KSBi-BIML 2024 2

Bioinformatics & Machine Learning(BIML)
Workshop for Life and Medical Scientists

S33Ee & MAAE RITe (22221)

Single—cell Multiomics

Z|™-01  meqoysta

@ KSBI | stzygsoy

OOOOOOOOOOOOOOO
IIIIIIIIIIIIII




BIML 2024 %3

=
—

7t a5}

PA & LICH

2 g 25 o|Qlo| Ct2

Ao

L
—

o

Ho

ol

ulJ

d
o)

=

Ell



KSBi-BIML 2024
Bioinformatics & Machine Learning(BIML)
Workshop for Life and Medical Scientists

H L7t

L5

t

L
8

Propl 3 R MR T <] ow m Kk o N T o - o ® o ol ol X
H ol W mM ¥\ ® 3 g o o M M K 9 o B Ik = I m N
Mw W o= oy w S o N0 &l mm s oW o K = @1 O m ol
% K & oo T T g Lo KR o Z g & kD T | Y
L e wmz = 7" = w2z w Ro= d L L ST
oo o™ S oo < I O L o0 X N KO
J M 10 F1 1w G W o o @ Q9 I N ol
R Wy nErs ST W oo = =
e K ogr do N X A zo T K - = S I L] N
REZwmageogpd Tl il g2 32wl @
o o Ho &n <k IH o X .|_..A..._| M 4 35 d KO ™ 50
on  ®O o ol o ST M &7 o o N0 R0 =S 5 W — = {p
TH e i S0 g oo Do = N 2 O F = 0
7 W @ 4 T x5 0 o o wm & w oA g rr
_ Mo ow o B W X S om oy 8 gy Z @ oe A
M ~— ® ¥ O ~N KI X of © M @0 = .n.m: o B0 o @l ~H
S _.__H._u_._ L o Mm: mn__..__ 8l 1 s o = %E EF.__I._ _Alo i B o Ho 1 =
N 5 5 = M_M T Y = = o S o m 5 S g o
W_ o) K o Ho ol ol o =) N ly ] = o N Kk S H
= o ol oo H &% o © T 8 ™ 55 D = @ o) <
o 4 K W& S ) o 9 = Ol o O "
51 = = H B © 7 o Ko ou I L R T ) oo N
o N _ o g K I m oz o8 © OB 4oy N ey
g T S L A < N N mom ook o H O Ebonoq
m 1M oI H <o ._mo K0 M <Ko K = m o0 <k N__n
F 7 5 - oo KW [ - = o7 <
o 5 N B N ! «E ol R O T T 0
2 0 o =+ 2 o' o
fegiso s LRERTEIEY Sa s
=g J®agdzs Pg SR W om g ROBOS o T B OE
w g M P xR T B K oI g M0 q oz 5 W IH ¢ O+ T K
Jp o Y= u- T IR B I (L A Toxomo
=z _ 2 3 o W owRow =5 g © o oopoHl o om ool - X B
B 2 M g g2 o HgU s 7w BP0
H g @ ol w_._ 0l0 T N K A %_ R K R0 ~ TS o0 R -2
X _ Gl s S o gy o% g T N v & _ o N oof W -
T 2wy RN 4w Ty s E By BT
0 S _|._ K X = A_“_”_ ~ o . ol il _IH_ ~0 H =0 A un| ~O o] |__|_
oy oF B = R - - S L B =1 U R
jol = My = o ol ] [y ~ pa| ol ] 5 = Kd 100 ol o+ o
iy H S | = TN — == K __ o op ©
] D . T R ] = ¥ I - B y - K W T
g O oy FOM oW s gz om F OO oo o 3 N K
J— E i —_ _ o A —_ J— T J— o | —7 e
g BT xRt =gz T T E g w
& o T Ho B o ® m ¥ N R ©o ® 0 om X0 W5 T KOOI
!/ I K <KD ool o R0 T ol Kmo oom K- uu 1 oF o H K WM @ N T



28 24Y (E)

DAY1

- g
4 7
8 e
< <
pel
.
(] |7
: ;
[ ..
{0 ra @ £
AL il i [T B
< = Q0 = =
_ 7 fr & kKl Z
ERE = o
_ 2 1 o 2 a4
= o (= =) —
w o T m Y s 9e wIg
o E <0 S =< 2 <A T o o
Jor 3 < N or N 5 o
o i ol o L& 0w T
m | RS L W F S T W
Ridml |TFT| |8 RODEL OB =g
Woogo ol & 3 @ S<rurozr L = e Sl
uo | 1S Nk F | ok o | & = > oF B Ry > WF
<@ & 5 ~ K < T B0 Jf
2w g = | ol ojo
K |go H S 0 or K oo £ r 2 Mg
Ho | & Bl M 5 Mo | o = Wl ooT
o0 or L oWy fop
ﬂ 7! o X gl Wt o m_._n_v_ + =
o N s Wo =T T g - o £ A
mm Ko S 3 > =
© o Xl T s g2
%0 X A x5 x =
o H = 9 v O
__E Ho w © Q >
— Qo < 9
— e —
O_ b= ©
- c
- S
S 5
@ )
(9}
o () o wn LN (@) (@) o () o o o o
N o m <t — o o N o N < o (o]
R & & o o S o A& < < o R
T | i " i i i N T T - i <
(@) (@) o o LN N (@) M o o o o o o
@ | N S ) = = o) @ | N S I < S
(qV] (qV] o < <t Ne} (o) [qV) (V) on <t < O

BIH Arrhythmia Database)

(MIT-

2

HX ol EbX|. Recurrent Neural Network +
=

¥

H
=

7
N

L|
o
£-

1

b ElR
= HE

—
I

Al
(=]

+

HMHFE HOo|HE &3
Transformer

-17:40

16:20



Azt

09:00-09:20

09:20-09:30

09:30-10:50

10:50-11:00

11:00-12:10

12:10-13:40

13:40-15:10

15:10-15:20

15:20-16:50

CNN/RNN 2% 3= Ho

DAY1 : 28 26¥ (&)

Ol w==(n2qCistin)
S Al
aTr
CNN (0| &)

XA
oo

RNN, ChatGPT, XAl (0| &)

0|42 mA(TACHSm)

2
o>
e
R
i}
ol

48 M5 I A|ZH3} B (Tensorflow A1&)
o

09:00-09:20

09:20-09:30

09:30-11:00

11:00-11:10

11:10-12:40

12:40-14:10

14:10-15:30

15:30-15:40

15:40-16:50

Practice1: Scanpy basic workflow

Y40 £n, 18F 21

Al
O

o

Public database, data integration, reference mapping, multiomics
HIEZ2 W(KAIST)

A
2

Jot

Practice2: Advanced single-cell analysis (siVl universe)

H40 @, 18F =1



DAY1 : 28 27¥ =h

Azt g 2
= (Xt atstst 285 1013)

09:00-09:20 S=
09:20-09:30 SAALYE TE

Al-based protein structure prediction
- Intro to protein structure prediction
09:30-10:50 - Early Al-based approaches
- AlphaFold and RoseTTAFold
HAF DM Stistm)

10:50-11:00 SA

Al

#2 o>

=
= =2
Wy 2z

¥

=
11:00-12:10 o CoIabFoId% %%ﬂ' g‘ﬁx_!'g- 0"
. . - Tips &Tricks for better structure modeling

#4017 DM
12:10-13:40 XAl

Al-based protein design

- Intro to protein design
13:40-15:10 - Protein backbone design using RFdiffusion
- Protein sequence design using ProteinMPNN

HAUF WM STEtn)

15:10-15:20 4
CHEE C|XPQl ME&
15:20-16:50 - RFdiffusion % ProteinMPNN2| E88H A&

017 (M 20hetam)

Z o
Azt =1rns -
(XtHa}stcyst 28 102=)
09:00-09:20 S5
09:20-09:30 SRAE HE
i } Introduction to Single-cell biology
09:30-11:00 AH0l D4 (Taicyetm)
11:00-11:10 74

i. Unsupervised Spatial transcriptome analysis
11:10-12:40 ii. Tumor Boundary Determination in Spatial Transcriptomics

7dQ =i, 0|28 =i

12:40-14:10 Al

i. Deconvolution Analysis Using Single-cell RNA Sequencing and Spatial Transcriptomics
14:10-15:30 ii. Cell-Cell Interaction Analysis in Spatial Transcriptomics
AR =1, ZsA| =

15:30-15:40 SAl

i. Open Chromatin Region Analysis and Biological Interpretation of Using scATAC-seq Dataset
ii. Construction of Gene Regulatory Networks Based on Integrated

Analysis of scATAC-seq and scRNA-seq Datasets
Hotd =, oj=% =

15:40-16:50



DAY1 : 28 28% ()

Az
09:00-09:20 5
09:20-09:30 SKAAt M
Introduction to Transformers (0| &)
09:30-11:00 N
HMOIX| @4 (De{TfEtm)
11:00-11:10 g4
Introduction to Transformers (&&)
11:10-12:40
ST =, ARE T
12:40-14:10 SRS
Deep learning in Bioinformatics
14:10-15:40
L OfLp W=(ehfriet )
15:40-15:50 g4
Deep learning modelS O|8%t M&
15:50-17:20

2ojs £

09:00-09:20 s5
09:20-09:30 SKAtE HE
ofo|3 2Hio|E 7|2 0|2
09:30-10:50
O|MX{ MM==(GIST)
10:50-11:00 E=EN
16S rRNA amplicon seq. - DADA2
11:00-12:10
AEQ ZW, WK =1
12:10-13:40 ESES
A HEXE 24 7|90 HE
13:40-14:40
O|MXH WM==(GIST)
14:40-14:50 E=EN
Shotgun metagenome =4 (Linux)
14:50-16:50

FEQ Z1, #HL Za



Azt

09:00-09:20

09:20-09:30

09:30-10:50

10:50-11:00

11:00-12:10

12:10-13:40

13:40-15:10

15:10-15:20

15:20-16:50

Azt

DAY1 : 28 29¢ (&)

3}5tH 28 7| X (Cheminformatics) / FEE4H U A= L2 (druglikeness)
Molecular Notations &Descriptors / Al A 2F7'% ol
Al M2 LS 2|8t Programmin

AESH W (KAIST)

N o

Google Colab®ll RDKit 2X| / 2t&tE HE 7] &
Bioactivity database ZM U HHE ‘a’

Molecular descriptor (fingerprint) 4
Yax £@, Lte

0x
*a
),

)

5
&
-
S
nx
o

Al MRS 9IBh JIASAY 71X / QSAR 2R JIE / Al MOHES i3 Tajd 2w
Virtual screening (ligand-based, structure-based) % de novo design
LEH H(KAIST)

S Al
T
QSAR modeling M| 2d H&/ 2tehE2| Bioactivity 05 23 742
Virtual screening 1PdS S¢ MAZHEE L= HS
X =W, H4EF =

09:00-09:20

09:20-09:30

09:30-11:00

11:00-11:10

11:10-12:40

12:40-14:10

14:10-15:40

15:40-15:50

15:50-17:20

£ / Gene regulatory network O|&
dEY LU (saisty)

Seurat/Signac, ArchR, TENET+ &&
i =, Yo =W



zZoa

Single-cell Multiomics

8| ¥ Fo|ct o] ZooME R 22 YUS 7|HIO 2 scRNA-seq, scATAC-seq HIO|E{Qt 10X
visium % xeniumE E&SIE spatial transcriptomics H|O|EH 2M4#& CHECE ZH HO|Ho £

1 7|12 2M mo|Z2tol8 AJWSED, multi-omics H|O|EHC| E8tA Mg E| ME 7to| Chek

o CHYSH CHY M FHA| C|O|H2| HXE|(preprocessing) X &4

e CIQ MZ QFXA OHO|HE 0|83t deconvolution X &7F MAY CIO|EHE &3t M= 7t

"
[m
4o

(22| 8GB O|4, ClA3 0{837t 30GB 0|4
EAM0| Q3 R library packages listE MI3g of™o[L| st Zo| THS Qsf Zo| Ho

25 2Xof 27| siELL.

* o] ol 2253
« tol: 2MOl (necfeta ojatetat o2 MBS WA
Mg MY, AXH, SBY, 0T, 0|2, XM, O|CHE, A&



Curriculum Vitae

Speaker Name: Jungmin Choi, Ph.D.

» Personal Info

Name Jungmin Choi
Title Associate Professor
Affiliation Korea University

p Contact Information
Address 73, Goryeodae-ro, Seongbuk-gu, Seoul 02841, South Korea

Email jungminchoi@korea.ac.kr

Phone Number  02-2286-1469

Research Interest
Genetics, genomics, computational biology

Educational Experience
2012 Ph.D. in Genetics, University of Maryland, USA
2004 B.S. in Chemistry, Yonsei university, Korea

Professional Experience
2018-2019 Research Associate, Rockefeller University, USA
2013-2018 Postdoctoral research fellow, Yale University, USA

Selected Publications (5 maximum)

1.

Jeong J, Lee J, Talaia G, Kim W, Song J, Hong J, Yoo K, Gonzalez DG, Athonvarangkul D, Shin
J, Dann P, Haberman AM, Kim LK, Ferguson SM, Choi J, Wysolmerski J. Intracellular Calcium
links Milk Stasis to Lysosome Dependent Cell Death During Early Mammary Gland Involution.
Cell. Mol. Life Sci. 2023 in press.

. Hwang JY, Chai P, Nawaz S, Choi J, Lopez-Giraldez F, Hussain S, Bilguvar K, Mane S, Lifton

RP, Ahmad W, Zhang K, Chung JJ. LRRC23 truncation impairs radial spoke 3 head assembly
and sperm motility underlying male infertility. Elife. 2023 Dec 13;12:RP90095. doi:
10.7554/eLife.90095. PMID: 38091523; PMCID: PMC10721216.

. Cho JM, Park HC, Lee JW, Ryu H, Kim YC, Ahn C, Lee KB, Kim YH, Han S, Kim Y, Bae EH,

Kang HG, Park E, Jeong K, Kang S, Choi J Oh KH, Oh YK. Baseline characteristics of the
Korean genetic cohort of inherited cystic kidney disease. Kidney Res Clin Pract. 2023
Sep;42(5):617-627. doi: 10.23876/j.krcp.23.097. Epub 2023 Sep 27. PMID: 37813524; PMCID:
PMC10565461.

. Kim Y, Park HC, Ryu H, Kim YC, Ahn C, Lee KB, Kim YH, Han S, Bae EH, Jeong K, Choi J, Oh

KH, Oh YK. Factors Associated With the Development and Severity of Polycystic Liver in
Patients With Autosomal Dominant Polycystic Kidney Disease. J Korean Med Sci. 2023 Sep
25;38(38):e296. doi: 10.3346/jkms.2023.38.e296. PMID: 37750370; PMCID: PMC10519778.

. Cho S, Chun Y, He L, Ramirez CB, Ganesh KS, Jeong K, Song J, Cheong JG, Li Z Choi J, Kim

J, Koundouros N, Ding F, Dephoure N, Jang C, Blenis J, Lee G. FAM120A couples SREBP-
dependent transcription and splicing of lipogenesis enzymes downstream of mTORC1. Mol
Cell. 2023 Aug 17;83(16):3010-3026.€8. doi: 10.1016/j.molcel.2023.07.017. PMID: 37595559;
PMCID: PMC10494788.



Table of Contents

Chapter 1 What is R programming?
Chapter 2 Space Ranger
Chapter 3 BayesSpace

Chapter 4 Cell Ranger

Chapter 5 scRNA-seq data pre-processing

Chapter 6 Deconvolution Analysis — RCTD

Chapter 7 Cell-cell interaction analysis — Cellchat
Chapter 8 Xenium in situ
: ~ Chapter 9 ArchR

Chapter 10 FigR




1. What is R programming?

What is R and Why R?

* Ris used widely in biological research and provides a solid platform for beginner scientific progr
* It's free and open-source.
* It runs on all major operating systems.

* R is the most common statistics platform in genomics and easy to use.




Command line

Several ways to use R

Graphical user interface

R —
HE BT %7 76 Avne eAe: AAN
Gla) blslo] @) (8

Rstudio

e P e o

Rstudio

locale:
[A] wn S UTF- & ers S, UTF-8en US. UTF -8/ en_US. UTF -8/ en_US.UTF-8

time zoee: Asin/Secul
tacode sowrce: intarnel

ttoched bate pothnges:

{;} ::n: grophicy growd =-R"C0ﬁ'39’|“e

loaded wio o romespoce: {ond not ottoched):
[1] ecepiler 4.3 8 tosls 4.3.0
> x «="Hello, Morlal®

» primt(c)
(1] “helle, Worldl®

& Senpt +

-

* Rstudio — Integrated development environment (IDE) for R and python

Code editor0il Al 2
HU ESA™ JA= =2

LICH

“Hella, Barldi®

Environment / History

I PRte L PRCKIgaE | Hip VHAE =

3 Laport =

Other panes
(Files, Plots,
Packages, Help)

c
=




2. Space Ranger

What is Space Ranger?

» Space Ranger is a set of analysis pipelines for processing 10X Genomics Visium sequence data
Q files) with high resolution microscope images of tissue.

+ It maps the transcriptomic reads to the microscope image of the tissue from which the reads were ob
ed

» We will introduce spaceranger count pipeline among the 5 pipelines




Space Ranger Pipelines

e spaceranger mkfastq

* spaceranger count

*  spaceranger aggr

*  spaceranger targeted-compare
*  spaceranger targeted-depth

Space Ranger

Primary
Anuly“s
spaceranger spaceranger spaceranger
mkref mkgtf mkfastq
I;'mii spaceranger molecule_info.hS Additional
I fukicctoomtone kit
Analysi
Custom Reference coun s s

(for FF samples only) Spatial Eu“” I
Targeted GEX (FF) l l
r

I_I

EI

Spatial GEX (FFPE) l
CytAssist GEX (FFPE)
spaceranger spaceranger spaceranger
targeted-compare ] targeted-depth aggr

https://support.10xgenomics.com/spatial-gene-expression/software/pipelines/latest/what-is-space-ranger

Run sapceranger count command

# Do not run below

$cd /home/jdoe/runs

Sspaceranger count —--id=sample345 \ #Output directory
--transcriptome=/home/jdoe/refdata/GRCh38-2020-A

\ #Path to Reference
--fastgs=/home/jdoe/runs/HAWT7TADXX/outs/fastqg path

\ #Path to FASTQs
--sample=mysample \ #Sample name from FASTQ filename
--image=/home/jdoe/runs/images/sample345.tiff \ #Path
to brightfield image
--s51ide=v19J01-123 \ #Slide ID
--area=Al \ #Capture area
--localcores=8 \ #Allowed cores in localmode
--localmem=64 #Allowed memory (GB) in localmode

https://support.10xgenomics.com/spatial-gene-expression/software/pipelines/latest/using/count

Input : the microscope image (.tiff), FASTQ files(Fastq)
Perform : sequence alignment, tissue detection
Output : gene-spot matrix




Output files of Space Ranger

Filename v i filtered_feature_bc_matrix
B web_summary.html B matrix.mtx.gz

read10XVisium Input files

¥ I spatial B features.tsv.gz

tissue_positions_list.csv n barcodes.tsv.gz

B tissue_lowres_image.png @ cloupe.cloupe
tissue_hires_image.png ¥ I analysis
» scalefactors_json.json > B umap
B detected_tissue_image.jpg > i tsne
B alianed fiducials.ipa > I pca

B raw_feature_bc_matrix.h5 > Il diffexp

v i raw_feature_bc_matrix » Bl clustering

B matrix.mtx.gz
B features.tsv.gz
B barcodes.tsv.gz

. possorted_genome_bam.bam.bai

B possorted_genome_bam.bam

B molecule_info.h5

B metrics_summary.csv

B filtered_feature_bc_matrix.hS

Output files

* raw_feature_bc_matrix

Dataset having spots that theoretically don’t overlap with tissue
« filtered_feature_bc_matrix

Dataset filtered to the spots overlapping tissue, as determined by Loupe Browser
(Visium) alignment file

+ tissue_positions_list.csv
The spot coordinates information is stored

» scalefactors_json.json
Scaling factors that convert spot coordinates to pixel coordinates

* metrics_summary.csv
Metrics displayed in the interactive website

* web_summary.html
Interactive website




3. BayesSpace

What is BayesSpace?

» BayesSpace is an useful tool to conduct Spatial clustering analysis
* It also provides a method to enhance the resolution of each spot by
generating subspots

* In contrast to existing deconvolution methods using scRNA-seq data, the
enhanced-resolution modeling of BayesSpace, which approaches single-cell
resolution with the Visium platform, does not require independent single-cell
data and allows us to infer the spatial arrangement of subspots.

en X, et al. Spatial transcriptomics at subspot resolution with BayesSpace. Nat Biotechnol. 2021;39(11):1375-1384. doi:10.1038/s41587-021-00935-2

14
BIOINFO 2024

-7-



5. Annotation

BayesSpace algorithm

2. Calculate the P(red) for % spot Metropolis—Hastings algorithm

3. Considering neighboring spots label and label of % at present, with certain function,
calculate P(green), P(blue) for % spot

4. If P(green) > P(red) or P(blue) > P(red) update the label for % spot, if P(red) > P(green) &

P(bue|

epeat step 2~4 for set iteration

, et al. Spatial transcriptomics at subspot resolution with BayesSpace. Nat Biotechnol. 2021;39(11):1375-1384. doi:10.1038/s41587-021-00935-2

15
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1. Load data

cring~a s 8- 5. Annotation

Load data

# Load 10X Genomics Visium dataset into Seurat

breast seurat <- Seurat::LoadlOX Spatial (
data.dir = 'visium dataset',
filename =

'CytAssist FFPE Human Breast Cancer filtered feature bc matrix.h5',
assay = "Spatial", # specify name of the initial assay |
slice = "slicel", # specify name of the stored image -
filter.matrix = TRUE,
to.upper = FALSE
)

# The directory contains the read count matrix H5 file and the image data in a

subdirectory called “spatial’

< > visium_dataset { > spatial
Name -~ Name ~
CytAssist_FFPE_Human...ed_feature_bc_matrix.n5 @ _ aligned_fiducials.jpg

> [T spatial @ "t aligned_tissue_image.jpg

] cytassist_image.tiff

2] detected_tissue_image.jpg

_ scalefactors_json.json
spatial_enrichment.csv

. tissue_hires_image.png

| tissue_lowres_image.png

. tissue_positions.csv

00000O0OO0ODO0CO0O

16
BIOINFO 2024
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1. Load data pering sssmans: .5 Annotation

Load data

# Explore overall data
breast seurat

> breast_seurat

An object of class Seurat

18085 features across 4992 samples within 1 assay

Active assay: Spatial (18085 features, @ variable features)
1 image present: slicel

17
BIGINFO 2024
2. Preprocessing ering* == mma = .5 Annotation
Preprocessing
# Data normalization
breast seurat <- SCTransform(breast seurat, assay = "Spatial", verbose = FALSE)

> breast_seurat@®assays[["SCT"]]@data[1:5,1:5]

5 x 5 sparse Matrix of class "dgCMatrix"
AACACCTACTATCGAA-1 AACACGTGCATCGCAC-1 AACACTTGGCAAGGAA-1 AACAGGAAGAGCATAG-1 AACAGGATTCATAGTT-1

SAMD11 . 1.386294 . .

NOC2L " . 0.6931472 .

KLHL17 . .

PLEKHN1 " " . . .

PERM1 i i ‘ . P

The sctransform method models the UMI counts using a regularized negative binomial model to
remove the variation due to sequencing depth (total nUMIs per cell), while adjusting the variance
based on pooling information across genes with similar abundances

18
BIOINFO 2024
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3. Feature selection / Dimension reduction Rering ==sms s .5 Annotation

Feature selection and Dimension reduction

# PCA

breast seurat <- RunPCA (breast seurat, assay = "SCT", verbose = FALSE)

# Slim down Seurat obj prior to conversion

breast seurat diet = Seurat::DietSeurat (breast seurat, graphs = "pca")

# Convert seurat to SCE

sce = as.SingleCellExperiment (breast seurat diet)

colData(sce) = cbind(colData(sce), breast seurat@images$slicel@coordinates)

19
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3. Feature selection / Dimension reduction ering* == sms s n: .5 _Afinotation

Feature selection and Dimension reduction data

# Explore Col data

colData (sce)

> colData(sce)
DataFrame with 4992 rows and 6 columns

orig.ident nCount_Spatial nFeature_Spatial nCount_SCT nFeature_SCT ident

<factor> <numerics> <integer> <numeric> <integer> <factor>

AACACCTACTATCGAA-1 SeuratProject 12675 6022 12843 6022 SeuratProject
AACACGTGCATCGCAC-1 SeuratProject 7886 3979 12429 4039 SeuratProject
AACACTTGGCAAGGAA-1 SeuratProject 32614 9017 14300 6644 SeuratProject
AACAGGAAGAGCATAG-1 SeuratProject 7484 4183 12354 4292 SeuratProject
AACAGGATTCATAGTT-1 SeuratProject 6694 3693 12455 3941 SeuratProject
TGTTGGAACGAGGTCA-1 SeuratProject 10678 4910 12207 4910 SeuratProject
TGTTGGAAGCTCGGTA-1 SeuratProject 36253 9582 14443 6951 SeuratProject
TGTTGGATGGACTTCT-1 SeuratProject 52039 9972 13969 6292 SeuratProject
TGTTGGCCAGACCTAC-1 SeuratProject 7627 3997 12446 4084 SeuratProject
TGTTGGCCTACACGTG-1 SeuratProject 13012 5240 13139 524@ SeuratProject

20
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3. Feature selection / Dimension reduction ering* == sms=n: .5 Annotation

Feature selection and Dimension reduction

library (BayesSpace)

sce = spatialPreprocess(sce, platform = "Visium", skip.PCA = T,
log.normalize = F)
> head(sce) > head(sce)
class: SingleCellExperiment class: SingleCellExperiment
dim: 6 4992 dim: 6 4992
metadata(@): metadata(1l): BayesSpace.data
assays(2): counts logcounts assays(2): counts logcounts
rownames(6): SAMDIL NOC2L ... PERM1 HES4 ‘ rownames(6): SAMD11 NOC2L ... PERM1 HES4
rowDato nomes(@): rowData names(@):
colnames(4992): AACACCTACTATCGAA-1 AACACGTGCATCGCAC-1 ... TGTTGGCCE colnames(4992): AACACCTACTATCGAA-1 AACACGTGCATCGCAC-1 ... TGTTGGCC
TGTTGGCCTACACGTG-1 TGTTGGCCTACACGTG-1
colData names(6): orig.ident nCount_Spatiol ... nFeature_SCT ident colData names(6): orig.ident nCount_Spatial ... nFeature_SCT ident
reducedDimNames(1): PCA reducedDimNames(1): PCA
mainExpName: SCT mainExpName: SCT
altExpNames(1): Spatial altExpNames(1): Spatial

21
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4.Cl mmsms=n 5 Annotation

Clustering

breast seurat <- RunPCA(breast_seurat, assay = "SCT", verbose = FALSE)

# Selecting the number of clusters
sce <- gTune (sce, gs=seq(2, 30), d=50)
gPlot (sce)

We suggest choosing a q around the elbow of this plot.

spatialCluster likelihood as a function of g

Negative log likelihood

o s

10 20
MNumber of clusters (g)

22
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Visualization of our data

# Clustering with BayesSpace
sce = spatialCluster(sce, nrep = 10000, g = 16, d=50)
breast sce <- sce

# Visualization of clustered data
clusterPlot (breast sce, color="black", size=0.1)+labs (title="BayesSpace")

BayesSpace

Cluste
1
1
1
12
13
14
15
16

BIOINFO 2024
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Enhancing the resolution (1/2)

# Enhance the resolution of the principal components
breast.enhanced = spatialEnhance (breast sce, g=16, d=10,
platform="Visium", gamma=2, nrep=1000,
verbose=TRUE, save.chain=TRUE,
jitter scale=3.5, jitter prior=0.3,
burn.in=100)

breast.enhanced = readRDS(‘'data/20240211 breast enhanced dl.rds‘)
breast sce
breast.enhanced

b ST Visium

class: SingleCellExperiment

dim: 18045 4992

Spot level metadata(l): BayesSpace.data

assays(2): counts logcounts

rownames(18045): SAMD11 NOC2L ... MT-ND6 MT-CYB

= class: SingleCellExperiment
Subpot level - dim: 18@45 29952
1

metadata(2): chain.h5 BayesSpace.data
): logcounts

. MT-ND&6 MT-CYB

24
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ering= = = R 5. Annotation

Enhancing the resolution (2/2)

# Visualization of enhanced data

BayesSpace

25
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Define marker genes for plotting

clusterPlot (breast.enhanced, color="black", size=0.1) + labs(title="BayesSpace")
1
2
3
4
5
6
7
8
9
10
"
12
13
14
15
16
markers = list ()

markers|[ ["Tumor"]] = c("TACSTD2", "ERBB2", ESR1', 'PGR', 'FASN')
markers[["Fibroblast"]] = c("COL1Al1l")

markers|[["Macrophage"]] = c("CD14", "FCGR1A", "FCGR1B")
markers[["B-cell"]] = c("CD19", "MS4Al")

markers[["T-cell"]] = c("CD2", "CD3D", "CD3E", "CD3G", "CD7")

marker genes <- c("TACSTD2", "ERBB2", 'ESR1', 'PGR', 'FASN', 'COL1Al’, 'CD14’,
'"FCGR1A', 'FCGR1B', 'CD19', 'MS4Al', "CD2", "CD3D", "CD3E",
"CD3G", "CD7”)

breast.enhanced = enhanceFeatures (breast.enhanced, breast sce,
model="xgboost", feature names=marker genes, nrounds=0)

sum_counts = function(sce, features) {
if (length(features) > 1) {
colSums (logcounts (sce) [features, 1)
} else {
logcounts (sce) [features, 1]

26
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Define marker genes for plotting

spot expr = purrr::map(markers, function(xs) sum counts(breast sce, xs))
enhanced expr = purrr::map (markers, function (xs)
sum_counts (breast.enhanced, xs))
plot expression = function(sce, expr, title) {
featurePlot (sce, expr, color=NA) +
viridis::scale fill viridis (option="A")+
labs (title=title, fill="Log-normalized\nexpression")

plot expression comparison = function(cell type) {
spot.plot = plot expression(breast sce, spot expr[[cell typell,"Spot")
enhanced.plot = plot expression(breast.enhanced,
enhanced expr[[cell typel]],"Enhanced")
spot.plot + enhanced.plot +
plot annotation(title=cell type,
theme=theme (plot.title=element text (size=18)))

27
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Rough cell type check

pl = plot expression comparison ("Tumor")

(
p2 = plot expression comparison("Fibroblast")
p3 = plot expression comparison ("Macrophage")
p4 = plot expression comparison ("B-cell")

p5 = plot expression comparison("T-cell")
cowplot::plot grid(pl,p2,p3,p4,p5, ncol=2)

Macrophage
Spat

28
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Find Marker genes for each other

breast seurat = Seurat::CreateSeuratObject (
counts=logcounts (breast.enhanced),
assay='Spatial’,
meta.data=as.data.frame (colData (breast.enhanced)))
breast seurat = Seurat::SetlIdent (breast seurat, value="spatial.cluster")
breast seurat@assaysS$Spatial@scale.data =
breast seurat@assaysS$Spatial@data %>%
as.matrix $>%
t $>%
scale $>% t

top markers = Seurat::FindAllMarkers (breast seurat, assay='Spatial’,
slot='data ',
group.by='spatial.cluster’,
only.pos=TRUE) %>% group by (cluster) %>%

top n (5, avg log2FC)

head (top markers, 2)

p_val avg_log2FC pct.1 pct.2 p_val_adj cluster gene

H

29
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=n e 5 _Ahnotation

Visualize marker genes expression with heatmap

Seurat::DoHeatmap (breast seurat,
features = top markers$gene, slot="scale.data",
group.by = "spatial.cluster", angle=0, label = FALSE,
raster=FALSE) + guides(col = FALSE)

o . . I -I
Expression

L 4| 4 2

1

0
I I _‘
-2

30
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Annotate spots for enhanced object

coldata = colData (breast.enhanced)
coldata$spatial.cluster.annotation =
ifelse(coldata$spatial.cluster $in% c(l1, 4, 7, 13), "Immune",
ifelse(coldata$spatial.cluster %in%
c(2, 5, 6, 8, 9, 10, 14, 15, 16), "Tumor", "Fibroblasts"))
coldata$spatial.cluster.annotation = factor (coldata$spatial.cluster.annotation,
levels = c ("Immune","Tumor","Fibroblasts"))
colData (breast.enhanced)= coldata b
clusterPlot (breast.enhanced, color="black", size=0.1,
label="spatial.cluster.annotation") + labs(title="Annotation")

Cluster

Immune

Fibroblasts

31

Annotate spots for breast_sce object

coldata = colData (breast sce)
coldata$spatial.cluster.annotation =
ifelse(coldata$spatial.cluster %$in% c(1, 4, 7, 13), "Immune",
ifelse(coldata$spatial.cluster %in%
c(2, 5, 6, 8, 9, 10, 14, 15, 16), "Tumor", "Fibroblasts"))
coldata$spatial.cluster.annotation = factor (coldata$spatial.cluster.annotation,
levels = c("Immune", "Tumor","Fibroblasts")) i
colData (breast sce)= coldata -
clusterPlot (breast sce, color="black", size=0.1,
label="spatial.cluster.annotation") + labs(title="Annotation")

Cluster

Immune
Tumor
Fibroblasts

32
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4. Cell Ranger

What is Cell Ranger?

+ Cell Ranger is a set of analysis pipelines that process single cell data to align reads, generate fe
rcode matrices, perform clustering and other secondary analysis.

* We will introduce cellranger count pipeline among the 5 pipelines

_— - cellranger count
Cell isolation 3
- @
®°% <o NORS
Cells ol e ] ACTB Cell: 1 N
GENE 1 1 14
4 27
GENE 3 0 0 1
Celllysis'  Hybridization : 7 : -
tasenpion ' ;
o GENEM 6 2 0
Different transcript molecule
https://vvww.rna—seqblog.c ) y 34
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Installing Cell Ranger

1. Download and unpack the cellranger-x.y.z.tar.gz tar file in any location. In this example, we unp
ack it in a directory called /opt.

cd /opt
tar -xzvf cellranger-3.1.0.tar.gz

2. Download and unpack proper reference data .tar.gz file in a convenient location
Star -xzvf refdata-gex-GRCh38-2020-A.tar.gz
3. Pre-pend the Cell Ranger directory to your $PATH

Sexport PATH=/opt/cellranger-3.1.0:S$SPATH

Run cellranger count command

$cd /home/jdoe/runs

Scellranger count —--id=sample345 \
--transcriptome=/opt/refdata-gex—GRCh38-2020-A \
--fastgs=/home/jdoe/runs/HAWT7ADXX/outs/fastqg path \
--sample=mysample \
--localcores=8 \
—--localmem=64

https://www.10xgenomics.com/support/software/cell-ranger/latest/analysis/running-pipelines/cr-gex-count

* Input: FASTQ files (Fastq)
» Perform : sequence alignment

» Output : gene-expression-matrix

36
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Output files of Cell Ranger

™ cellranger ™ filtered_cellranger 5 B barcodes.tsv.gz

B features.tsv.gz
B matrix.mtx.gz

read10X Input files

37

Output files

* raw_feature_bc_matrix

Contains all detected barcodes in MEX format. Each element of the matrix is the number of UMIs
associated with a feature (row) and a barcode (column).

+ filtered_feature_bc_matrix
The filtered gene-barcode matrix excludes barcodes that correspond to background noise.
* possorted_genome_bam.bam

Indexed BAM file containing position-sorted reads aligned to the genome and transcriptome, as well as
unaligned reads, annotated with barcode information.

+ web_summary.html

Interactive website

38
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5. scRNA-seq pre-processing

1. Load data 7. Clustering / Annotation

Load packages in R environment

library (Seurat)
library (scDblFinder)
library (dplyr)
library(ggplot2)

40
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1. Load data 4. Clustering / Annotation

Load a 10X dataset in R

# DropboxE CI2 &2 =0, Y E2QIt Y= E=22 & FELICL

setwd ("~/Downloads/BIML2024") # MAC
setwd ("/Users/LG/Downloads/BIML2024") # Windows

dir <- c("SsC3","sCc5")

Breast sc <- ReadlOX(data.dir = dir)

Breast sc <- CreateSeuratObject (counts = Breast sc, project =
"Breast sc", min.cells = 3, min.features = 200)

41

1. Load data 7. Clustering / Annotation

scDblFinder

set.seed (123)

doublet ratio <- ncol (Breast sc@assaysSRNAScounts)/1000*0.008

db <- scDblFinder (Breast sclassaysS$SRNAScounts, dbr = doublet ratio)

Singlots to Singlets from
Individuwals Doubleis
Singlets Doublets
e g E e
as s %
. * *
& ® L
wg e
> . ‘
Capture
Droplets

42
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1. Load data

scDbIFinder

head (db@colData)

> head(db@colData)
DataFrame with 6 rows and 4 columns
scDblFinder.class scDblFinder.score scDblFinder.weighted scDblFinder.cxds_score

<factors> <numerics <numerics <numerics
1_AAACCCACACAACGAG-1 singlet 4.83646e-03 0.3368125 4.86600e-31
1_AAACCCAGTGGAACCA-1 singlet 2.9406%e-01 0.4005363 1.36663e-01
1_AAACGAACAAGCCTGC-1 singlet 8.96106e-04 0.0820261 1.22280e-01
1_AAACGCTCATATAGCC-1 singlet 1.00232e-03 @.3043967 2.09705e-51
1_AAACGCTGTGGCTTGC-1 doublet 9.99453e-01 9.4425973 7.66640e-01
1_AAACGCTGTTAGGCTT-1 singlet 8.70032e-06 0.0000000 7.90273e-05

43

1. Load data 4. Clustering / Annotation

Calculate percent-mt of singlet

doublet <- row.names (dbQ@colData) [which (db@colData$scDblFinder.class ==
'doublet’) ]

Breast sc <- subset (Breast sc, cells = doublet, invert = T)

Breast sc[["percent.mt"]] <- PercentageFeatureSet (object = Breast sc,
pattern = ""MT-")

head (Breast sc@meta.data)

> head(Breast_sc@meta.data)

orig.ident nCount_RNA nFeature_RNA|percent.mt RNA_snn_res.@.8 seurat_clusters annotation
1_AAACCCAGTGGAACCA-1 1 4490 6.035635 7 7 D4+ T cell
1_AAACGAACAAGCCTGC-1 2932 8.424284 1 18 Invasive
1_AAACGCTCATATAGCC-1 19092 11.842657 9 Invasive
1_AAACGCTGTTAGGCTT-1 1351 14.211695 7 D4+ T cell
1_AAAGGGCGTAAGAACT-1 18918 18.966064 6 Invasive
1_AAAGGGCGTAGTTCCA-1 38190 22.919612 2 Invasive

o e e
NOO N W 0o
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Doublets in plot

VlnPlot (Breast sc, features =

c("nFeature RNA", "nCount RNA", "percent.mt"),ncol=3)

nFeature_ RNA

150000 A

100000 1

50000 -

nCount_RNA

100

754

percent.mt

i} )
“5_-,';;5

ay

N 9
Identity

Identity
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Quality control

Breast sc <- subset(Breast_sc,
< 100000 & percent.mt < 25)

nFeature_ RNA
150000

100000

50000 -

subset = nCount RNA > 500 & nCount RNA

nCount_RNA

100

257

percent.mt

N e
Identity

Identity
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1. Load data 4. Clustering / Annotation

Log normalization

Breast sc <- NormalizeData (Breast sc, normalization.method =
"LogNormalize", scale.factor = 10000)

Breast sclassays$RNA@data[1:10,1:10]

> Breast_sc@®assays$RNA@data[1:10,1:10]
10 x 10 sparse Matrix of class "dg(Matrix"
[[ suppressing 1@ column names ‘1_AAACCCAGTGGAACCA-1', ‘1_AAACGAACAAGCCTGC-1", ‘1_AAACGCTCATATAGCC-1' ... ]]

ALB27309.1 .

AL627309.3 .

AL627309.5 .

AL627309.4 .

APBRE222.2 .

AL732372.1 .

AC114498.1 . 5 E 5 5 oEow A .
LINCO1409 . & oa 2.128461 . .. . 0.3135372 .
FAM37B 5 = ; 3 EE-E-a

LINC@1128 1.1716@6 . ©.4211938 . 0.4243504 . . . .

47

1. Load data 4. Clustering / Annotation

Feature selection

Breast sc <- FindVariableFeatures (Breast sc, selection.method =
nfeatures = 2000)

topl0 <- head(VariableFeatures (Breast sc), 10)

Plotl <- VariableFeaturePlot (Breast sc)
plot2 <- LabelPoints (plot = plotl, points = topl0, repel = TRUE)

*  Non-variatie count: 26962
* Variable count: 2000

le-03  le=01  lesl le-03  1e-01  le+D1

Average Expression Average Expression 48

- 24 -



4. Clustering / Annotation

1. Load data

Dimension reduction

all.genes <- rownames (Breast sc)

Breast sc <- ScaleData (Breast sc, features = all.genes)

Breast sc <- RunPCA (Breast sc, features = VariableFeatures (object =
Breast sc))

ElbowPlot (Breast sc, 30)

10.0

7.5

Standard Deviation

10 20 30 49

47 Clustering./ Annotation

1. Load data
L]
Clustering
Breast sc <- FindNeighbors (Breast sc, dims = 1:30)

Breast sc <- FindClusters (Breast sc, resolution = 0.8)

SNN graph: the weight of an edge is the number of shared neighbors between vertices given that
the vertices are connected

i /‘\j

Shared Near Neighbor Graph

Link weights are number of Shared Nearest
Neighbors 50

ering.pdf
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1. Load data

DimPlot (Breast sc)

Breast sc <- RunUMAP (Breast_ sc,

Visualization of clustering result

dims =

1:30)

LR N NN NN NNNNNHN ]
WO~NNDOEQN =0
essGOsBBIOOBSSS
-
=]

UMAP_1

10 15

4> Clustering./ Annotation

51

1. Load data

IGHG1
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N .
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Finding differentially expressed genes
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JCHAIN

| J,

i |

Ll

L T LY R R N .Y
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47 Clustering./ Annotation
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1. Load data =1 _4-Clustering./ Annotation

Annotation

Breast sc meta <- Breast sc@meta.data
Breast sc meta <- Breast sc meta %>% mutate (

annotation = ifelse(RNA snn res.0.8 %in% c(3, 7), c("CD4+ T cell"),

ifelse(RNA snn res.0.8 %in% c(5, 10), c("CD8+ T cell"),
ifelse(RNA snn res.0.8 == c(16), c("B cell"),
ifelse(RNA snn res.0.8 %in% c (15, 23), c("Myeloid cell"),
ifelse(RNA snn res.0.8 == c(19), c("Plasma cell"),
ifelse(RNA snn res.0.8 %in% c(l17, 24), c("Stromal cell"),
ifelse(RNA snn res.0.8 %in% c(0, 1, 2, 4, 6, 8, 9, 11, 13,

14, 18, 22), c("Invasive"),
ifelse(RNA snn res.0.8 == c(20), c("DCIS #1"),
ifelse(RNA snn res.0.8 == c(12), c("DCIS #2"),

ifelse(RNA snn res.0.8 == c(21), c("DCIS #3"),
"Others")))))))))))

53

1. Load data m=: 4 Clustering./ Annotation

Annotation visualization

table (Breast sc metaSannotation)
Breast sc <- AddMetaData (Breast sc, Breast sc meta)

Breast sc = Setldent (Breast sc, value = "annotation")

Breast scSannotation <- factor (Breast sc$annotation)

> tableCher2bc_metas$annotation)

B cell (D4+ T cell (D8+ T cell DCIS #1 DCIS #2 DCIS #3 Invasive Myeloid cell Plasma cell Stromal cell
341 2566 1760 166 677 97 14215 403 168 351
annotation
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mussmmsnunns 2 Preprocessing

1. Load data

Load a Visium dataset in R

## renamed CytAssist FFPE_Human_Breast_Cancer_filtered_feature_bc_matrix.h5 into
filtered_feature_bc_matrix.h5

breast visium = LoadlOX Spatial("./Raw_file/visium/",
filename = "filtered feature bc matrix.h5")

55

messmnsnu=r 2 Preprocessing

Preprocessing of Visium

breast visium = SCTransform(breast visium, assay = "Spatial",

verbose = FALSE)
breast visium = RunPCA (breast visium, assay = "SCT", verbose = FALSE)
breast visium = FindNeighbors (breast visium, reduction = "pca",

dims = 1:30)
breast visium = FindClusters (breast visium, verbose = FALSE)
breast visium = RunUMAP (breast visium, reduction = "pca",
dims = 1:30)

# saveRDS (breast visium, "./object/Biml2024 Breast singlecell.rds")

56
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Remove all objects before starting next chapter

» Clear objects from the workspace.

Environment History  Connections  Tutorial

# [ & ImportDataset -+ @ 108 MiB + &

R ~ Global Environment ~

Data

# clean up memory in R

gc ()

57

6. Deconvolution Analysis
- RCTD
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Spatial Transcriptomics Analysis

Purpose and limitation

Purpose

Discovery of cell-type-specific spatial patterns of localization and expression.

Limitation

Individual measurements may contain contributions from multiple cells in Visium.

59

Robust Cell Type Decomposition (RCTD) process

[1] Spatial mapping

Spot1
Spot2
Spot3
Spot4

CD8+ T Cell

Invasive

Myeloid cell

Invasive

[2] Spatial deconvolution
Invasive  Myeloid cell CD4+ T Cell CD8+ T Cell

Spot1 | 0.4 0.1 0.04 0.3
Spot2 0.8 0.01 0.1 0.02
Spot3 0.01 0.88 0.01 0.08
Spot4 0.02 0.2 0.6 0.12
0.3 0.4 0.25 0.01

A4

Analysis types

Spatial Mapping

One representative cell type is assigned to individual spot.
-> For cell-cell interaction downstream analysis

tial deconvolution

Proportions of multiple cell types is assigned to individual spot.

60
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RCTD algorithm

Spdlial Hanscrilomics / Robust cell-type decomposition (RCTD)

Obsarved pixel

&8
®:
=

Gene1 2 3 4

SCH.N“'SE“‘ referance Relarence based Maximum-likelihood cell-type assignment S ..\‘—'
P oo |®Prukne probabifistic modst Doublet mode «— (@) — Al cell ypes — °
o ® Bergmann £ I' '...
® Granule v"’“"‘w"}"'{(_ . 4_§ g . ce
N i \'-N—I-NE""E—"FH#“P )
2 o

Expression dimension 2

- Ld
o3s. otee, \ oo e oo e /
Expression dimension 1

RCTD process

1 | Calculate single-cell reference cell type means

Creates a spatial map of cell types by fitting each spatial transcriptomics pixel as a linear combination of individ
ual cell types

Fitting a statistical model where the observed gene counts Yi,j (pixel i and gene j) are assumed to be Poisson dis
tributed

To account for platform effects, we assume that Ai,j is a random variable

Maximume-likelihood estimation (MLE) to infer the cell type proportions, Bi,k

61

RCTD model

Y; j|4;j~Poisson (N;4; ;)

K
log (’112}) = a; +log Z BixMrj | TV teij
k=1

Model counts with hierarchical model (Pixel I, Cell type K, Gene j)

Yi,j The observed gene expression counts

Aij Random variable to account for platform effects

Mk,j The mean gene expression profile for cell type k

7 A gene-specific platform random effect

€i,j A random effect to account for gene-specific overdispersion.

ai A fixed pixel-specific effect

Goal !Estimate _the Pi,k’s, which represent the cell type or cell types present
in each pixel i

62
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Process single cell for RCTD input = Process output for deconvolution

Load RCTD input reference dataset (single cell)

#DropboxE (2 &2 =0, g 2L A= B22 £F&LICH

setwd ("~/Downloads/BIML2024") # MAC
setwd ("/Users/LG/Downloads/BIML2024") # Windows

Breast sc <- readRDS("./object/Biml2024 Breast singlecell.rds")

63

Process single cell for RCTD input = Process output for deconvolution

Prepare single cell dataset for RCTD input

counts _sc = Breast scSRNA@counts

annotation sc = Breast sc$annotation
names (annotation sc) = rownames (Breast sc@meta.data)
annotation sc = as.factor (annotation sc)

Spots

> counts_sc[1:4,1:4] 4,//k\\\;

4 x 4 sparseMatrix of class "dgCMatrix”
1_AAACCCAGTGGAACCA-1 1_AAACGCTCATATAGCC-1 1_AAACGCTGTTAGGCTT-1 1_AAAGGGCGTAAGAACT-1

AL627309.1

AL627309.3 . . ' '
Features — a1627309.5 )

AL627309.4

> annotation_sc[1:5]

1_AAACCCAGTGGAACCA-1 1_AAACGAACAAGCCTGC-1 1_AAACGCTCATATAGCC-1 1_AAACGCTGTTAGGCTT-1 1_AAAGGGCGTAAGAACT-1
D4+ T cell Invasive Invasive CD4+ T cell Invasive

Levels: B cell CD4+ T cell (D8+ T cell DCIS #1 DCIS #2 DCIS #3 Invasive Myeloid cell Plasma cell Stromal cell

64
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Process single cell for RCTD input = Process output for deconvolution

Prepare single cell dataset for RCTD input

nUMI sc = Breast sc@meta.data$nCount RNA
names (nUMI sc) = rownames (Breast sc@meta.data)

reference = Reference (counts sc, annotation sc, nUMI sc)
gc ()

> nUMI_sc[1:5]
1_AAACCCAGTGGAACCA-1 1_AAACGAACAAGCCTGC-1 1_AAACGCTCATATAGCC-1 1_AAACGCTGTTAGGCTT-1 1_AAAGGGCGTAAGAACT-1

4490 2932 19092 1351 18918
© reference Large Reference ( 784.8 MB) Q
..@ cell_types: Factor w/ 10 levels "B cell","CD4+ T cell",..: 1111111111...

..= attr(*, "names")= chr [1:16529] "1 TCGACCTCACAGCTTA-4" "2_TCAGGTAGTAGTAGTA-4" "2 _TACAGT..
..B counts :Formal class 'dgCMatrix' [package "Matrix"] with 6 slots

@R ;oint [1:64841580] €1 89 105 140 182 209 269 330 433 459 ...
i B op :int [1:16530] @ 1033 2@54 4234 5288 6782 7974 8978 10377 11250 ...
. ..8 Dim :int [1:2] 30962 16529

. ..@ Dimnames:Llist of 2

.% ¢ chr [1:30962] "AL627309.1" "AL6273@9.3" "AL627309.5" "AL627309.4" ...
. ..% @ chr [1:16529] "1_TCGACCTCACAGCTTA-4" “Z_TCAGGTAGTAGTAGTA-4" "2_TACAGTGTCCAGGGCT..
o wBx :num [1:64841580] 1113214151 ...

. ..@ factors : list(Q)
. .8 nUML : Named num [1:16529] 1824 2429 4494 3073 2959 ...

..= attr(*, "names")= chr [1:16529] "1_TCGACCTCACAGCTTA-4" "2_TCAGGTAGTAGTAGTA-4" "2_TACAGT..
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Process spatial for RCTD input = Process output for deconvolution

Process spatial dataset for RCTD input

breast visium = readRDS("./object/Biml2024 Breast visium.rds")

coords_visium breast visium@images$slicel@coordinates[,c("col","row")]

counts visium = breast visium@assaysS$Spatial@counts

> head(breast_visium@images$slicel@coordinates)
tissue row col imagerow imagecol
AACACCTACTATCGAA-1 1 8122 4636 4131
AACACGTGCATCGCAC-1 76 22 16640 13355
AACACTTGGCAAGGAA-1 47 71 12067 8845
AACAGGAAGAGCATAG-1 69 7 15518 14716
AACAGGATTCATAGTT-1 49 43 12365 11404
AACAGGCCAACGATTA-1 71 127 15920 3761

el

> counts_visium[1:4,1:4]

4 x 4 sparse Matrix of class "dgCMatrix”
AACACCTACTATCGAA-1 AACACGTGCATCGCAC-1 AACACTTGGCAAGGAA-1 AACAGGAAGAGCATAG-1

SAMD11 s 2 1 3

NOC2ZL 3 . 3

KLHL17

PLEKHN1 1:
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Process spatial for RCTD input _Pro_ces'é ouhtput for deconvolution
L)

Spatial Transcriptomics Analysis

nUMI visium = colSums (counts visium)

query = SpatialRNA(coords visium, counts visium, nUMI visium)
gc ()

> nUMI_visium[1:5]
AACACCTACTATCGAA-1 AACACGTGCATCGCAC-1 AACACTTGGCAAGGAA-1 AACAGGAAGAGCATAG-1 AACAGGATTCATAGTT-1

12675 78806 32614 7484 6694
© query Large SpatialRNA ( 359.4 MB) Q
..® coords: 'data, frame': 4992 obs. of 2 variables:

o8 x:oint [1:4992] 122 22 71 7 43 127 86 41 6 10 ...
. «.% y: int [1:4992] @ 76 47 69 49 71 28 51 24 12 ...
..® counts:Formal class 'dg(Matrix' [package "Matrix"] with 6 slots

« w1 : int [1:29737138] 5 7 13 18 20 24 25 26 29 31 ...
. .8 p : int [1:4993] @ 6@22 100081 19018 23201 26894 29842 3.
. ..B Dim :int [1:2] 18085 4992

. +.@ Dimnames:List of 2
..% : chr [1:18885] "SAMD11" "NOCZ2L" "KLHL17" "PLEKHN1" ...
s ..% : chr [1:4992] "AACACCTACTATCGAA-1" “AACACGTGCATCGCAC-1" "..
.l K Sonum [1:29737138] 1112151711 ...
. . ..B factors : list()
..® nUMI : Named num [1:4992] 12675 7886 32614 7484 6694 ...
..- attr(*, "names")= chr [1:4992] "AACACCTACTATCGAA-1" "AACACGTGCAT..
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Run RCTD : Process ouhtput for deconvolution
L]

Run RCTD in doublet mode

RCTD = create.RCTD(query, reference, max cores = 8)
# RCTD = run.RCTD(RCTD, doublet mode = 'doublet’)
RCTD = readRDS("./Biml2024 Breast RCTD.rds")

RCTD results = RCTD@resultsSresults df

breast visium = AddMetaData (breast visium, metadata

RCTD results) I

> head(RCTD@resultsiresults_df)
spot_class first_type second_type first_class second_class min_score singlet_score conv_all conv_doublet

AACACCTACTATCGAA-1 doublet_certain Stromal cell Myeloid cell FALSE FALSE 2292.706 2765.327 TRUE TRUE
AACACGTGCATCGCAC-1 doublet_certain Myeloid cell Stromal cell FALSE FALSE 1889.214 2362.737 TRUE TRUE
AACACTTGGCAAGGAA-1 doublet_certain Stromal cell DCIS #2 FALSE FALSE 3927.637 5892.953 TRUE TRUE
AACAGGAAGAGCATAG-1 doublet_certain Myeloid cell Stromal cell FALSE FALSE 2024.206 2567 864 TRUE TRUE
AACAGGATTCATAGTT-1 doublet_certain Stromal cell Plasma cell FALSE FALSE 1813.565 2375.724 TRUE TRUE
AACAGGCCAACGATTA-1 doublet_certain Stromal cell Myeloid cell FALSE FALSE 1415.463 1699.468 TRUE TRUE

Analysis mode

Doublet | Fits at most two cell types per pixel

ull No restrictions on number of cell types, recommended for low spatial resolution
technologies such as Visium

Finitely many cell types per pixel, e.g. 3 or 4.
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Process RCTD decomposed file

breast visium = SetIdent (breast visium, value="first type")
table (breast visium$first type)

> table(breast_visium$first_type)

B cell CD4+ T cell D8+ T cell DCIS #1 DCIS #2 DCIS #3 Invasive Myeloid cell Plasma cell Stromal cell
1. 54 ] 254 270 2] 1098 1432 49 1830

Breast spatial map of predicted cell type by RC

breast visium <- subset (breast visium, first type %in%

names (table (breast visium$first type)))
breast visium$first type <- factor (breast visiumSfirst type)
SpatialDimPlot (breast visium)

ident

e Becell

© CD4+Tcell
e DCIS#1

o DCIS#2

© Invasive

©  Myeloid cell
© Plasma cell

©  Stromal cell
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Spatial map of predicted cell type by RCTD (1)

SpatialDimPlot (breast visium,
cells.highlight = CellsByIdentities(object = breast visium,
idents = c('DCIS #1','DCIS #2', 'Invasive’)),
facet.highlight = TRUE, ncol = 3)

DCIS #1 DCIS #2 Invasive

Cancer types

low-grade and high-grade ductal carcinoma in situ

invasive carcinoma
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Spatial map of predicted cell type by RCTD (2)

SpatialDimPlot (breast visium, cells.highlight = CellsByIdentities (object
= breast visium,

idents = c('CD4+ T cell', 'B cell', 'Myeloid cell', 'Plasma cell',
'Stromal cell’)),

facet.highlight = TRUE, ncol = 3)

CD4+ T cell B cell Myeloid cell

Plasma cell Stromal cell
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Remove all objects before starting next chapter

» Clear objects from the workspace.

Environment History  Connections  Tutorial

# [ & ImportDataset -+ @ 108 MiB + &

R ~ Global Environment ~

Data

# clean up memory in R

gc ()
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7. Cell-cell interaction analysis
- Cellchat
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What is CellChat?

CellChat is a useful tool to quantitatively infer and analyze intercellular communication networks from
single-cell RNA-sequencing data and spatial transcriptomics data.

Requires gene expression and spatial location data of spots/cells as the user input and models the proba
bility of cell-cell communication by integrating gene expression with spatial distance as well as prior knowled
ge of the interactions between signaling ligands, receptors and their cofactors.

-
CellChatDB

JIN, Suoqin, et al. Inference and analysis of cell-cell communication using CellChat. Nature communications, 2021, 12.1: 1-20.
https://htmlipreview.github.io/?https://github.com/sgjin/CellChat/blob/master/tutorial/CellChat_analysis_of_spatial_imaging_data.html
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Load data m=mmmnmi . \/sualization .network

Load data

# Load cell type annotated visium data and visualization
visium.breast = readRDS("./object/Biml2024 Breast visium final.rds")

visium.breastS$first type = factor(visium.breast$first type,
levels = c ("B cell", "CD4+ T cell", "DCIS #1'", "DCIS #2",
"Myeloid cell", "Plasma cell", "Stromal cell", "Invasive"))
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Load data

Idents (visium.breast) = visium.breast$first type

colors = scPalette(nlevels(visium.breast))

names (colors) = c ("B cell", "CD4+ T cell", "DCIS #1'", "DCIS #2",
"Myeloid cell", "Plasma cell", "Stromal cell", "Invasive")

SpatialDimPlot (visium.breast, label = F, cols = colors)

There are many myeloid cells and stromal cells around the tumor.

We focus on the cell-cell interaction that occurs in the tumor layer.

Klent

* Bosell

* CD4+ Tcoll
+ CO8+ Tcell

+ Plasma cell

*_Stromal cell
[+ ivasive |
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Load data ==mnmund L \isUalization network

Load data

Cottrazm to delineate tumor boundary

1. Delineation of tumor boundary o Mal spots (Mal)
s (Mal) . :’“’.:"Sm”?‘f (nbr)
Spots Neighbors of { (bl Shiebors gr (b
o pots pof .roldhgerspr;: ftnby) » Boundaryspots (Bdy)
3
—
hological |dentification of
éﬁ’&}[ﬁm maﬁgnanl spots |*
%§ EEEE InferCNV &, |
%';_ i "M’.Wli Mo e al,ifpl, < kxr,,  Malignant spot (Mal)
e o M goot i (S0 TR | o By "E SMP s Boundary spot (Bay)
z Vo g dy. By 2 kX iy Ne#M“w{ ay,ifm«zk:rw @ Mal @ Mall @ Mal2
a2 o 2,5
ﬁ ) Layerz Pt @ Ma3 @ Bdy @ Normal

Reconstruction of the tumor spatial microenvironment along the malignant-boundary-nonmalignant axis

Cottrazm process

1 Cottrazm initially normalizes ST gene expression data based on neighboring spot information and
morphological distances of HE-staining images.

Immune-related signatures are used to score spots and select reference cluster.

InferCNV are used to assess CNV level for remained spots

Annotate malignant cluster

| ‘Find neighbor spots of tumor core

lignant spots (Mal), boundary spot (Bdy), and non-malignant spots (nMal)
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mummmuand . \sualization network

Load data

Load data

# Please see visium_cottrazm_script.R to run cottrazm

# Load tumor annotated visium data
visium.tumor = readRDS ("./R object/BIML2024 Breast visium TumorST.

visium.tumor = subset (visium.tumor, nCount Spatial > 100)
table (visium.tumor@meta.dataStumor annotation)

We only need the boundary cells of the tumor and their layers.

> table(visium.tumor@meta.data$tumor_annotation)

Bdy Mal nMal
531 1143 3314 }
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m=mmmnmi . \/sualization .network

Load data

Load data

# Subset only tumor boundaries
visium.breast@meta.data$tumor annotation =
visium.tumor@meta.data$tumor annotation

Idents (visium.breast)= visium.breast@meta.data$tumor annotation
visium.boundary = subset (visium.breast, idents = "Bdy")
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Load data RLLLL T

Visualization network

Load data

Idents (visium.boundary)= visium.boundary@meta.data$tumor annotation
names (colors) = "Bdy"

SpatialDimPlot (visium.boundary, label = F, cols = colors)

ident
* Bdy

81

Load data nuwE

Visualization network

Load data

* Loupe Browser is a desktop application from 10x Genomics that allows to visualize gene express
data without having to write code.

» Align gene expression spots to histological images, look for marker gene expression, annotate
populations, and cluster.

» The .cloupe file is the one that need to import into the Loupe Browser.

e
* L
Gt Duaph-Based -
X S
fomes | Eckme
© 5 Clorter 2 A
Mearapia 5 Clatae 3 L
v
Advanens
et
Q
P
Foman

“.Manual -
Annotation
Zof'spots_
5 Chner 10 0 -
3 Chuster 1 o e

https://support.10xgenomics.com/spatial-gene-
P expression/software/visualization/latest/analysis

”
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Load data mummmnsd . \/isualization network

Load data

# Load layer annotated Loupe Browser data

loupe.data = read.csv("./Raw_file/LoupeBrowser/layer annotation.
header = T, row.names = 1)

table(loupe.data$layer_annotation)

Manually annotate the tumor layer using the Loupe browser.

> table(loupe.data$layer_annotation)

Bdy Layer | Mal nMal
531 988 | 586 2883
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Load data m=mmmnmi . \/sualization .network

Load data

# Subset only tumor boundaries and layers
visium.breast@meta.data = merge (visium.breast@meta.data, loupe.data,

by = "row.names")
row.names (visium.breast@meta.data) = visium.breast@meta.data$SRow.names
Idents (visium.breast) = visium.breast@meta.data$layer annotation

tumor.bdy = subset (visium.breast, nCount Spatial > 100,
idents = c(“Bdy", “Layer"))
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Load data mummmusd . \/isualization network

Visualization of our data

Idents (tumor.bdy) = tumor.bdyS$first type

names (colors) = c ("B cell", "CD4+ T cell", "DCIS #1", "DCIS #2",
"Myeloid cell", "Plasma cell", "Stromal cell", "Invasive")

SpatialDimPlot (tumor.bdy, label = F, cols = colors)

There are 8 cell types from our final tumor boundary data.

%4

% ident
* CD4+ Tcell

) « DCIs#1

= DCIS#2

* Mixed

= Myeloid cell

+ Plasma cell

= Stromal cell

* Invasive
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Load data mummmnmi . \/sualization network

Prepare input data for CellChat analysis

data.input = GetAssayData (tumor.bdy, slot = "data", assay = "SCT")
meta = data.frame (labels = Idents (tumor.bdy),
row.names = names (Idents (tumor.bdy)))

# check the cell labels
unique (meta$labels)

> unique(meta$labels) # check the cell labels
[1] Stromal cell Invasive DCIS #2 Myeloid cell DCIS #1 (D4+ T cell Plasma cell Mixed
Levels: CD4+ T cell DCIS #1 DCIS #2 Mixed Myeloid cell Plasma cell Stromal cell Invasive
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Load data m=mmmnmi . \/sualization network

Load spatial imaging information

# Load spatial imaging information to get the spot information
spatial.locs = GetTissueCoordinates (tumor.bdy, scale = NULL,
cols = c("imagerow", "imagecol"))

scale.factors = jsonlite::fromJSON (txt =
"./Raw_file/visium/spatial/scalefactors Jjson.json")

P

scale.factors = list (spot.diameter = 65,
spot = scale.factors$spot diameter fullres,
fiducial = scale.factors$fiducial diameter fullres,
hires = scale.factorsStissue hires scalef,
lowres = scale.factors$tissue lowres scalef)
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Load data mummmnmi . \/sualization network

Create a CellChat object

# Create a CellChat object for the downstream analysis

cellchat = createCellChat (object = data.input,
meta = meta,
group.by = "labels",
datatype = "spatial",
coordinates = spatial.locs,
scale.factors = scale.factors)

P

cellchat

> cellchat

An object of class CellChat created from a single dataset
18045 genes.
1519 cells.

CellChat analysis of spatial data! The input spatial locations are

x_cent y_cent

AACAGGATTCATAGTT-1 12365 11404

AACAGGTTCACCGAAG-1 172682 11589

AACAGTCCACGCGGTG-1 6464 14372

AACATCTTAAGGCTCA-1 7098 14560

AACCAATCTGGTTGGC-1 12824 13691

AACCACTAACATGATT-1 13934 13973
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Load data Visualization, network

Set the ligand-receptor interaction database

# Load CellChat DB

CellChatDB = CellChatDB.human

cellchat.gene = as.data.frame (CellChatDB.human$geneInfo$Symbol)
colnames (cellchat.gene) = "gene”

P

# Load Xenium gene panel

xenium.gene =
read.csv("./Raw_file/xenium/Xenium FFPE Human Breast Cancer Repl gene group

s.csv")

CellChatDB : Manually curated database of literature-supported ligand-receptor interactions in both human
and mouse.

Since our toy data is a human breast 10x visium data, we load CellChatDB.human.

Xenium In Situ Datasets : 313 genes chosen to explore a Xenium In Situ dataset from human breast cancer
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Load data mummmnmi . \/sualization network

Set the ligand-receptor interaction database

# Filter CellChat DB by Xenium gene
overlap.gene = merge (cellchat.gene, xenium.gene, by = "gene")

CellChatDB$interaction =
CellChatDBS$interaction[CellChatDBSinteraction$ligand %in% overlap.geneS$Sgene
& CellChatDBSinteraction$Sreceptor %in% overlap.gene$Sgene, ]

P

cellchat@DB = CellChatDB
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Load data m=mmmnmi . \/sualization network

Preprocessing of the expression data for cell-ce
communication analysis

# Subset the expression data of signaling genes for saving computation cost
cellchat = subsetData(cellchat)

# ldentify over-expressed ligands or receptors in one cell group
cellchat = identifyOverExpressedGenes (cellchat)

P

# Identify over-expressed ligand-receptor interactions if either ligand or receptor is over-expressed
cellchat = identifyOverExpressedInteractions (cellchat)
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Load data mummmnmi . \/sualization network

Compute the communication probability and in
cellular communication network

# Infers the biologically significant cell-cell communication with permutation test
cellchat = computeCommunProb (cellchat, type = "triMean", distance.use =
interaction.length = 200, scale.distance = 0.1)

P
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m=mmmnmi . \/sualization network

Load data

Compute the communication probability and in
cellular communication network

# Check the number of spots of a cell type
cellchat@meta$labels $>% table() %$>% sort()

# Filter cell-cell communication if there are only few number of spots in certain cell types
cellchat = filterCommunication (cellchat, min.cells = 10)
interaction.length = 200, scale.distance = 0.1)

i
‘

> cellchat@meta$labels %>% table() %% sort()

Mixed (D4+ T cell |Plasma cell DCIS #2 Myeloid cell DCIS #1 Invasive Stromal cell
1 6 33 137 177 209 465 491

93

musmmnmi . \/isualization metwork

Load data

Compute the communication probability and in
cellular communication network

# Calculate the aggregated cell-cell communication network
cellchat = aggregateNet (cellchat)

#saveRDS (cellchat, file = './object/Bioinfo2023 Breast CellChat.rds')

P

# read RDS file if computeCommunProb() takes too much time (optional)
cellchat = readRDS(‘./object/Bioinfo2023 Breast CellChat.rds’)
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Load data === ma Visualization network

Visualization of the aggregated cell-cell commu
network

netVisual circle(cellchat@net$count, vertex.weight =
rowSums (cellchat@netS$count),

sources.use = c("Stromal cell", "Myeloid cell"),
targets.use = c("DCIS #1", "DCIS #2", "Invasive"),
title.name = "Number of interactions")
netVisual circle(cellchat@net$weight, vertex.weight =
rowSums (cellchat@netSweight),
sources.use = c("Stromal cell"”, "Myeloid cell"),
targets.use = c("DCIS #1", "DCIS #2", "Invasive"),
title.name = "Interaction weights/strength")
Number of interactions Interaction weights/strength
DCIS #2 DCIS #2
° .
Mixeg q23#1 Mixeg qgsn
Myeloid€e CD#+ T cell Myeloid bt CD#+ T cell
Imvasive @ Imvasive
Plasma cell Plasma cell
Stromal cell Stromal cell
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Load data =mmm e Visualization network

Identify ligand-receptor pairs between cell types

CellChat::netVisual bubble (cellchat,
sources.use = c("Stromal cell"”, "Myeloid cell"),
targets.use = c("DCIS #1", "DCIS #2", "Invasive"),
remove.isolate = FALSE, angle.x = 90, thresh = 0.05) +
coord flip()

Stromal cell -> Invasive L
p-value

® o

Myeloid cell -> Invasive L]
Stromal cell -> DCIS #2 4 ° GOmmun. Pros:
Myeloid cell -> DCIS #2 L] [ ] '

Stromal cell -> DCIS #1 L] I

Myeloid cell -> DCIS #1 1

PTN - SDC4

CXCL12 - CXCR4

CXCL12 - CXCR4
PTPRC - MRC1

96

- 48 -



Load data === ma Visualization network

Compute the network centrality scores

# Compute the network centrality scores
cellchat = netAnalysis computeCentrality(cellchat, net.name = "CXCL12-CXCR4")

# Visualize the centrality score
netAnalysis signalingRole network(cellchat, signaling = "CXCL12-CXCR4",
width = 8, height = 2.5, font.size = 10)

Visualize the computed centrality scores using heatmap, allowing ready identification of major signaling
roles of cell groups.

Sender Mediator CXCL12-CXCR4 signaling pathway network

Sender
Receiver
Mediator

Receiver Influencer Influencer

X<

https://github.com/jinworks/CellChat

8. Xenium in situ
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/ . -
asnnmaEnnnnnnnn Visualization

Differences between Visium and Xenium

t. i patial-g:
hitps://www.10xgenomics.com/platforms/xenium

10x Visium 10x Xenium
Number of genes Tens of thousands Hundreds to thousands
Spatial resolution Lower resolution Higher subcellular resolution
P (~55um) (~200nm)
Cell-cell boundaries Not defined Defined with c_ellular
segmentation
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(CLL] wpannmennmas Visuglization

Load and preprocess the dataset

# Load the Xenium data

slrl =
LoadXenium('Raw file/xenium/Xenium FFPE Human Breast Cancer Repl outs',
fov = '"fov')

# Remove cells with 0 counts
Slrl = subset(slrl, subset = nCount Xenium > 0)

# Add metadata

slrl@meta.dataScells = 'cells'
Field of View
One box is
considered one (1IN
field of view BB ———— Tissue Sample

CICAEN

b | y
DO NOT select é- ol
empty FOVs

https://cdn.10xgenomics.com/image/upload/v1694469210/support-documents/CG000584_Xenium_Analyzer_UserGuide_RevC.pdf
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* Myeloid / Stromal cells - tumor cells (CXCL12 - CXCR4, PTN - SDC4)

p-value
p-value ® <o
Myeloid cell -> Invasive{ @ @ p<oot Stromal cell -> Invasive | @
ident Gl ik, Cov:.r:\um Prob.
* CD4+ T coll max
. oCISM Myeloidcell>DCIS#21 © ® I Stromal cell -> DCIS #2 ° I
+ DCIS#2
* Mixed
*  Myeloid cell
g Meoma.cob ) Stromal cell -> DCIS #1 [
* Stromal cell Myeloid cell -> DCIS #1 [ ]
Invasive
mn g min
- x O
x 3 O c a
o O & X 0
X o = o
QS v & Tz
& E ¢ o F
oo =
o & <
5 S
o
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=m=msnnm, Visualization

Visualize the expression level of CXCL12 and CXC

# Plot the positions of CXCL12 and CXCR4
ImageDimPlot (slrl, fov = "fov", molecules = c("CXCL12", "CXCR4"),
group.by = 'cells', nmols = 20000)

# Visualize the expression level of CXCL12 and CXCR4
ImageFeaturePlot (slrl, features = c("CXCL12", "CXCR4"), max.cutoff =
c(1l5, 3), size = 0.5, cols = c("white", "red"))

DCIS #2
DCIS #1
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Visualize the expression level of PTN and SDC4 |

# Plot the positions of PTN and SDC4
ImageDimPlot (slrl, fov = "fov", molecules = c("PTN", "SDC4"), group.by =
'cells', nmols = 20000)

# Visualize the expression level of PTN and SDC4
ImageFeaturePlot (slrl, features = c("PTN", "SDC4"), max.cutoff = c(8, 8),
size 0.5, cols = c("white", "red"))

L]

DCIS #1

Zoom in on the PTN — SDC4 binding area

# Increase your RAM usage (8GB)
options (future.globals.maxSize = 8000 * 1024"2)

# Define cropped area

cropped.coords = Crop(slrl[["fov"]], x = c(3850, 4900), y c (6150,
7000), coords = "plot")

slrl[["zoom"]] = cropped.cords

# Visualize cropped area with cell segmentations & selected molecules
DefaultBoundary(slrl[["zoom"]]) = "segmentation"

ImageDimPlot (slrl, fov = "zoom", axes = TRUE, border.color = "white",
border.size = 0.1, cols = "polychrome", coord.fixed = FALSE, molecules =
c("PTN", "SDC4"), nmols = 10000, group.by = 'cells')

DCIS #1

SDC4
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Visualize RNA transcript localization in tissue 'using
Xenium Explorer

10x genomics Xenium Explorer

Download Center

Xonium Explorar 1,30 (Nav §, 2023)

Xenium
Explorer

Raw_file/xenium/Xenium_FFPE_Human_Breast_Cancer_Rep1_outs/
experiment.xenium

.

Visualize RNA transcript localization in tissue using
Xenium Explorer

¥  Image
™ | Cells

~ Transcripts

Paints

DCIS #1 , e} DCIS #1

A /mm\\\\\\
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9. ArchR

Amplify
> nd

sequence

RANA Polymarase

v' Gene expression control is orchestrated by a complex interplay of regulatory mechanisms, including
DNA methylation, histone modifications, and transcription factor activity.

Chromatin accessibility predominantly mirrors a cell's overall regulatory state, providing supplementary
information to MRNA levels, which delineate cell identity.

Moreover, delving into chromatin accessibility profiles offers further understanding of gene regulatory
isms and cellular differentiation processes that may not be fully elucidated by single-cell RNA
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Archi

Anaiysis of Regulatory
Chrematinin R

=)

scATAC-seq BAM
or Fragment Files

Create ArchR Arrow Files
I 3—p
v v v

’ Create ArchR Project : Jg—f |

What is ArchR?

Advanced Data Analysis

| Robust Peak Calling & Merging |

Y

Marker Feature
Identification

| Motif Search

[ Projection of Bulk ATAC-seq Data |

> \ Genome Track Visualization |

T5S Enrichment Score

Clustering + Embeddings

‘ Native Interactive Genome Bruwaerl

\d
Filter Cells by Quality and
Remove Predicted Doublets

\d

cells.

| Iterative LS! & Clustering | :

ETAGM-N‘RNWQ Integration|

| Peak-to-Gene Linkage |

| Cellular Trajectory Analysis |

Data Visualization

Differentiation Trajectories

¢

UMAP Dim. 1

LIMAP Dim, 2

v" ArchR is a comprehensive software suite for end-to-end analysis of single-cell chromatin
accessibility that will accelerate the understanding of gene regulation at the resolution of individual

v Enabling the analysis of over 1.2 million single cells within 8 h on a standard Unix laptop
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Why ArchR?

Archil Signac SnapATAC
Pre-processing NR NA /
Data import / base file type creation v NA v’
Qc filter cells ‘/ ‘/ '/
Warix creation v (Tie) v (Peak) v (Tie)
Doublet removal v NP NP
Data imputation with MAGIC v NP v
Genome-wide gene score matrix / V/ /
Dimensionality reduction and ¢l g
UMAP and tSNE plotling 5 :; 5 -
Cluster peak calling v NP 7 |

Cluster-based peak matrix creafion v NP v

Motif enrichment V/ J ‘/ ii_:;lg::q

chrom\V/AR moif deviations v v v Analyses
Foatprinting v NP NP
Feature set annotation « NP NP

Track plotting v v N | T
Co-accessibllity v NP NP Bt -

Interactive genome browser v NP NP

Cellular trajectory analysis ‘/ NP NP i?;acn::

Project bulk data inta seATAC embedding v NP NP Analyses

Integration of RMA-seq and ATAC-seq Integration of
Genome-wide peak-to-gene links $ :4: ;;/p’ :E;E::"d

MR = Mot Required NA =NotApplicable NP = Not Possible
v ArchR provides features and enables analyses that other tools do not:

tures and parallelization methods that form the basis of the ArchR software.

\/ ArchR is faster and uses less memory than other available tools due to heavy optimization of the data
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Installation of ArchR

v Visit https://github.com/choilab-hr/KSBI BIML 2024/tree/main/03 scATAC sed/ArchR

v' ArchR is designed to be run on Unix-based operating systems such as macOS and linux. ArchR IS“OT

supported on Windows or other operating systems.

v ArchR installation currently requires devtools and BiocManager for installation of GitHub and
Bioconductor packages.

First, install devtools (for installing GitHub packages) if it isn’t already installed:

if (!requireNamespace ("devtools", quietly = TRUE)) install.packages ("devtools")

Then, install BiocManager (for installing bioconductor packages) if it isn’t already installed:

if (!requireNamespace ("BiocManager", quietly = TRUE)) install.packages ("BiocManager")
Then, install ArchR:

devtools: :install_github("GreenleafLab/ArchR", ref="master", repos =
BiocManager: :repositories())

Install all of the ArchR dependencies that arent installed by default:

library (ArchR)
ArchR::installExtraPackages ()

working directory variable for the session:

biml dir <- ‘your/directory'
setwd (biml dir)

112
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Load ArchR and Download tutorial data

First, load ArchR and set a random seed.

library (ArchR)
set.seed (2024)

Set the default number of threads for parallelized operations in ArchR functions.

((ncore <- parallel::detectCores())) # 10
addArchRThreads (threads = ncore-2)

Get tutorial data for the session.

inputFiles <- getTutorialData ("Hematopoiesis")
inputFiles

> inputFiles
scATAC_BMMC_R1 SCATAC_CD34_BMMC_R1
"HemeFragments/scATAC_BMMC_R1.fragments.tsv.gz" "HemeFragments/scATAC_CD34_BMMC_R1.fragments.tsv.gz"
scATAC_PBMC_R1
"HemeF ragments/scATAC_PBMC_R1.fragments.tsv.gz"

L— HemeFragments

ATAC BMMC R1.fragments.
scATAC_CD34_BMMC_R1.fragm

add a reference genome annotation for ArchR.

e

addArchRGenome (

"hgl9")
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Creating Arrow files

Now we will create our Arrow files which will take 10-15 minutes. For each sample, this step will:

1. Read accessible fragments from the provided input files.

2. Calculate quality control information for each cell (i.e. TSS enrichment scores and nucleosome
info).

3. Filter cells based on quality control parameters.
4. Create a genome-wide TileMatrix using 500-bp bins.

5. Create a GeneScoreMatrix using the custom geneAnnotation that was defined when we
called addArchRGenome().

ArrowFiles <- createArrowFiles (
inputFiles = inputFiles,
sampleNames = names (inputFiles),
filterTSS = 4, #Dont set this too high because you can always increase later
filterFrags = 1000,
addTileMat = TRUE,
addGeneScoreMat = TRUE

)

ArrowFiles

14

-57 -



= Marker genes and Visualization
L

Create Arrow files

What is an Arrow file?

v The base unit of an analytical project in ArchR is called an Arrow file.

Archi Arrow File 33— . In Si!g_;agsﬁ
Metadata arge File Size
T e ] Arrow Files
Sample-centric Metadata [HDF5 format] In Memor’f
Cell-centric Metadata Small File Size
ArchRPraject [RDS format] u

Genome Annotation (DNA)

Sequence-derived data

Sample-centric Metadata
Cell-centric Metadata

»—)
»—p
Accessible Regions (Fragments) H
»—)
»—p
»—)
»—p
»—p
»—)>
b

chr  start stop cell id

chrl 1895645 18.95'!86 AGACA... Genome Annotation (DNA)

Gene Annotations (Transcript)

500-bp Tiles Genes
High-level Project Data
. Gene Score A S S e L -

Tile Matrix g Matric g Dim. Reduction / Embeddings

Peaks TFs LSI t-SNE UMAP
Peak Count |O | TF Deviation |O Peak Set

i @ n @
Matrix | [ Matrix | | chr start stop |
Feature Peak Annotation

Custom | Motifs  SNPs  Features |
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Create Arrow files

What is an ArchRProject?

v" More explicitly, an Arrow file is not an R-language object that is stored in memory but rather an
format file stored on disk.

v' Because of this, we use an ArchRProject object to associate these Arrow files together into a single
analytical framework that can be rapidly accessed in R. This ArchRProject object is small in size and is
stored in memory. i

—

Add-er Functions ArchRProject ArrowFiles

.

Get-er Functions

116
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After the creation of Arrow files

PDF [

M ArchRLog W scATAC_BMMC_R1 B scATAC_BMMC.. Distribution.pdf ®
B HemeFragments W scATAC_CD34_BMMC_R1 B scATAC_BMMC..nique_Frags.pdf @
 QualityControl I scATAC_PBMC_R1

= tmp

BMMC...er-Metadata.rds @

scATAC_BMMC_R1-
Fragment_5Si

Per samples’ Arrow file Per samples’ Quality Control results

Quality Control of scATAC-seq data

v" In ArchR, three characteristics are considered for the quality control.

1. The number of unique nuclear fragments (i.e. not mapping to mitochondrial DNA).

2. The signal-to-background ratio. Low signal-to-background ratio is often attributed to dead or dying
cells which have de-chromatinzed DNA which allows for random transposition genome-wide.

3. The fragment size distribution. Due to nucleosomal periodicity, we expect to see depletion of
fragments that are the length of DNA wrapped around a nucleosome (approximately 147 bp).

SCATAC_BMMC_R1
nCells Pass Filter = 4932

Vodan §§§Ei.iﬁ7éeni=,5_zs75 f\tl“;ggsci'gggﬁm
Fragment Size Distribution

o] g 0.6
N : g
! -
£ 20 iy
1} L2 0‘4 -
[+
104 E
g
=024
0 T T
25 3.0 35 40 45 5.0
Log 10 (Unique Fragments)
0.0+ T T
0 200 400 600
Size of Fragments (bp)
soo I
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Qc = Marker genes and Visualization

Doublet Inference with ArchR

Colored by Doublet Enrichment

Single Cells Synthetic Doublets i
7 +
. O [#] Eb % =9
ey <
° B | 2
O 0 0| [e+0 <
% =0 £
© o : 2 £
@] ol a
o O ! o
©_ 0 li[e+@ 3
© o0 |50 =
L 1 "
LSI " KNN Compute UMAP Dlmesn:ln 1
Projection| | Identification ™ | Enrichments Doublet Enrichment
0 2

1. Synthesize in silico doublets from the data by mixing the reads from thousands of combinations of
individual cells.

2. Project these synthetic doublets into the UMAP embedding and identify their nearest neighbor.

Identify “cells” in our data whose signal looks very similar to synthetic doublets.

119

QcC = Marker genes and Visualization

Inferring scATAC-seq Doublets with ArchR
One simple function infers scATAC-seq Doublets.

doubScores <- addDoubletScores (
input = ArrowFiles,
k = 10, #Refers to how many cells near a "pseudo-doublet" to count.
knnMethod = "UMAP", #Refers to the embedding to use for nearest neighbor search.

LSIMethod = 1

ArchR logging to : ArchRLogs/ArchR-addDoubletScores-1f1a582abb49-Date-2024-02-11_Time-16-04-38.756898.10g

If there is an issue, please report to github with logFile!

2024-02-11 16:04:38.839446 : Batch Execution w/ safelapply!, @ mins elapsed.

2024-02-11 16:04:38.845568 : scATAC_BMMC_R1 (1 of 3) : Computing Doublet Statistics, @ mins elapsed.

SCATAC_BMMC_R1 (1 of 3) : UMAP Projection RAZ = 0.98192

2024-92-11 16:06:23.022728 : scATAC_CD34_BMMC_R1 (2 of 3) : Computing Doublet Statistics, 1.736 mins elapsed.
scATAC_CD34_BMMC_R1 (2 of 3) : UMAP Projection RAZ = 0.99185

2024-92-11 16:@7:39.997211 : scATAC_PBMC_R1 (3 of 3) : Computing Doublet Statistics, 3.219 mins elapsed.
ScATAC_PBMC_R1 (3 of 3) : UMAP Projection RAZ = 8.99512

ArchR logging successful to : ArchRLogs/ArchR-addDoubletScores-1fla582abb49-Date-2024-02-11_Time-16-04-38.756898.10g

120
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Saving and Loading an ArchRProject

v’ ltis crucial to save the ArchRProject after executing functions that require high computing power.

saveArchRProject (ArchRProj = proj, outputDirectory = "Save-Proj", load = FALSE)

Copying ArchRProject to new outputDirectory : /Users/harim/Dropbox/Choi_lab/2@24_BIML/tutorial/Save-Proj
Copying Arrow Files...

Copying Arrow Files (1 of 3)

Copying Arrow Files (2 of 3)

Copying Arrow Files (3 of 3)

Getting ImputeWeights

No imputeWeights found, returning NULL

Copying Other Files...

Saving ArchRProject...

This will copy the Arrow files and save a .RDS file of the proj ArchRProject object in the
specified outputDirectory.

™ ArrowFiles
W HemeFragments Othe:
B QualityControl

i Save-Proj

B' Save-ArchR-Project.rds

o0 o o 0 0

| _Rl.arrow
B scATAC_PBMC_R1.armow

o o 0

LoadedProj <- loadArchRProject (paste0O(biml dir, '/Save-Proj’))
rm (LoadedProj)

Y
v" An ArchRProject allows us to group multiple Arrow files together into a single project.
proj <- ArchRProject (
ArrowFiles = ArrowFiles,
outputDirectory = "2024 BIML archR",
copyArrows = TRUE #This is recommened so that if you modify the Arrow files you
have an original copy for later usage.
)
W 2024_BIML_archR ® ArrowFiles © B scATAC_BMMC_R1.armow e
= [ ] MC_Rlarrow @
arrow L]
fuptut Directory! If you want to save disk spoce set copyArroms
Which data matrices are available within the ArchRProject?
getAvailableMatrices (proj)
Filter putative doublets. This doesn’t physically remove data from the Arrow files but rather tells
-II the ArchRProject to ignore these cells for downstream analysis.
) proj <- filterDoublets (ArchRProj = proj)
K]
| pastel ("Memory Size = ", round(object.size (proj) / 1076, 3), " MB")
Filtering 410 cells from ArchRProject! [1] "Memory Size = 37.389 MB"
SCATAC_BMMC_R1 : 243 of 4932 (4.9%)
scATAC_CD34_BMMC_R1 : 107 of 3275 (3.3%)
ScATAC_PBMC_R1 : 6@ of 2453 (2.4%)
.I TS
iy o e
]
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Qc = Marker genes and Visualization

Load ArchRProject before the downstream
analysis — “Optional”

If you have not followed the previous steps, don’t worry. We provide ArchRProjcet file for the toturial.

First, check the biml dir.

biml dir

If there’s no biml_dir, set them as following.

biml dir <- 'your/directory'

Load an ArchRProject

proj <- loadArchRProject (paste0 (biml dir, '/Save-Proj'))

123

Dimensionality reduction and Clustering Marker genes and Visualization

Dimensionality reduction of scATAC-seq data

An iterative LS| dimensionality reduction via the addlterativeLSI() function.

proj <- addIterativeLSI (ArchRProj = proj, useMatrix = "TileMatrix", name = "IterativeLSI")
# saveArchRProject (ArchRProj = proj, outputDirectory = "0l Dimensionality reduction", load
= FALSE)

# proj <- loadArchRProject (pasteO(biml dir, '/01l Dimensionality reduction'))

Checking Inputs...
ArchR logging to : ArchRLogs/ArchR-addIterativelSI-1fla3c66ed50-Date-2024-02-11_Time-16-37-17.714121.10g
If there is an issue, please report to github with logFile!

2024-02-11 16:37:17.930327 : Computing Total Across All Features, 0.002 mins elapsed.

2024-02-11 16:37:18.684402 : Computing Top Features, @.014 mins elapsed.

A

2024-02-11 16:37:19.447 : Running LSI (1 of 2) on Top Features, @.027 mins elapsed.

HURRAABRREY

2024-92-11 16:37:19.480838 : Sampling Cells (N = 10@01) for Estimated LSI, @.028 mins elapsed.
2024-02-11 16:37:19.481419 : Creating Sampled Partial Matrix, ©.028 mins elapsed.

2024-02-11 16:37:21.925047 : Computing Estimated LSI (projectAll = FALSE), ©.068 mins elapsed.
2024-02-11 16:37:39.454627 : Identifying Clusters, @.36 mins elapsed.

2024-92-11 16:37:48.339705 : Identified 6 Clusters, @.5@9 mins elapsed.

2024-02-11 16:37:48.341924 : Saving LSI Iteration, @.509 mins elapsed.

2024-02-11 16:37:56.874659 : Creating Cluster Matrix on the total Group Features, ©.651 mins elapsed.
2024-02-11 16:38:38.771291 : Computing Variable Features, 1.349 mins elapsed.

R

2024-02-11 16:38:38.831514 : Running LSI (2 of 2) on Variable Features, 1.35 mins elapsed.
HRRBRHHHINS

2024-02-11 16:38:38.840211 : Creating Partial Matrix, 1.35 mins elapsed.

2024-02-11 16:38:41.194267 : Computing LSI, 1.389 mins elapsed.

2024-02-11 16:38:58.943066 : Finished Running IterativelSI, 1.685 mins elapsed. 124
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Dimensionality reduction and Clustering Marker genes and Visualization

Clustering with ArchR and Seurat

Using the graph clustering approach implemented by Seurat::FindClusters (), clustering is
performed.

proj <- addClusters(
input = proj,

reducedDims = "IterativeLSI",

method = "Seurat",

name = "Clusters",

resolution = 0.8
)
# saveArchRProject (ArchRProj = proj, outputDirectory = "02 Clustering", load =
FALSE)

# proj <- loadArchRProject (pasteO(biml dir, '/02 Clustering'))
ArchR logging to : ArchRLogs/ArchR-addClusters-1fla4146c1fl-Date-2024-02-11_Time-16-55-19.711685.1og
If there is an issue, please report to github with logFile!
2024-02-11 16:55:19.864979 : Running Seurats FindClusters (Stuart et al. Cell 2019), @.99L mins elapsed.
Computing nearest neighbor graph
Computing SNN
Modularity Optimizer version 1.3.@ by Ludo Waltman and Mees Jan van Eck

Number of nodes: 1025
Number of edges: 427041

Running Louvain algorithm...

@% 10 20 30 48 50 6@ TFO 8@ 90 100%
[erme ) mrmm e e fr | o o ] e f o | e |

|

Maximum modularity in 1@ random starts: @.8558

Number of communities: 12

JE'I.cu:\s\ﬁ_-r.l time: @ seconds

2024-02-11 16:55:28.234513 : Testing Outlier Clusters, @.14 mins elapsed.

2024-92-11 16:55:28.235606 : Assigning Cluster Nomes to 12 Clusters, ©.14 mins elapsed. 125
2@24-02-11 16:55:28.272756 : Finished addClusters, ©.141 mins elapsed.

Dimensionality reduction and Clustering Marker genes and Visualization

Visualization in a Two-dimensional space

Visualization of single cell in a Two-dimensional UMAP space.
proj <- addUMAP (ArchRProj = proj, reducedDims = "IterativeLSI")

# UMAP colored by the Sample
pl <- plotEmbedding (ArchRProj = proj, colorBy = "cellColData", name = "Sample",
embedding = "UMAP")

# UMAP colored by the Clusters

p2 <- plotEmbedding (ArchRProj = proj, colorBy = "cellColData", name = "Clusters",
embedding = "UMAP")

ggAlignPlots (pl, p2, type = "h")

# Save a plot

plotPDF (pl,p2, name = "Plot-UMAP-Sample-Clusters.pdf",

ArchRProj = proj, addDOC = FALSE, width = 5, height = 5)
# saveArchRProject (ArchRProj = proj, outputDirectory = "03 UMAP", load = FALSE)

# proj <- loadArchRProject (pasteO(biml dir, '/03 UMAP'))

UMAP of Iterativel.SI colored by UMARP of lterativeL.SI colored by
colData : Sample colData : Clusters

N

UMARP Dimension 1 UMARP Dimension 1

UMAP Dimension 2
UMAP Dimension 2

o W= W e B
Color M twatscmecw W swanccommwcn W dwanc color M e W oo W o W

126

W0 0o B B oucu
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Dimensionality reduction and Clustering Marker genes and Visualization
0

Visualization in a Two-dimensional space

Visualization of single cell in a Two-dimensional tSNE space. - Optional

"TSNE")

proj <- addTSNE (ArchRProj = proj, reducedDims = "IterativeLSI", name =

# UMAP colored by the Sample
pl <- plotEmbedding (ArchRProj = proj, colorBy = "cellColData", name = "Sample",
embedding = "TSNE")

P

# UMAP colored by the Clusters

p2 <- plotEmbedding (ArchRProj = proj, colorBy = "cellColData", name = "Clusters",
embedding = "TSNE")

ggAlignPlots (pl, p2, type = "h")

# Save a plot
plotPDF (pl,p2, name = "Plot-TSNE-Sample-Clusters.pdf",
ArchRProj = proj, addDOC = FALSE, width = 5, height = 5)

TSNE of IterativeLSI colored by TSNE of IterativeLSI colored by
colData : Sample colData : Clusters

TSNE Dimension 2
TSNE Dimension 2

TSNE Dimension 1 TSNE Dimension 1

Moo M o W orcr M owen
color M isancowcrm M ssaaccommacr B dwanc color B :cz W scs W osar W wen
B oo B o W oo W owmen 127

Identifying Marker genes for each cluster

This function takes several minutes depending on the computational resource.

# Do not run below
# markersGS <- getMarkerFeatures (
# ArchRProj = proj,

# useMatrix = "GeneScoreMatrix",

# groupBy = "Clusters", ﬁ
# bias = c("TSSEnrichment", "loglO (nFrags)"), .
# testMethod = "wilcoxon"

# )

# saveRDS (markersGS, file = pasteO(biml dir, '/2024_BIML_markerGS.rds')) # Optional

# Run below for the downstream tutorial
markersGS <- readRDS(file = pasteO(biml dir, '/2024 BIML markerGS.rds'))

ArchR logging to : ArchRLogs/ArchR-getMarkerFeatures-1f1a24@3f12d-Date-2024-02-11_Time-17-17-87.737963.1og

If there is an issue, please report to github with logFile!

2024-02-11 17:17:@7.845723 : Matching Known Biases, @.001 mins elapsed.

HAREREER Y

2024-02-11 17:24:23.814307 : Completed Pairwise Tests, 7.267 mins elapsed.

HHRRR AR

ArchR logging successful to : ArchRLoas/ArchR-getMarkerFeatures-1fla24@3f12d-Date-2024-02-11_Time-17-17-@7.737963.10a

This function returns a SummarizedExperiment object containing relevant information on the marker
features identified.

et the marker genes for the Cluster 6

markerList <- getMarkers (markersGS, cutOff = "FDR <= 0.01 & Log2FC >= 1.25")
markerList$C6

markerList$C6 %>% as.data.frame() %$>% dplyr::arrange (desc(Log2FC)) %>%
dplyr::pull (name) %>% head(10)

128
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Visualize Gene scores - Heatmap

We can visualize gene scores by creating a heatmap

markerGenes <- c(
"CD34", #Early Progenitor
"GATAl", #Erythroid
"PAX5", "MS4Al", "EBF1", "MME", #B-Cell Trajectory
"CcD14", "CEBPB", "MPO", #Monocytes
"IRF8",
"CD3D", "CD8A", "TBX21", "IL7R" #TCells
)

heatmapGS <- markerHeatmap (seMarker = markersGS, cutOff = "FDR <= 0.01 & Log2FC >=
1.25", labelMarkers = markerGenes, transpose = TRUE)

ComplexHeatmap: :draw (heatmapGS, heatmap legend side = "bot", annotation legend side
— "botll)
plotPDF (heatmapGS, name = "GeneScores-Marker-Heatmap", width = 8, height = 6,

ArchRProj = proj, addDOC = FALSE)
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Visualize Gene scores - Heatmap

We can visualize gene scores by creating a heatmap

Column Z-Scores
2661 features
GeneScoreMatrix

-2 2

130
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Visualize Gene scores — on an Embedding

markerGenes <- c(
"CD34", #Early Progenitor
"GATALl", #Erythroid
"PAX5", "MS4Al1l", "MME", #B-Cell Trajectory
"CDhl4"™, "MPO", #Monocytes
"CD3D", "CD8A"#TCells

p <- plotEmbedding (ArchRProj = proj, colorBy = "GeneScoreMatrix", name =
markerGenes, embedding = "UMAP", imputeWeights = getImputeWeights (proj))
pS$CD14

UMAP of IterativeLSI colored by
GeneScoreMatrix : CD14

UMAP Dimension 2

UMAP Dimension 1

Log2(NormCounts + 1) -
] 1 f )
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Visualize Gene scores — on an Embedding

To plot all genes we can use cowplot to arrange the various marker genes into a single plot.

p2 <- lapply(p, function (x) {

X + guides(color = FALSE, fill = FALSE) +

theme_ ArchR (baseSize = 6.5) +

theme (plot.margin = unit(c(0, 0, 0, 0), "cm")) +

theme (
axis.text.x=element blank(),
axis.ticks.x=element blank(),
axis.text.y=element blank(),
axis.ticks.y=element blank()

})
do.call (cowplot::plot grid, c(list(ncol = 3),p2))

132
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UMAP of Iterativel.S! colored by
GeneScoreMatrix : CD34

UMAP of lterativeL.SI colored by
GeneScoreMatrix : GATA1

Visualize Gene scores — on an Embedding

To plot all genes we can use cowplot to arrange the various marker genes into a single plot.

UMAP of Iterativel.SI colored by
GeneScoreMatrix : PAXS

H §${4%%{“
;ﬁl R 05t

<

UMAP Dimersion

UMAP Dimension |
UMAPMMmIMLS&}Mby
GeneScoreMatrix : CD14

UMAP Dimersion 1
UMAP of terativelLSI colored by
GeneScoreMatrix : CD8A

pe-
W e

UMAP Dimension 2
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proj <- addImputeWeights (proj)

p <- plotEmbedding (
ArchRProj = proj,
colorBy = "GeneScoreMatrix",
name = 'CD1l4',
embedding = "UMAP",
imputeWeights = getImputeWeights (proj)

No imputation

UMAP of Iterativel S| colored by
GeneScoreMalrix : CD14

UMAP Dimension 2

UMAP Dimension 1

Logattiormoouns + 1) NN

Marker Genes imputation with MAGIC

We use MAGIC to impute gene scores by smoothing signal across nearby cells.

After the imputation

UMAP of IterativeLS| colored by
GeneScoreMatrix : CD14

UMAP Dimension 2

UMAP Dimension 1

Log2(NormCounts + 1) _

. s s am
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Visualizing Genome Browser Tracks

In addition to plotting gene scores per cell as a UMAP overlay, we can browse the local chromatin
accessibility at these marker genes on a per cluster basis with genome browser tracks.

p <- plotBrowserTrack (
ArchRProj = proj,
groupBy = "Clusters",
geneSymbol = markerGenes,
upstream = 50000,
downstream = 50000

)

grid::grid.newpage ()
grid::grid.draw (pSCD14)

plotPDF (plotList = p,
name = "Plot-Tracks-Marker-Genes.pdf",
ArchRProj = proj,
addDOC = FALSE, width = 5, height = 5)

135

Visualizing Genome Browser Tracks
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Defining Cluster ldentity with scRNA-seq data

Divide cells into M groups with N celis each

sScATAC-seq

scRNA-seq

v In addition to allowing cluster identity assignment with gene scores, ArchR also enables integration with
scRNA-seq.
insferAnchors () function from the Seurat package allows you to align data across two datasets.

137

Cross-platform linkage of scATAC-seq cells wit
scRNA-seq cells - “DO NOT RUN”

Download scRNA-seq data and Integration of scRNA-cells and scATAC-seq cells

if(!file.exists ("scRNA-Hematopoiesis-Granja-2019.rds")) {
download.file (
url = "https://jeffgranja.s3.amazonaws.com/ArchR/TestData/scRNA-Hematopoiesis—
Granja-2019.rds",
destfile = "scRNA-Hematopoiesis-Granja-2019.rds" Il

)
}

seRNA <- readRDS ("scRNA-Hematopoiesis-Granja-2019.rds")
seRNA

colnames (colData (seRNA))

table (colData (seRNA) SBioClassification)

proj <- addGenelIntegrationMatrix (
ArchRProj = proj,

useMatrix = "GeneScoreMatrix",
matrixName = "GenelIntegrationMatrix",
reducedDims = "IterativeLSI",

seRNA = seRNA,
addToArrow = FALSE,

groupRNA = "BioClassification",
nameCell = "predictedCell Un",
nameGroup = "predictedGroup Un",

nameScore = "predictedScore Un"
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There are more advanced data analysis

Advanced Data Analysis

Data

Archi

Anaiysis of Reguiatoey
Chiomatinin R

SCATAC-se BAM | =
or Fragment Files —

Y

Roust Peak Calling & Merging

L.
Search Marker Feature

Quality Conirol

Create ArchR Amow Files
»—p B B |

Projection of Bk ATAC-seq Data

Iw;nlunme Fragments)

Genome Track Visualzation

Clustering + Embaddings

Mative Interactive Genome Browser

Marker Identifcation

!’ ED d Interactive Genome Browser
-
Filter Cells by Quality and Peak Coscoessbility e ——
Remove Predicted Doublets | | | eessssesresesereseemaes = fe

7 [scamac-seq-scRN-seq | == Gl

Y = !
Herative LS1 & Clustering I |Gt ey Lo = e

T Cellular Trajectory Anaiysis —

UMAP Dim. 1

UMAR Dim. 2

Visit following link of full manual for the advanced data analysis:

https://www.archrproject.com/bookdown/index.html

Bsck ta ArchRt Homa

ArchR

1 Gatting Starsed with Arehil
1.1 & Bried Primas on ATAG s Ter
1.2 Wiy e ArchR?

1.3 Wrat is an Arow S £ ArchBPr..

1.4 Input File Types in Arehft

1.8 Gating Sot Up
L6 Craating Aerew Fias
1.7 Per-ool Quatiy Controd
2 Doublt Infarmnce with Achi
21 Haw closs coutiet idenanication ..

22 Inferring SEATAG 30 Donkiers .

ArchR: Robust and scaleable analysis of single-

cell chromatin accessibility data.

Jatiey Granja and Ryan Corces

2020-05-01

Archig

ArchE I full-teaturnd softwars suts for the analysis of single-coll chromatin accessibility data, it i
demigned 1o handle hundreds of thousands of single Gells without karge memory ar computational

requiremEAE, koaping pace with th axpoeriniontal scale that is achisvabla with commercial platforms

139

10. FigR

140

P

- 70 -




What is FigR?

» Functional inference of gene regulation (FigR) is a framework to

(1) computationally pair scATAC-seq with scRNA-seq cells by scOptMatch,
(2) infers cis-regulatory interactions,
(3) defines a TF-gene GRN

» Utilizing these paired multi-omics data, FigR define domains of regulatory chromatin (DORCs) of
immune stimulation and find that cells alter chromatin accessibility and gene expression at timescales
of minutes.

FigR
' - R:Acoﬁ; I” le Activators
. &- g e XX [ % -
e £
uATAC&qu.NA = ﬁRN'LF-DORC—o
Computational pairing of ~ Connecting peaks to genes Connecting TFs to DORCs

SCATAC-seq & scRNA-seq identifies Domains of
Regulatory Chromatin (DORCs)
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Functional inference of gene regulation using
scRNA-seq and scATAC-seq from resting immune

Stimulation Harvest cells
i oo s
) ! A
o =——— )|
© P O S I . splt cells 7 %
Human PBMCs ° = : ' in half N\ = -
n= 3 -4 Donors LPS [ < o B =
( ) : ! ‘E/t}“
PMA + scRNA-seq
+ —m— 7
Golgi inhibitor (Gl) ————————————— Single cell
Time profiling
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Installation of FigR

devtools::install github( "buenrostrolab/FigR")

BiocManager: :install ("BSgenome.Hsapiens.UCSC.hgl9")
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Load data & visualize smmmmaEm

Loading ATAC-seq and RNA-seq data

Download data from Dropbox link, and unzip the data.
https://www.dropbox.com/scl/fi/q63f4wrdjlwtva7z72i9g/FigR_stim.zip?rlkey=gibefa8gdtj4z
to78rnvmuym1&di=0

library (doParallel)

library (BuenColors)

library (FigR)

library (BSgenome.Hsapiens.UCSC.hgl9)

setwd (“directory”)

ATAC.se <- readRDS(”./FigR _stim/controllh PBMC atac_SE.rds")

RNAmat <- readRDS(”./FigR stim/controllh PBMC RNAnorm.rds")

CCA PCs <- readRDS(”./FigR stim/controllh PBMC atac rna CCA 12.rds”)

dim (ATAC.se) # Peaks x ATAC cells

dim (RNAmat) # Genes x RNA cells

dim (CCA PCs) # ATAC + RNA (rows), n components (columns)
head (rownames (CCA_PCs)) # ATAC cells

tail (rownames (CCA PCs)) # RNA cells

> dim(ATAC.se) # Peaks x ATAC cells

1) 219136 5352

> dim(RNAmat) # Genes x RMA cells

1] 15584 3508

= dim(CCA_PCs) # ATAC + BNA (rows), n components (columns)
[1) 8868 50

> head({rownames(CCA_PCs)) # ATAC cells

[1] "Centrol 1h Donorl S1 BCE@@4 N@l" “Control lh Donorl 51 BCE@@E Nel" “Control_lh Donorl S1 BCO@eD Nel" “Contrel 1lh Donorl S1 BC@G@9 Nel"
[5] “Control_1h_Donorl_51_BCG@10_NB1" “Control_lh_Donorl_51_BCO@12_N@1"

> taill rownames{CCA_PCs}) # RNA cells

[1] “Contrel_1h_Denor4_tgtagtggagttgcacgttgg” “Control_1h_Donerd_aatggccgeacagccgegett” “Control_lh_Donord_cggccaggtcggttttggtta”

[4] “Control_1h_Donord_ggcaggctccttaactggcat" “Control_lh_Donord_gcagtgtactacgactggeat” "Control_lh_Donord_tcagcaatcgegcattectet”

TF-gene association
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Load data & visualize =mmmmmnr  TF-gene association

Loading ATAC-seq and RNA-seq data

isATAC <- grepl ("BC", rownames (CCA PCs))
table (isATAC) # ATAC vs RNA

ATACcells <- rownames (CCA PCs) [isATAC]
RNAcells <- rownames (CCA PCs) [!isATAC]

length (ATACcells)
length (RNAcells)

> table(isATAC) # ATAC vs RNA

isATAC
FALSE TRUE
3508 5352

> ATACcells <- rownames(CCA_PCs) [iSATAC]
> RNAcells <— rownames(CCA_PCs) [!isATAC]
> length(ATACcells)

[1] 5352

> length(RNAcells)

[1] 3508
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Visualizing UMAP of the ATAC-RNA cell

nPCs <- 20 # Num CCA PCs to use when running UMAP / pairing

set.seed (123)

umap.out <- uwot::umap (CCA PCs[,1:nPCs],
metric="cosine",
n_neighbors=30)

umap.d <- as.data.frame (umap.out)
colnames (umap.d) <- c("UMAPL1","UMAP2")
rownames (umap.d) <- rownames (CCA_ PCs)

umap.dS$Assay <- ifelse (isATAC,"ATAC","RNA")

BuenColors: :shuf (umap.d) %>%
ggplot (aes (UMAP1, UMAP2,color=Assay)) +
geom point (size=0.1) +
theme classic() + theme classic() +
scale_color manual (values = c("cadetblue","darkorange"))+
guides (colour = guide legend(override.aes = list(size=3))))
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Cell pairing e l.TF-gene association

Pairing cells using scOptMatch

# Get PCs for each data

ATAC_PCs <- CCA PCs[isATAC, ]

RNA PCs <- CCA PCs[!isATAC,]

dim (ATAC_PCs)

dim (RNA PCs)

# Pair cells using scOptMatch

pairing <- pairCells (ATAC = ATAC PCs,
RNA = RNZ—\_PCS,
keepUnique = TRUE)

Dim(pairing)

> dim(ATAC_PCs)

Y 5,352 cells, 50 PCs > dim(pairing)

> dim(RNA_PCs)

[1] 3508 50 3,508 cells, 50 PCs [1] 4912 3

> head(pairing) Distance

# A tibble: 6 x 3 between

# Groups: ATAC [6] two cells
ATAC Cells from ATAC-seq RNA Cells from RNA-seq dist
<chr> <chr> <dbl>

-1 Control_1h_Donor3_S1_BC1625_N@1 Control_1h_Donor2_tggccttcagagagtccagtt @.981
2 Control_1h_Donor3_S1_BC@358_N@1 Control_1h_Donor4_agccgcctaagaggagtttct 1.15
© Control_1h_Donor4_S1_BC@982_N@1 Control_1h_Donor4_tgcgagcacgtattccaagct 0.824
4 Control_1h_Donor3_S1_BC@284_N@1 Control_1h_Donor3_ctaactcagtttctggtcgta @.926
% Control_lh_Donorl_S1_BC@@87_N@1 Control_lh_Donor2_ttaagcggagaggtagccgcc ©0.959
& Control_1h_Donor2_S1_BC@879_N0@1 Control_1lh_Donor3_gtgcattgtgtccaaactctt 1.10
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Cell pairing by scOptMatch

1. Creating a shared co-embedding of scATAC-seq and scRNA-seq cells usin
canonical correlation analysis (CCA)

2. Sub-clustering the entire cell space and constructing a cell KNN graph between
ATAC and RNA cells in the co-embedded space

3. Global optimal pairing between scATAC and scRNA within subgraph

A RNA cells RNA cells
. XX X w X X
-; <E/ ; 27 xxx 3 X X
8 xxx S xxx
o - X X X T x %
- . < XXX < X X
Dm 1
Co-embedding of scOptMatch for Global optimal pairing between scATAC
ATAC + RNA cells cell subgraph / scRNA within subgraph
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Cell pairing =mmmmmnr  TF-gene association

Visualizing ATAC-RNA pairs on the CCA UMAP

library (ggrastr)

plotPairs (ATAC = pairing$ATAC,
RNA=pairing$RNA,
max.show = 100,
umap.df = umap.d)
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Cell pairing ==smmsns  TF-gene association

Getting count object for the ATAC-RNA paired ce

ATAC.se.paired <- ATAC.se[,pairing$ATAC]
RNAmat.paired <- RNAmat[,pairingS$RNA]

dim (ATAC.se.paired)
dim (RNAmat.paired)

4,912 cells included in pairs are assigned to each object
> dim(ATAC.se.paired)

[1] 219136 4912

> dim(RNAmat.paired)

[1] 15584 4912
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Peak-gene association

sennnann *TF-gene association

Peak-gene association testing

# Compute correlation between RNA expression and peak accessibility for peaks falling
within a window around each gene.

# Do not run this code

#cisCorr <- runGenePeakcorr (ATAC.se = ATAC.se.paired,

# RNAmat = RNAmat.paired,

# genome = "hgl9", l.
# nCores = 4,

# p.cut = NULL,

# n_bg = 100) # the number of background correlations to

compute per gene-peak pair
cisCorr <- readRDS("./FigR stim/controllh PBMC cisCor.rds")

# head for cisCorr
head (cisCorr)

» This step use background peak correlations for significance testing.

> head(cisCorr)

Peak PeakRanges Gene rObs pvalZ
il 2 chrl:713966-714266 LINC@1128 ©.018159834 0.100025782
2 5 chrl:756685-756985 LINC@1128 0.004361716 @.318375663
3 8 chrl:777265-777565 LINC@1128 ©.006061255 0.165574826
4 19 chrl:839948-840248 SAMD11 ©.003911159 @.289553871
5 23 chrl:848168-848468 SAMD11 @.045598153 0.0805385101
6 26 chril:859876-859376 SAMD11 ©.031427158 ©0.107115444
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Peak-gene association

semmnans II.TF-gene association

Peak-gene association testing

Compute peak-gene
correlations

Determine significant
peak-gene links

Observed corrrelations

Peak3 Peak2 Peak 1

Peak-gene correlation

(Spearman correlation)
r' 3

Normalized ° P
peaks counts )

v

/ N

BG
Peak 2.1

BG
Peak 3.1

~— Significant s
Non-significant

Background (BG) correlations

Peak3 Peak2 Peak 1

by permutation

Normalized gene
expression counts

Background peak-gene correlation

BG
Peak 1.1

152

- 76 -



Peak-gene association

sennnann hTF-geneassociation

Determining DORCs

# Filtering DORCs by p-value

cisCorr.filt <- cisCorr %>% filter (pvalZ <= 0.05)

cisCorr.filt %>% dplyr::arrange (desc(pvalZ)) %>% head()

# Plotting DORCs

library (ggplot2)

dorcGenes <- dorcJPlot (dorcTab = cisCorr.filt, k

cutoff = 10,
labelTop = 20,
returnGenelList = TRUE,
force=5)

head (dorcGenes)

length (dorcGenes)

» cutoff : the number of significant peaks needed to be called a DORC
> cisCorr.filt %=% dplyr::arrange(desc(pvalZ)) %=% head()

#DORCs: (n>=10)=153

Peak PeakRanges Gene rObs pvalz AR seuron)
1 197488 chr19:47207759-47208059  PRKD2 0.02808505 0.04999319 = ]
2 136096 chr12:7056433-7056733 EMG1 0.01875814 0.04997972 "”"’*’f"";,,g’fi?;;}
3 12065 chr1:151255629-151255929 ZNF687 0.02517972 0.04997446 § (RbaarHiciag
4 76839  chr6:42870622-42870922 C6orf226 0.01966360 @.04996973 : Wf&"‘fi‘c‘a
5 106117 chr9:35039871-35040171 VCP 0.01812899 0.04996436 g ;
6 121589 chrl@:104143787-104144087 CUEDC2 0.02844759 0.04996270 I
> head(dorcGenes) . Rl
[1] "IL7R" "TCF7" "Cp83" “SEMA7A"  "APOBEC3G" "CCR7" —
> length(dorcGenes) R —— = !
[1] 99 Fedgnes

Peak-gene association

Summary of DORC

# To get the DORC accessibility scores, we can sum up the chromatin accessibility peak
counts for peaks associated

numDorcs <- cisCorr.filt %>% group by (Gene) %>% tally() %>% arrange (desc(n))

numDorcs
I.
M
> numDorcs b
# A tibble: 9,272 x 2
Gene n
<chr> <int>
1 IL7R 23
2 TCF7 23
© CoB3 22
- SEMA7A 20
~ APOBEC3G 19
5 CCR7 18
' CDBA 18
© PAXS 18
' SLC7AS 18
1 ANPEP 17

# 1 9,262 more rows

# i Use “print(n = ...)" to see more rows

These genes are unstimulated (control) PBMCs, we expect most of these genes to be
lineage-determining markers.
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Peak-gene association =ssmmsns  TF-gene association

Calculating DORC scores

# Calculate DORC scores

dorcMat <- getDORCScores (ATAC.se ATAC.se.paired,
dorcTab = cisCorr.filt,
genelist = dorcGenes,
nCores = 4)

dim (dorcMat)
dorcMat[1:2,10:20]

> dim(dorcMat)

[1] 99 4912 99 DORCs x 4,912 cells

> dorcMat([1:2,10:20]
2 x 11 sparse Matrix of class "dgCMatrix"
[[ suppressing 11 column names ‘Control_lh_Donorl S1_BC@355_N@l’, ‘Control_lh_Donorl_S1 _BC@991 NOl', ‘Control_lh_Dono

r3_S1_BC1658_Ne1’ ... 1]

ADAP1 . W Ul . . 48.93704 . 75.51206 .
ADGRG1 45.20132 . . . 65.23846 . . 81.87409 . .

Single cell DORC scores per gene were calculated as the sum of normalized scATAC-seq reads
in peak counts (mean-centered) using the corresponding significantly correlated DORC-peaks
for that gene.
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Smoothing RNA using cell KNNs

1si <- readRDS("./controllh PBMC atac lsi.rds")
dim(lsi)
all (colnames (dorcMat) %in% rownames (lsi))

# Subset to paired ATAC

length (colnames (dorcMat) )

head (colnames (dorcMat) )

1si <= 1lsi[colnames (dorcMat), ]
1si <- lsi[colnames (dorcMat), ]
dim(lsi)

> dim(1si)

[1] 5352 3@

> all(colnames(dorcMat) %in% rownames(lsi))

[1] TRUE

> # Subset to paired ATAC

> length(colnames(dorcMat))

[1] 4912

> head(colnames(dorcMat))

[1] "Control_1h_Donor3_S1_BC1625_N@1" "“Control_1h_Donor3_S1_BC®358_N@&1" "Control_lh_Donor4_S1_BC@#982_N@1'"
[4] "Control_1h_Donor3_S1_BC@284_N@1" "Control_1h_Donorl_S1_BC@@®87_N@1" "Control_1h_Donor2_S1_BC@879_Ne1i"
> 1si <~ lsilcolnames(dorcMat),]

> dim(1si)

[1] 4912 30
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Visualize DORC on UMAP SLEELLL] an hTF-gene association

Smoothing RNA using cell KNNs

# For 30 LSIs, get the nearest cell for each cell
cellkNN <- FNN::get.knn(lsi,k=30)$nn.index
dim(cellkNN)# 4912 cells, 30 LSIs

rownames (cellkNN) <- colnames (dorcMat)

# Smooth dorc scores using cell KNNs (k=30)

library(doParallel)

dorcMat.s <- smoothScoresNN (NNmat = cellkNN,mat = dorcMat,nCores = 4)
dim(dorcMat.s) # 99 DORCs, 4912 cells

LSI1 LSI29 LSI30
Cell 1 2 4910 4911 For 30 LSls, the nearest cell for each cell
Cell 4912 cellKNN (4,912 cells x 30 LSls)
Cell 1 Cell2 Cell 4910 | Cell 4911 | Cell 4912
DORC 1 2.34 412 1.34 4.66 3.63 Smooth score for {cell1, DORC1}
= avg(4.12, ..., 1.34, 4.66)
DORC 99 dorcMat (99 DORCs x 4,912 cells)
Cell 1 Cell 4912
DORC 1 avg(4.12, ..., 1.34, 4.66)
DORC 99 dorcMat.s (99 DORCs x 4,912 cells)
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Visualize DORC on UMAP

Smoothing RNA using cell KNNs

# Smooth RNA expression using cell KNNs (k=30) (Table1)

# Smooth RNA using cell KNNs

# This takes longer since it's all genes

colnames (RNAmat.paired) <- colnames (ATAC.se.paired

RNAmat.s <- smoothScoresNN (NNmat = cellkNN,mat = RNAmat.paired,nCores

dim (RNAmat.s)

> dim(RNAmat.s)
[1] 15584 4912 Total RNA x cells

= 4)
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Visualizing DORC on UMAP

# Visualize DORC on pre-computed UMAP

# This is the ATAC UMAP shown in the paper (based on ATAC LSI)
umap.d <- as.data.frame (colData (ATAC.se.paired) [,c ("UMAP1", "UMAP2")])

# DORC scores for top DORC(s)
myDORCs <- c("IL7R", "TCF7", "CD83")
dorcGGlist <- lapply (myDORCs, function (x) {
plotMarker2D (umap.d,
dorcMat.s,

markers = x,
maxCutoff = "g0.99",
colorPalette = "brewer heat"
) + ggtitle (pastel(x," DORC"))
1)
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Visualizing RNA expression for top DORCs

# Paired RNA expression of top DORCs

# Plot on the same reference ATAC UMAP
rnaGGlist <- lapply (myDORCs, function (x) {
plotMarker2D (umap.d,

RNAmat.s,

markers = x,

maxCutoff = "g0.99",
colorPalette = "brewer purple"

) + ggtitle (pastel(x," RNA"))
})

library (patchwork)
(dorcGGlist[[1]] + dorcGGlist[[2]] + dorcGGlist[[3]]) / (rnaGGlist[[1l]] +
rnaGGlist[[2]] + rnaGGlist[[3]])

IL7R DORC TCF7 DORC CD83 DORC

a

3

DORC % “

- . i . -
IL7R RNA TCF7 RNA CD83 RNA
RNA expression i - : = ’ b
— o - 160
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TF-gene associations

# Determine TF-gene associations and inferring a regulatory network based on DORCs
# To determine TFs that are putative regulators (activators or repressors) of DORCs, a built-

in reference motif database is used
# Do not run this code
#figR.d <- runFigRGRN (ATAC.se

ATAC.se.paired,

# dorcTab = cisCorr.filt, # Filtered peak-gene associations
# genome = "hglo",

# dorcMat = dorcMat.s,

# dorcK = 5,

# rnaMat = RNAmat.s,

# nCores = 4)

figR.d <- readRDS("./FigR stim/controllh PBMC figR.rds")
Regulation score represents the intersection of motif-enriched and RNA-correlated TFs.

> figR.d %% dplyr::arrange(desc(Score)) %% head()

DORC Motif |Enrichment.Z Enrichment.P Enrichment.logl® Corr Corr.Z Corr.P Corr.logl@P| Score

1 LINCe1272 SPI1 4.30378@ 1.679084e-05 4.77492710.7530906 3.164882 0.001551457 2.809260)2.804593
2 IRAK2 SPI1 4.524755 6.046544e-06 5.21849310.7494497 3.114539 0.001842325 2.734634)2.733213
3 TNS1 SPI1 4,303780 1.679084e-05 4,774927810.7699613 3.113284 0.001850179 2.732786)2. 728870
4 OLR1 SPI1 3.551207 3.834682e-04 3.41627180.7939574 3.150109 0.001632096 2.787254)42.695738
5 CD360C SPI1 4.303780 1.679084e-05 4.77492710.7479945 3.059968 0.002213603 2.654900)2. 651626
6 D93 SPI1 4.609170 4.042792e-06 5.3933190.7478955 3.054469 0.002254591 2.64693212. 646156
(a) Enrichment test using TF motif and DORC (b) Correlation between TF RNA Regulation

expression and DORC score score
. Regulationscore = sign(Correlation)’
ulated by combining (a) and (b) |, = (= Picciaa) = Prscaasll: 161

Visualizing FigR results

# Rank TF motifs by mean of regulation scores

rankDrivers (figR.d, rankBy = "meanScore")
# SPI1 gene
SPI1 <-figR.d %>% dplyr::filter (Motif == "SPI1l") %>%
dplyr::arrange (desc(Score)) %>%
dplyr::filter (Score !=0)
SPI1SDORC <- factor (SPI1S$SDORC, levels = SPI1SDORC)
SPI1 <- SPI1 %>% dplyr::mutate(color = case when(Score > 0 ~ "pos",
Score < 0 ~ "neg"))
SPIl$color <- factor (SPIlS$color, c("pos", "zero", '"neg"))

SPI1 %$>% ggplot (aes(x= DORC, y=Score,
geom bar (stat="identity",position =
scale y continuous (breaks =
theme (axis.text.x =

fill = color)) +

position dodge (0.9)) +
seq(-2,5,0.2)) + theme classic() +
element text (angle = 90))

Top 1 TF is SPI1. In resting immune cells, SPI1 positively regulated
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Thank you!
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