAl 21

S2tat 0l A 2 cell-typesS

i
x
w

J
==
ﬂJlI

Park et al. Nature Communications 12, 3545 (2021)
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= A= LY E (SSAM)
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SSAM

A Step 1: Calculate spatial mRNA density B Step 2: Identify cell-type signatures

gene 1

representative vectors

4—, Optional: Known signatures
cell-type signatures

mapped to vector field <€ SCRNAseq signatures

D step 4: Construct domain map
domain map

[ Step 3: Generate cell-type map

cell-type 1 cell-type 2 cell-type n
w2 [ ;
<

= -
<=
’ ~

59

Kernel Density Estimation
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o
Q
>
Q
=3
Q.
5
E_I
w
=)
o
x
I
s
=
3
X
Z
>
0
>

K gaussian
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>4

|
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>

o

|

N9

* 2*FWHM(o) Ol Al 2| X| St Hl==oll XI Al 8t == bandwidth 1It2t0[ & h & EX
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Kernel Density Estimation

T 06

AR e T

61

Kernel Density Estimation

where

E;:expression of i —th gene
o, :estimated density of i —th gene
N;:number of mRNAs of i —th gene
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() p o 4
C2dEE
0 0
AR |
500 500 [t ety
1000 1000
1500 1500
2000 2000
2500 2500
3000 3000
1500 1000 500 0 1500 1000 500 0
3,380 x 2,080 = 7,030,400 vectors L1 maxima

63

Inhibitory neurons

w

Oligo- %,
dendrocytes - *’

Vasculature

Zo 2t M “HE" Y (WEI} o)

Inhib. Kenip
Inhib. Crhbp
Inhib. Cnr1
Inhib. Rest
Inhib. Pthlh
Inhib. Vip

® Astro. Aldoc
@ Astro. Gfap
© Astro. Mfge8

OPC
® OD COP

® OD Mature

® PVYM

® Microglia

® C. Plexus
Ependymal

Pericytes
® Endothelial
® Endothelial 1
@ VSM
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NI I EF2! 2 (Cell-type map) M A

L1-maxima vectors cluster centroids

clusters| |

centroids = mean of vectors

genes

(LT
I

vector field

mapping centroids based on largest Pearson's correlation

merging
all cell type maps
—_—

rsy

ot
-~

s

cell type map
of centroid j

cell type map

cell type map
of centroid i

. cell type map
of centroid k

of all centroids

65

o.v

Ml I EtR & (Cell-type map)

SSAM de novo Codeluppi et al.

66

- 33 -




HIXE EF2! 9 (Cell-type map) - Ventricle 2 X

DAPI PolyA

cell type map

ependymal and C. Plexus

67

‘ . SSAM
©o cop BN cemFISH
0D Mature 4

Endothedal *_4

Py. CpneS 4

Pericytes v—_‘

vsM VA
Inhib. Crhbp S — 4

Py. L34 —‘

0D MF *4
Py. L2315 —:‘

Common cell types

1: osmFISH segmentation part

2: Parts overlap

3: SSAM cell-type map part W Tt YT

overlap and each part
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Ml I EF2! 2 (Cell-type map) M A — Guided Mode

Known cell-type signatures

- From single-cell RNA-seq data

- From segmentation-based analysis

vector field

mapping centroids based on largest Pearson's correlation

Known cell-type signatures

-~ ) [3
. > g . 2 4 4

1 Lo pfe TR '
' merging S L “
all cell type maps R v <Y

~ - v &
5 e R. e \.‘-. -

< 3 9
o * "{\ &y .

~ S\ L

ot - -

b ’
cell type map

of centroid i

cell type map
of centroid j

cell type map
of centroid k

oA
cell type map

of all centroids
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T
. =
SSAM Guided-mode & 4
SSAM guided: segmentation SSAM guided: scRNA-seq SSAM de novo
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# & In situ sequencing Ol 0| El &4 (guided mode)

Gastroenterology 160(4) 1330-1344.E11, DOI: https://doi.org/10.1053/j.gastro.2020.11.010
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Window j

Ak

P
9
v
Y \\
| et} )
‘ A Tissue domain map
e [Nni 4 le TR
J 4 S,

Agglomerative "ﬁ r
i 0 ‘ Clustering 2 ";
% J

~

Composition of cell types

+

AT

li/
&
ok \

>
@
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XX 2 X (domain) =4

® Pia + Layer 1
© Layer 2/3

© Layer4

® Layer5

® Layer6

@ White matter
@ Hippocampus
* Ventricle

@® ICCP
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=
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HF Al AGHR Al WX &S (Preoptic area, MERFISH)

Preoptic region o MF AAYHR Al
(preoptic area, POA)
L *1.8mm x 1.8mm x 0.6mm
A / \_\ P
f y * MERFISHZ 0|0/ & 8t mRNA 3D <l X
‘(
[" *135 8 |F&E X
75
ZAYCEH QU HE SMESY
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1200

1000

800

600

400

200

. 0 S R i Dl s IR
200 400 600 800 1000 1200 1400 1600 0 200 400 600 800 1000 1200 1400 1600
1,790 x 1,790 x 9 = 28,836,900 vectors L1 maxima

(z=4 um)

76

- 38 -



2 AHY
s Excitatory  vticroglia
o i
: [ ‘:'t. Cell class
't D
| ® : ‘ @ Inhibitory
FR
Wi @ @ Excitatory
.’ Ependymal & Hiiin Bl
., \ ature
/' ——Inhibito
i . ® Immature OD
Immature OD 2 3 A @ Astrocyte
.. ® Microglia
@® Ependymal
* Endothelial
@ Mural
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Z Hlw

Moffit et al.
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3D NI Bt &
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Tadegs

o

L

s
AN

Allen multiplexed smFISH Gl Ol &

*SpaceTx ZAAAH S Sof &4k=! GO0l H

« 4 LXAIZIE (VISP)

» multiplexed smFISH (osmFISHS} Bl =) JIEH 22 22 2D mRNA #I Xl

«22 B2 R& Xt
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NI EFY 2 (cell-type map)

81

L4 1T Al El 2 22l

® L4IT 1
(L4 IT Rspo1)

®L41T2
(L4 IT Superficial)
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e SSAM &Xl:

pip install git+https://github.com/pnucolab/ssam

e Google Colab0{l 4 SSAM & XI:

done
% 0 )
manyLinux_2_ 64.many Linu:

4.many Linux

85

o OIAICIOIE! LHed D]

e hitps://s3.amazonaws.com/starfish.data.spacetx/spacetx-website/data/s
mFISH _Allen/s3_spot_table.csv

https://spacetx.qgithub.io/
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https://s3.amazonaws.com/starfish.data.spacetx/spacetx-website/data/s
mFISH_Allen/s3_spot_table.csv

o (Al CIOIEH 2127

pandas pd
= pd.rea
spots

Unnamed: gene molecule_id confidence cell assignment_confidence rotated x rotated_y

1296.718027

530778 3 Parml 1 4
530779 3 Parml 1071313
530780 5 0 Parml

530781 arml
530782 Parml

imns

e (Xl GIOIEHE A0 SEH BH&ol|

Fezf2
Fezf2
Fezf2 1293.752097
Fezf2

915.218969

530778 Parml 997457 502.193148

530779 Parml
530780 Parml

530781 Parml
530782 Parml

3
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e SSAMDataset, SSAMAnalysis 24 Xil 244 G}J|

. SSAMAnalys s, verbose=

Running KDE for
Saving KDE for gene Alcam...
Running KDE for Chodl. .
Saving KDE for

Runnin
Savi

Running

KDE for
(DE for
KDE for

Saving KDE for gene Fezf2...

e Local Maxima &tD|

.find_localmax()

Found 2787 local max

Ly

e Local Maxima & 2l5tD|

400 600 800 1000

90
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analysis.clus

Found 15 clusters

ell-ty

chunk
el
chunk
cell-
chunk
ell-
chunk

for
for

for

centroid
centroid

centroid

- centroid

centroid

r centroid

for

for

for

p for

for

centroid
centroid
centroid
centroid
centroid
centroid
centroid
centroid

centroid

1000

1200
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e Cell type & gene expression - 6t7J| (diagnostic plots)

matplotlib.pyplot plt
LlotLit L L

i in range(15)

plt.figure(figsize=[30,5])
ds.plot_diagnostic_plot(i, use_embedding="u

Cluster #0 UMAP, 328 vectors

Cluster

& e - 00 +‘| i I++ il
: 1

1000 = s
| | . “JMM

UMAP, 18 vectors

93

D e T L
P Ve S >
A DN Iy

800 1000 1200
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v fnorm_thr

.
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1000
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ave
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1200
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e Guided modeE <t GIOIE LHed D]

e https://s3.amazonaws.com/starfish.data.spacetx/spacetx-website/data/s
mFISH_Allen/s3_cell by gene.csv

https://spacetx.qgithub.io/

97

ol

e Guided modeE <&t HIOIE S22

Alcam Chodl Cux2 Fezf2 Foxp2 GadZ? Galntl4 Grin3a Kcnipd

gene_name

4664
4665

4669

4670

4690 (0]

2360 rows x 22 columns 98

- 49 -


https://s3.amazonaws.com/starfish.data.spacetx/spacetx-website/data/s
mFISH_Allen/s3_cell_by_gene.csv

—(\‘??Y

4

e ScanPyZ UIOIH 24 3tJ]| (Single-cell 24 S&c|d & 1))

CionWarn

e ScanPyZ 0I0IH &4 35tD]| (Single-cell 248 S&2I & 1)

sc.tl.umap(adata)

sc.pl.umapladata, color='

O 00NV s WN = O

-~ O

UMAP1

100
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e Centroid J| &t Cell-type map M & 3HD|

== ¢|].mean

map_cel [ty

Generating cel l-tvpe map for centroid #0. ..
Pro ing
Generating

s.filter_ce

ot _cel Ity

0 200 400 600 800 1000 1200

102
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