Material for this workshop

e This presentation

e ArchR demo_ 1 create arrow files.Rmd
e ArchR demo 2 analysis.Rmd

e Input data

Please follow the pre-workshop instructions on the workshop webpage



https://www.dropbox.com/s/uah8sapz8lv7r9r/Introduction%20to%20scATAC-seq%20data%20analysis%20with%20ArchR%20-%20Feb%209-10.pptx?dl=0
https://www.dropbox.com/s/6l8oc771r4ovabc/hands-on.zip?dl=0
https://github.com/gladstone-institutes/Bioinformatics-Workshops/wiki/Single-Cell-ATAC-Seq-Analysis
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Aim of the workshop

e To give an overview of the biological insights using sScCATAC-seq
analysis

o Highlight assumptions and limitations underlying the methods

e Understand the relevance and impact of difference between
scRNAseqg and scATAC-seq workflow

e Experience how to analyze scATAC-seq data in ArchR



Workshop organization
Session 1 (Mon, 1pm-4pm)

Cell regulome and ATAC-seq

Technology

From sequencer to fragments file

Pre-processing and QC

o Break

Normalization, Dimensionality reduction, embedding
Clustering and cell type annotation based on feature markers
o Break

Advance analysis: Calling Peaks and Motif enrichment

oo BRON e

~

e Session 2 (Tues, 1-4 pm)

8. Intro to ArchR
o Demo

Integration scRNA-seq and scATAC-seq workshop - December 11 at 1pm - Register here


https://gladstone.org/index.php/events/single-cell-atac-seq-data-analysis-part-2-0

1. Chromatin architecture of the
regulatory regions



Chromatin accessibility
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e Nucleosome is an octamer of histone proteins wrapped by ~147 bp of DNA.

e Organized into chromatin with limited accessibility to external factors.
Accessibility continuum, degree of physical contact with chromatinized DNA depending
by the occupancy and topological organization of nucleosomes.


https://www.nature.com/nrg

Non uniform organization of nucleosomes

Nucleosome depletion at regulatory loci (promoters, enhancers, etc.)
Nucleosome-free regions (NFRs) are localized just upstream of the
transcription start site (TSS).

First nucleosome downstream of the TSS (the + 1 nucleosome) is strongly
localized at the same location across cells.

Accessible genome comprises ~2—-3% of total DNA sequence

> 90% of regions bound by Transcription Factors (TF).

Genome-wide profiling of chromatin accessibility to identify candidate
regulatory genomic regions in a tissue or cell type



Which regulatory region are you interested in?

FAIRE

MNase: indirect study of
accessibility

DNase: DNase | hypersensitive
site

FAIRE: easy but background

ATAC:
e simple and fast two-step
protocol
e high sensitivity
e |ow starting cell number (500
to 50,000 cells)
e multiple aspects of chromatin

| ATAC . .
il l“lJl“I“ll“l_llll il architecture simultaneously at
B

high resolution.

ChlIP-seq : binding sites of DNA-associated proteins and can be
used to map global binding sites for a given protein.

ChiP-seq



ATAC is based on the transposition system

Assay for Transposase-AccessibIe Chromatin with high-throughput sequencing

(" )

\ ~/
e Transposons are genetic elements that can “jump” to different locations within a

genome.

e Bacterial Tn5 - encode a hyperactive Tn5 transposase (Tnp) that can

simultaneously cut accessible DNA fragments and ligate sequencing adapters to

both strands.

e Fast “cut and paste” and “copy and paste” functions.



Transposition events create fragments

Isolate nuclei Expose to Tn5
(chromatin intact) transposase

Transposition into native chromatin

e

Post-transposition DNA fragment

—
——
4
Tn5-induced nick Initial extension
. at72°C
Amplification and addition of
@ barcodes and adapter components
- N — ﬁ

_ .
Purification of final
ATAC-seq library

e Binds as a homodimer with

9-bp of DNA between the o

defined by Tn5 insertion

two Tn5 m o I ecu Ies - mmm ATAC-seq fragment === Tn5 common homology region
== i5-Unique Tn5 overhang === {7-Unique Tn5 overhang
g — i5 barcode (Ad1) w== {7 barcode (Ad2)
e Two transposition events = = 75 fow sladaptr S o

FRAGMENT

The central point of the
“accessible” site is in the
very center of the Tn5
dimer, not the location of
each Tn5 insertion.
Adjusting plus-stranded
insertion events by +4 bp
and minus-stranded
insertion events by -5 bp.

Paired-end sequencing.



2D structure:

 Bulk ATAC-seq
* SCATAC-seq to study the dynamically regulated chromatin in
a cell type-specific manner

Spatial proximity within the nucleus by analysing contacts between
genomic regions:

» High-throughput sequencing for the study of chromatin 3D
structure - chromatin conformation capture assays 3C (one vs
one) and Hi-C (all vs all).



Experimental design is fundamental

e Which epigenetic mechanism do you need to study?
Is single cell suitable for my purpose?

Human cellular model of forebrain development

hiPS cells

Cortical spheroids (hCS)

Subpallial spheroids (hSS)
S

es

Trevino et al, Science 2020

Cell isolation

ATAC-seq
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chromatin
regions

Chromatin
accessibility
profiling
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sample
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https://www.nature.com/nrmp

What biological insight we can get from

scATAC-seq
_ Enhancer Promoter (\‘M“
Cell type X A W‘M’W

Cell type Y

ATAC-seq
signal

TF activity

TGTCCCAGATAAGGAGAGGGCAGTGCCACCTACG
Motif for TF B

One step further than scRNA-seq;:
In trajectory analysis, identify variable TF and enhancers
Gene regulatory networks between transcription factor gene and accessible target genes

o

o



scATAC-seq workflow

From bench Through the bioinformatic analysis
Your cell’'s regulome question Fragments count
Library preparation & sequencing QC filtering low quality cells

Demultiplex, read alignment and

quantification Layered dimensionality reduction




2. SCATACseq technology



Single cell ATAC-seq protocol

i Pool,
Collect Barcode remove oil

® oooq,oo %0

10x barcoded Sequencmg— :

Sequence

Gel Beads = ' ready
* ’ &= libraries
l ' 4’ = Analyze
: Transposition of - Single cell 10x barcoded 10x barcoded
nuclei GEMs  DNA fragments DNA fragments

10X Genomics scATAC-seq website

27

Tn5 enters the nuclei, fragments DNA in open chromatin
regions, and adds the indexing adapters

fragment
s X

R2
accessibility recorded here

accessibility recorded here

Transposase image accessed from the Protein Data Bank, https://rcsb.org/structure/TMUH



Single cell ATAC-seq protocol

Single Cell

ATAC

2 i7:8
s16bp Sample
Read IN naex,
I
I 4@
e Barcge eadIN Insert S Read 2N Read 2N
|dentify Identify
nucleus of sa_mple_ of
origin origin (i.e.
pooling)

10X Genomics scATAC-seq website



Experimental design is fundamental

e Do | need to perform scRNA-seq and scATAC-seq separately or
Multiome analysis (SCATAC+scRNAseq)?

p ingecel

Multiome
ATAC + GEX

Multiome:
+ Simultaneously profiling gene expression and open chromatin from the same
cell.

More straightforward downstream analysis.

+ No need to integrate scRNA and scATAC seq data.
- Costs

+



Simultaneously expression and accessibility

profiles
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Data provided by 10X Genomics.

Clusters of gene expression for LYZ

Recommendation: whether the
budget allows, use Multiome



Caveats of scATAC-seq

A typical human scATAC-seq dataset contains 100 - 10,000 cells and 1,000 - 100,000
sequence reads per cell.

e Drop with no cell/doublets

e Low detection efficiency - limited # of accessible regions from each cell (5—15% of
peaks detected)

¢ In a cell, most cis-REs don’t have mapped read - cis-REs in the genome >>
100,000.

e Activities of all cis-regulatory elements is a continuous steady-state activity in a
cell.

-> scATAC-seq give a picture of a specific timepoint.



Knowledge check 1

Using scATAC-seq, it is possible to identify:

An active enhancer in different cell types.

A gene poorly expressed in a particular cell type.
Cell-specific peaks of accessible chromatin

All of the above.

W~



3. From raw sequencing data to the
fragments file

Tool: Cellranger-ATAC



i7:8

- Sample
i5: p | N
Read 1N p
—— 1 Insert
P5 Read IN Read 2N Read 2N

Two 10x Genomics libraries - multiplexed on a single flow cell

ARACGGCG ) .
cCTACCAT | 4oligos per FASTQ Files Pipeline

Library1 ceeerTTc | sampleindex set .
o Y 1. Demultiplex (BCL to FASTQ)
Libra S1 L001 R2 .fastq. -
i SFNA-AT sequencing mkfastq 7517L0017R3702J1.r::tg.gz |:> e t t
™ ikt = - cellranger-atac mkfastq

BCL L5
= « = Library2 S1 L001 R1 001.fastq.gz
Library2 | ';I> Library2 S$1 L001 R2 001.fastq.gz
&J ‘ % Library2 S1_L001 R3 001.fastq.gz il
Library? S1 L001 I1 001.fastq.gz

o |:‘I> cellranger-atac |
NS Jane, sanple, Index Library2 §1_L002 R1_001.fastq.gz count | . . .
1,Libraryl, ST-NA-AL Library? §1 L002 R2_001.fastq.qz 2 Allgnment fl |ter|ng barCOde
122, Library?, ST-NA-A2  Library2_S1_L002_R3_001.fastq.qz — ’ ’

Library2 $1 1002 I1 001.fastq.gz

counting, and additional steps

One 10x Genomics library sequenced on two flow cells * cellmnger-atac count

Sequencing mkfastq FASTQ Files

P o | Syl sl 3. Aggregate counts from multiple runs

iryl 1_S1_LOO1_R3_001.fastq.gz

ﬂ j = Libraryl :Sl:hDOl_Ll_DOLfantq.gz% Pipeline
e — - cellranger-atac aggr
SI-NA-AT % BCL Libraryl 2 SL 1002 R 001.fastq.qzﬂ -
g I L e e Reads mapped to chrM, specified as non-nuclear

L S le, Index . .
P contigs, are filtered out

(Images from 10x Genomics website)



Cell Ranger-ATAC outputs

o BAM files with aligned reads

e web_summary.html

o Fragments and bulk peak files.

e Secondary analysis (e.g., dimensionality reduction, clustering, etc.) -> discard

o Loupe file to interactively view secondary analysis results with Loupe Browser

from 10x Genomics

e Molecule info



Cell Ranger outputs

(more detail on HTML output)

atac_pbmc_1k_nextgem - Peripheral blood mononuclear cells (PBMCs)

from a healthy donor

1,004 16,214

Estimated number of cells Median high-quality fragments per cell

Summary Data Quality

Sample

Sample ID atac_pbmc_1k_nextgem
Sample Peripheral blood mononuclear cells (PBMCs)
description from a healthy donor
Pipeline cellranger-atac-2.0.0
version

Reference ..a-cellranger-arc-GRCh38-2020-A-2.0.0
path

Chemistry ATAC

Organism Homo_sapiens

Sequencing ®

Sequenced read pairs
Valid barcodes

Q30 bases in barcode
Q30 basesinread 1
Q30 bases in read 2

Q30 bases in sample index i1

70.1%

Fraction of high-quality fragments

overlapping peaks

52,413,244
98.1%
86.1%
95.3%
95.4%

85.3%



Mapping @

I 2 I l i ; Insert Size Distribution
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Output cellranger -> fragments linked to
the cell ID

atac fragments.tsv.gz

Accessible Regions (Fragments)

chr  start stop cell id
chr1 1895645 1895786 AGACA...

.

L J
chril 10073 10209  TTTAGCAAGGTAGCTT-1
chril 10079 10285 GCCTTTGGTTGGTTCT-1
chrl 10079 10333  AGCCGGTTCCGGAACC-1
chrl 10089 10560  TGATTAGTCTACCTGC-1
chril 10090 10346  ATTGACTCAATCCTGA-1
chril 10096 10344 CGTTAGGTCATTAGTG-1

RR R R R

Header lines: # record information about the
sample, the reference used and primary contigs
in the reference.

Each scATAC-seq fragment and the
corresponding cell ID, one fragment per line.



Different frameworks to process the fragments
and perform the analyses downstream.

e SnapATAC - Nature Comm 2021

e Signac - extension of Seurat for the analysis of single-cell chromatin data

e ArchR - shown during this workshop


https://www.nature.com/articles/s41467-021-21583-9
https://stuartlab.org/signac/
https://www.archrproject.com/bookdown/archrs-lsi-implementation.html

4. Pre-processing and cell QC

ArchR: ArchRProject () ; createArrowFiles ()
addDoubletScores () ; filterDoublets ()
plotGroups () ; plotFragmentSizes ()



Fragments position need to be adjusted
for 9bp -> insertions
9 bp gap

————r—F N

— I
9bp gap

In ArchR for rapid access, fragment files chunked and converted to a compressed temporary
HDF5-formatted file including:

e Chromosome

e oOffset-adjusted chromosome start position

e oOffset-adjusted chromosome end position

e Cellular barcode ID.

insertions-> the offset-adjusted single-base position at the very center of an accessible site.



Input for analyses downstream

Count matrix on a set of peaks (Signac - Stuart lab)

c
bulk cell

ATAC-seq|_L l lll 4 La L
aggregated
Bulk cells to call peak -> no rare cells peaks el 11l ‘ L

Wi HHH W %Ho—m genes

. Gir i | fragments
i o ! 2

single cells

- G 1
ot 1 Do

Genome-wide tiles (SnapATAC and ArchR)
5kb - SnapATAC

= - LX) m peaks

cells

Accessibility regions are long bp << 5kb R

o - O

ArchR implement insertion counts across genome-wide 500bp tiles
Better resolution

Allows for the identification of clusters prior to calling peaks

3B bp in 500bp tiles: 6 million features to be included in the cell by tile matrix

createArrowFiles (..,addTileMat = TRUE)


https://www.archrproject.com/reference/createArrowFiles.html

What to consider to filter out low quality cells

1. Number of unique nuclear fragments > 1000

4.0
('
E
o
> 3.5
o
2 SCATAC_BMMC_R1 -
£
E :
wn 3.0
T =, X
4 (2 4 a4
SCATAC_CD34_BMMC_R1 - J J J
= = g
5 & g
() < (@)
g 8 z
SCATAC_PBMC_RI1 - E 5 B
3.0 3.5 4.0 45 %
log10(nFrags) b

Sample
plotGroups (..., name = "loglO (nFrags)",..) plotGroups(..., name = "loglO (nFrags)",plotAs = "violin")



What to consider to filter out low quality cells

2. Signal-to-background ratio - > TSS enrichment

Nucleosome-free regions (NFR) (<100 bp)

T at i Mono-, di-, and tri-nucleosomes regions (~ 200,
=— Nuclepsome Free . )
3 o- -+ Monosnucieosomef | { % 400, 600 bp, respectively)
5 2y = Fragments from the NFR enriched around the
'§ ST transcription start site (TSS) of genes.
o Fragments from nucleosome-bound regions

depleted at TSS + enrichment of flanking
regions around TSS.




What to consider to filter out low quality cells

2. Signal-to-background ratio - > TSS enrichment P°

251

n
o

NFR enriched at gene TSS regions compared to other genomic regions.

15

Aggregated distribution of reads centered on the TSSs.

Extension of 2000 bp in either direction.

Normalized by the average read depth in the 100 bps at each of the end flanks.
Fold change at each position over that average read depth.

Increase in signal up to a peak in the middle. o0 1600 5 a0 2000

Distance From Center (bp)
TSS enrichment metric is the signal value at the center of the distribution after
. . . plotTSSEnrichment ()
this normalization.

10

Normalized Insertion Profile

54

ARSI

-1 +1 42 +3
NFR

Good quality cells TSS > 4

promoter gene

Low signal-to-background ratio -> dead or dying cells (de-chromatinized DNA
allows for random transposition genome-wide).



What to consider to filter out low quality cells

Core of 8 histone molecules: H1 histone
H2A, H2B, H3, and H4

3. Fragment size distribution

""""""""""""

¢ Nucleosomal periodicity in the distribution of fragment sizes.
e Depletion of fragments that are the length of DNA wrapped around a nucleosome £/
(approximately 147 bp). c

o DNA pitch 2 Single Nucleosome

= B (~10.5 bp) 2, 03 Dimer -

§ § Tetramer s

c © Pentamer E

395 Nucleosome £107% g

3 : : o

£ 4w Z10+% " v . - . = = 3 g

E 0 400 800 1,200 8 "

T 2m Fragment Length (bp) S 04/ 4

€

<] ‘

=z () w r— T T T T T , 00 = ' =
0 200 400 600 800 1 ,000 ATAC-seq Fragment Size (bp)

Fragment Length (bp) plotFragmentSizes(..)



Visualize the quality of your data

S1

S2

S3

S4

S5

S6

T T T T
35 4.0 45 5.0
log10(nFrags)

# unique fragments

T
10 20
TSSEnrichment

TSS enrichment

30

TSS Enrichment

SCATAC_BMMC_R1

nCells Pass Filter = 4932

Median Frags = 2771

Median TSS Enrichment = 15.254

1 I
25 3.0 35 4.0 45 5.0
Log 10 (Unique Fragments)

0.05 0.10

TSS enrichment vs unique
fragments



Break ~ 5 minutes



Workflow

From bench Through the bioinformatic analysis
Your cell’s regulome question Fragments count
Library preparation & sequencing QC filtering low quality cells

Demultiplex, read alignment and

quantification Layered dimensionality reduction




5. Normalization and visualization on
lower dimensional space

ArchR: addIterativeLSI (); addUMAP (); addTSNE ()



For dimensionality reduction we need to
iIdentify features that can separate cells

- Highly variable genes ??

- Most accessible features ??



Sparsity of data issue

e 0 in scATAC-seq could mean “non-accessible” or “not sampled”
e 1= accessible; 0=77?7?
e Many genes having Os

e Transposition is rare. Binarized scATAC-seq data matrix mostly Os.



Knowledge check 2

What is the best input matrix for sparse data to preserve cell
specificity:

1. Bulk peak matrix (across cells)

2. Fragments counts across genome-wide tiles



Alternative normalization and dimensionality
reduction

Consideration: cells look very similar.
- Lots of Os, bias in the PCs -> misleading similarity.
- Alternative method: Latent Semantic Indexing (LSI)

- Introduced in 2015, implemented in different ways by Signac

and ArchR.



Latent semantic Indexing (LSI)

To find co-occurrences of words in documents to give insights into the topics of
those documents

banana kick

Topic:
FOOTBALL

Bundesliéa

[Bayern Miinchen|
goalkeeper

BALL:

NBA

point guard

BASKETBALL

How many times a word appears in a
document?

Term frequency of a word in a document

Are common words (this, what, and if )
informative? -> low ranking

Inverse document frequency of the word
across a set of documents.

Use singular value decomposition (SVD)
to identify patterns between words and
documents.



LSl to normalize scATAC-seq data

e Documents -> cells; Words -> regions/peaks

e |dentify features that are more “specific” rather than commonly accessible.
e Normalize for term frequency followed by depth norm to a constant 10,000

e Normalize inverse document frequency (TF-IDF)

e |og(TF-IDF+ 1)

e Singular value decomposition (SVD), the most valuable information across
samples -> 2D space

Add excel matrix
- Reuben



LSI to process scATAC-seq data

Last Iteration

Iterative LSI Procedure | v
Create partial genome-wide -
matrix for- Perform TF-IDF normalization Identify clusters in the LSI Sum accessibillty across all . .
3 - ; : : single cells in each cluster Store final LS Iteration results
Iteration 1: top accessible on all cells followed by dimensions using Seurat’s 2o ) A 2 :
features > Singular Value Decomposition > Shared Nearest Neighbor and log-nomalize; 9;ihe ArchREroject for
. : . : : : Identify the most variable downstream analyses.
lteration 2+: tog var!able_ (Latent Semantic Indexing, LSI). (SNN) clustering. features across these clusters.
features from previous iteration

Repeat 1+ additional iterations

e |dentify low specific clusters of cells based on the most accessible 500bp tiles.
e Derive the most variables features across clusters based on averaged accessibility within a

cluster
e Use the most variable feature as in scRNA-seq and iterate N times

e Tune the N iterations if batch effects are present

addIterativelLSI ()



Estimated LSI approach for large dataset

Subset Cells Perform LSI

scATAC-seq (N total cells) ("Landmark™) Dimensionality Reduction Project Unsampled Cells into LS| Sub-space
© Op0 o0 © — o | 2 |
oo% NI ©"-o s

© 090060 0 00 ®© °©° .
000 0°%02° — 000 — |0 @ —

© © o
©0 o 0" 0 ce o °®
O© © g0 © & © 0 L TP
©0000 © i

Human PBMCs
Similar to lterative LS| but

e Use a subset of cells to define the sub-space

e Normalize the remaining cells and project to the sub-space.

For very large datasets

e Speeds up dimensionality reduction
e Decrease the granularity of the data
e Similar to landmark diffusion maps (LDM) implemented by SnapATAC but required for > 25k cells

e ArchR required for >200k cells otherwise Iterative LS| is good



Knowledge check 3

Which dimensionality reduction method is able to preserve
the local structure of cells (neighborhood) in the low
dimensional space?

1. PCA
2. UMAP
3. Both



Embeddings methods for visualization:
UMAP or t-SNE

Linear projection

3D Input space 2D Embedded space

Visualize in low dimensional space
preserving the local vs global structure (i.e
distance) as much as possible.

Linear (PCA, MDS) - Euclidean distance

Non linear combinations methods: t-SNE
(t-Distributed Stochastic Neighbor
Embedding) and UMAP (Uniform Manifold
Approximation and Projection) -
transforming Euclidean distances into
“probability of being neighbor”




UMAP/ISNE visualization of IterativeLSI
data

UMAP of IterativeLSI colored by TSNE of IterativeLS| colored by
colData : Sample . UMAP of IterativeLSI colored by
P EolDaier Sampie colData : Sample
N ~
s s p-
e i ke
£ g 5
a B g g
3 > a
> w0 <
=) = g
UMAP Dimension 1 TSNE Dimensio UMAP Dimension 1
color M 1-scaacemmcrl [l 2-scaac_cpss Bumc Rl [l 3-ScATAC_PBMC_R1 color M isomcomcr W somccoxsmcr Bl s-smc e

addUMAP () addTSNE ()



ArchR generates metrics plots

UMAP of IterativeLSI colored by .
colData : ReadsInTSS e Reads in Promoter

e Reads in Blacklist

e NucleosomeRatio -> (nDiFrags + nMultiFrags)

/ nMonoFrags

UMAP Dimension 2

e PromoterRatio

UMAP Dimension 1

values - -

4000 8000 12000 16000



Doublets detection and remova

e
Single cells Synthetic doublets |
o© ©
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UMAP Dimension 2

Simulated Doublet Enrichment over Expectation

UMAP Dimension 1

Doublet Enrichment _
w1

s 75 e

f Colored by doublet enrichment

UMAP dimension 2

UMAP dimension 1

Doublet enrichment _

0 2

g Colored by cell type

UMAP dimension 2

Doublet Scores -log10(P-adj.)

TTHP-1
i

MCF10A

GM12878

UMAP dimension 1

' post-ArchR doublet removal

HEK293T

HT1080 ‘\

A
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- -

’mm
GM12878 '

Hela

K562

UMAP dimension 2

MCF10A

UMAP dimension 1

Granja, Corces et al., Nature Genetics 2021

UMAP Dimension 2

UMAP Dimension 1

Doublet Scores -log10(P-adj.)
i

R

UMAP Dimension 2

Simulated and LSI-Projected Density Overlayed

UMAP Dimension 1

Simulated Doublet Density

oo aw ae oo

Suggestion: check data after and before doublet removal

addDoubletScores () ;

UMAP Dimension 2

UMARP of IterativeLSI colored by
colData : DoubletScore

UMAP Dimension 1

vaves B
0 50 100 150 200

filterDoublets ()




Workflow

From bench Through the bioinformatic analysis
Your cell’s regulome question Fragments count
Library preparation & sequencing QC filtering low quality cells

Demultiplex, read alignment and

quantification Layered dimensionality reduction




6. Clustering and cell type annotation
based on feature markers

ArchR: addClusters () ; getMarkerFeatures ()



ArchR use Seurat approach to find clusters

1. Build shared nearest neighbor graph
Build a k-nearest neighbor graph
Keep only edges between cells that share a neighbor

Adjust the edge weights between any two cells based on
similarity

= Shared nearest neighbor graph
2. Community detection

e Cluster of cells more connected than with cells of other
communities -

e graph-based clustering detects clusters of arbltrary
structures

e optimizes modularity - resolution - 0.4-1.2 typically
returns good results for 3K single-cell datasets




Clustering of lterativelLSI data using
Seurat clusters

UMAP of IterativeLSI colored by
colData : Clusters

UMAP Dimension 2

UMAP Dimension 1

H a W +c« W 7 [ 100
color B 22 @ sc W s W ucn

B a 6-c6 W 9co W 1-cr

addClusters (..., reducedDims = "IterativelLSI",method = 'Seurat")



How to identify marker genes having
accessibility data

e (Gene expression is not known.

e Are the regulatory elements of a gene accessible?
o => high gene expression, high activity.

e Infer the gene expression using the distance between the tile and
the gene -> GENE SCORE MATRIX

e \alidate on scRNAseq and scATACseq datasets



Best model to infer gene score matrix

o
Q
v
5 sl
TSS TSS
I-I-H-i wum
Gene of interest
500-bp UL DO DU LD LR DL L
bInS CERRRRE RN e vnnnnnnnnnnnnnnnnnnnnnnnnnnnmnmn
1 ]
" ' 100 kb : 100 kb :
Sl1+e
% Region not i weight =
ode
=  |emsdduero if (-5kb from TSS, TTS)
> intersection with st
> additional gene else
E’ Model 21 o-(abs(disGBI5000)) 4 -1
GCJ Welghl = e—\'a!)s‘:d\s:TSS‘SDDO‘,?
[0} el - - - . - - -
© 400 75 50 -25 0 25 50 75

Distance From TSS (kb)

distGB = distance to gene body

distTSS = distance to TSS

Granja, Corces et al., Nature Genetics 2021

createArrowFiles (.., addGeneScoreMatrix =

100

Inferring gene score using 56 models.

Define gene window.

Overlap tiles.

Weigh distance and gene size.

Weights multiplied by #Tn5 insertions
within each tile.

Summed across all tiles within the gene
window -> gene score.

Depth normalized across genes

TRUE)


https://www.archrproject.com/reference/createArrowFiles.html

Relevant features identification

Identification of Marker Features
groupBy

o
e L L v
SpeCIfIC hlgh aCtIVIty' Quantile normalize background
parameters for all cells.
(TSS, log10(#Frags), etc.)
e Marker features based on pairwise comparison of v
tWO matChed Ce” gI’OUpS: ( Select bias-matched group of )
. . background cells for each cell group.
o Select bias for matching L J
' H H testMethod +
o Normalization to equal variance  canpes e goURET
o Nearest neighbor | backgroundtggtds(t:;)tin;;t)iI(I:e;&gnlﬁcance |
e Significant markers one group vs matched group T v
Identify marker features.
getMarkerFeatures (useMatrix = "GeneScoreMatrix",groupBy = "Clusters",
bias = c("TSSEnrichment", "loglO (nFrags)")

Getting the marker features based on the cell [

bias

Group cells using clusters or ] [ Select parameters to be used for

user-defined cell groups. background cell group generation.

]




Break ~ 5 minutes



/. Advance analysis: Calling Peaks and
Motif enrichment

ArchR: addGroupCoverages () ; addReproduciblePeakSet() ;
peakAnnoEnrichment ()



Where are the cell-type specific enhancers?

e Peak-calling!

Human cellular model of forebrain development

a Nucleosome-bound

Cortical spheroids (hCS) Cell isolation chromatin ( (ﬂ
(%) ,e : ﬁé Nele B D)
= )

-_-.:::' Subpalllal spheroids (hSS) Enhancer A Enhancer B Gene X
hiPS cells - g 4 > Glial Accessible Accessible Accessible
chromatin chromatin chromatin

b [ | ‘ i i i

25days  595days ail Bulk ™ |
................................................................................................................... I L 3 I

“5{% Chromatin O :
(*.?,,.‘P.j aCCfeiiﬁSib“itY Aggregate | —

O FFII Single ‘ :

Heterogeneous cellsl

sample @ ;
Single cell }| Agdgregate f. P

ATAC-seq Single — = - =i

cellsl S — = =i

© | = —

N Open Aggregate M - il i
e sl s 5 amas o . Single || " | = — —T

B ’ chromatin cellsgi— —i = —

_ Naturé Reviews Methods Primers, 2021

Trevino et al, Science 2020


https://www.nature.com/nrmp

Motivating Ideas

We cannot identify enhancer regions for each cell due to the
sparsity of signal

- Assumption: Cells of the same type share enhancers

Combining information across multiple cells within a cluster will

allow us to identify enhancers .
. Distinguish signal from noise? e
Enter Peak calling! - a—



What is signal and what is noise?

ArchR Browser v1 : nCells =10,251

Plot Additional Params
chr5:139963285-140063286

| I Kl\3 Clustert
Plot Track!
Cluster2
A
Gene Symbol i Cluster3
CD14 L d a2 Cluster4
E A A
E Cluster5
groupBy & a L A . 1 A
§ Cluster6
Clusters ad S
2% Cluster7
g% W A J A sk l
Distance From Center (kb): § 2 K\ Cluster8
250 250 % oA ORIy U PN Amid » A Aisiia
5 J SN——| custers
I w T g o \ A ad Al
50 50 0 50 00 150 200 250 =
: ' 2 Cluster10
€
Distance (-kb): Distance (+kb): s L 1 G
A A
oy b0 Cluster12
A ok A
TileSize: Y-Max (0,1): ‘ Cluster13
Ad b A
250 0.99 A Cluster14
BTN S i b ek o s o
139980000 140000000 140020000 140040000 60000
HARS |
i
& Download the Track!
[onD1]
. . ] el Eels Genes
Width Height [Tmcos ) (3]
8 12 [cD14 [NouFAz]
|} =i —iE

[woRSs |




Peak calling

Gene

NFR fragments Transcription factor

1=~®00

density Nucleosome
Transposase Tn5
NFR fragments
Peak
Mononucleosome  —  — I
fragments | — - —— ootprin
Peaks —— ——
g b 1kb [ ARHGEF12
chr11: g
B Z(Ll‘U .
Raw Sig nr"}\t 1] .ls i | (]| I LY lh.._
Bias Corrected S|gn/él’[7 |
HINT—ATA& 1| - i w1
HMM based HMMRATAC | H - — ———— ——
ired- [ g =
[MACS2 shift-extend | == - = am
isoie [ raro| = ==
Count-based epic2 e e o L
F-seq . == ==
JAMM 1 m L] -
Shape-based PICS 0 £ B -
RUNX1 motif I
K562 ChIP-seq [ ]



Peak calling: MACS2-shift-extend

1 1 1 1 : X | 1 1
1 1 1 1 1 ' 1 —
1 1 1 1 1 [ 1
NFR fragments : : : : : ||h| I:‘I : O Transcription fact
e I !lll"l.' il ol I K - @ Nucleosome
NFR fragments — _ ==== (X mwssems  Fragments from individual cells
Di/m I B Peak > . .
ononucieasome o r . = belonging to a given cluster
Read shift and <= s P <= b P
. <= P =) <= <4=D
extension &) & T "< &%y
= T e E3
b <= 2“ =)
Peaks

Modified from Feng Yan et.al Genome Biology 21 (2020)
addReproduciblePeakSet (ArchRProj = demo proj,
Original ° eni 3-end groupBy = "Clusters",

Shift (s-bp) = - pathToMacs?2 = findMacs2(),
Extend (23—bp) T e— method = "q")




Reproducibility assessed by calling
peaks separately for each sample

RO @ 0 ® 0ol

|1=®00
v = g
|1=®00

Fragments from individual cells of

sample1 belonging to a given cluster Fragments from i_ndividuallcells of
sample2 belonging to a given cluster

addGroupCoverages (ArchRProj = demo proj,
groupBy = "Clusters")

addReproduciblePeakSet (ArchRProj = demo proj,
groupBy = "Clusters",

pathToMacs2 = findMacsZ2 (),
method = "g")



(ArchR) steps to obtain a list of all
peaks

For each cell-type/cluster

Keep list of non-overlapping 501 bp peaks that are
Reproducible across samples
Most significant in terms of enrichment over noise

Will allow us to identify peak regions either unique to or
common across cell-types



Peak matrix contains accessibility of
each peak for each cell

Cell_1 Cell 2 Cell_m
Peak 1 1 0 2
Peak 2 0 3 1
Peak n 0 0 4

N\

~

Counts of insertions in each cell mapping to a given cell




Knowledge check 4

Are the counts of the number of insertions in each peak
normalized across cells?

1. Yes
2. No



Knowledge check 5

What could be reasons why the same regions equally
accessible in two cells have different numbers of sequenced

insertions?

1. Differences in total number of mapped fragments
2. Differences in Signal-to-noise/TSS enrichment

3. Both



Cells belonging to cluster C1

Use Wilcoxon test to identify

differentially accessible peak regions

Cells belonging to cluster C5

r A Al
c1 c2 | c3 | c4  cb5 c93 | c94 | c95 96  c97 | c98 99
p1 1 0 0 0 1 2 1 2 0 4 1 1
p2
pn
Cells in clusters C1 and cluster C5 are specifically chosen so they
have a similar distribution of log10(nFrags) and TSS getMarkerFeatures (ArchRProj — demo prod,
useMatrix = "PeakMatrix", groupBy = "Clusters",
bias = c("TSSEnrichment", "loglO (nFrags)"),
testMethod = "wilcoxon")



Use Wilcoxon test to identify
differentially accessible peak regions

Cells belonging to cluster C1 Cells belonging to cluster C5
r A N - = N
cl | c2 | ¢c3 | c4  c5 .. ... | €93 | c94 95  c96 | c97 | c98 | c99
p1 1 0 0 0 1 2 1 2 0 4 1 1
p2
pn

Peak p1 among cells in cluster C5 appear to be more accessible

compared to cells in cluster C1 getMarkerFeatures (ArchRProj = demo proj,
useMatrix = "PeakMatrix", groupBy = "Clusters",
bias = c("TSSEnrichment", "loglO (nFrags)"),

testMethod = "wilcoxon")



Caution 1: Elevated false-positives with
this test

- The previous Wilcoxon test treated all cells as being
independent of each other
Not true!
Cells are grouped based on the sample from which they are
derived
Ignoring this cell-cell correlation results in elevated false
positives
Solution: perform pseudo-bulk of the number of fragments
across all cells from each sample
See details in scRNAseqg workshop



https://github.com/gladstone-institutes/Bioinformatics-Workshops/wiki/Single-Cell-RNA-Seq-Analysis

Knowledge check 6

Assume sample-wise batch correction was used to obtain
updated clusters and visualizations of the data. Will the
fragments counts in the peaks also be corrected?

1. Yes
2. No



Caution 2: Avoid sample-wise batch
correction

- You will not be able to distinguish differences in peak
accessibility due to the biology you are studying versus those
driven by uninteresting technical/batch effects

See details in our scRNAseqg workshop



https://github.com/gladstone-institutes/Bioinformatics-Workshops/wiki/Single-Cell-RNA-Seq-Analysis

Workflow

Demultiplex, read alignment and
quantification




Motif signatures help us identify
important transcription factors

Transcription factors/proteins bind to DNA sequences with
particular sequence/motif patterns

These motif patterns are available in several databases
We use these patterns to identify peak regions carrying
signatures of binding to particular transcription factors

JASPAR.RUNX1.wm

addMotifAnnotations (ArchRProj = demo proj,
motifSet = "cisbp", name = "Motif")




CIS-BP Database: Catalog of Inferred Sequence Bin

Home

Tools
View cart

Bulk downloads

Database stats Welcome to CIS-BP, the online library of transcription factors and their DNA binding motifs.
Contact us
Help .
T By Identifier
(e.g. Gata*, YELO09C, I$FTZ_01)
FAQ
Links
How to cite By Model Organism ( 3
By Any Species ( 3
By Domain Type ( +)
By Motif Evidence (%)
By Evidence Type ( 3)
By Study ( )

Database Build

Q@

Database build 2.00 now available!

Last updated: Jan 8th, 2019 Database Build 2.00

Current content: 11491 motifs. 165030 TFs with at least one binding motif (4559 from direct experiments), out of a total of 392333 TFs from 321 families in 741
species




Identifying motif locations In peak
regions by scoring with Position
Weight Matrices (PWM)

1 2 3 4 5 6 7 8 9 10 11 12 13
Al O 0 6 0 6 5 6 3 1 0 0 0 0
Cl 2 0 0 0 0 0 0 0 0 2 2 4 2
: ol 6 0 6 0 1 0 0 0 0 0 0 0
DNA G T A TATAT GGCCGGATT CTCAG
NG 4 6 6 6 6 1605 42 4 4 o Sy g
i=l
n

Example: TATA-box motif PWM score calculation for given DNA sequence

Estimate the significance of the score assuming the prior expectations of frequencies of each of the
4 nucleotides (e.g., in all promoter regions of the organism)




Compute Motif presence absence

matrix per peak

Motif 1 Motif 2 Motif_k
Peak 1 TRUE TRUE FALSE
Peak 2 FALSE FALSE TRUE
Peak_n FALSE FALSE TRUE




Fisher’s test to identify motifs enriched
In one set of peaks versus others

- Universe of all peaks identified
- Subset 1 : peaks identified as differentially present
- Subset 2 : peaks identified to have a given motif

- Is there a significant overlap between these two subsets?
- Answer: Fisher’s exact or the hypergeometric test or ORA

peakAnnoEnrichment (ArchRProj = demo proj,
seMarker = markersPeaks,

ArchRProj = demO_proj,
peakAnnotation = "Motif")



Tomorrow, at the end of the workshop (or today if not attending)
please take our survey:

https://www.surveymonkey.com/r/F75J6VZ

We use your suggestions to improvel!


https://www.surveymonkey.com/r/F75J6VZ
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Workshop organization
Session 1 (Mon, 1pm-4pm)

Cell regulome and ATAC-seq

Technology

From sequencer to fragments file

Pre-processing and QC

o Break

Normalization, Dimensionality reduction, embedding
Clustering and cell type annotation based on feature markers
o Break

/. Advance analysis: Calling Peaks and Motif enrichment

BN e

o o1

e Session 2 (Tues, 1-4 pm)

8. Intro to ArchR
o Demo

Integration scRNA-seq and scATAC-seq workshop - December 11 at 1pm - Register here


https://gladstone.org/index.php/events/single-cell-atac-seq-data-analysis-part-2-0

8. ArchR - overview

Archi?

Analysis of Regulatory

Chromatinin R

SCATAC-seq BAM

h
or Fragment Files

Advanced Data Analysis

Robust Peak Calling & Merging

5 e

Marker Feature
Identification

Motif Search

\

Create ArchR Arrow Files
»—p

v v v
Create ArchR Project | ﬁ
v

Filter Cells by Quality and
Remove Predicted Doublets

A

Iterative LS| & Clustering

l Projection of Bulk ATAC-seq Data |

| Genome Track Visualization |

TSS Enrichment Score

Clustering + Embeddings

INative Interactive Genome Browserl

| Gene Activity Scores

| Peak Coaccessibility |

Data Visualization

Marker Identifcation

TF Footprinting

Interactive Genome Browser

‘Archi Browser v1 : nCells = 215,031

Gene Activity Scores

ATAC \

-+ Gene

m

Linking Peaks to Genes

e S
LA CAdd

-250kb 250kb

Differentiation Trajectories

UMAP Dim. 1

UMAP Dim. 2




What is an Arrow file / ArchRProj?

* accessible reads and arrays are organized within

» Used as input for an ArchRProject

» ArchRProject stores the locations of these Arrow files and
extracts their cell-centric metadata

» Arrow file - Stored on disk

* ArchRProj - Stored in memory @‘

Add-er Functions ArchRProject ArrowFiles

Get-er Functlons




File infrastructure

Archi Arrow File 30—

Sample-centric Metadata
Cell-centric Metadata

Genome Annotation (DNA)

Accessible Regions (Fragments)

chr  start stop cell id
chr1 1895645 1895786 AGACA...
-

500-bp Tiles Genes
O | Gene Score [O
Tile Matrix |2 : @
= Matrix =
Peaks TFs
Peak Count Q TF Deviation o
Matrix > Matrix T
Feature
Custom Q
Matrix . . .

In Storage

Large File Size

Arrow Files
[HDFS5 format]

»—)
m—p
»—)
»—p
P
B—p
i

»—p
B

»—p

In Memory
Small File Size

ArchRProject [RDS format]

Sample-centric Metadata
Cell-centric Metadata
Genome Annotation (DNA)

Gene Annotations (Transcript)

Dim. Reduction / Embeddings

LSI t-SNE UMAP

Peak Set
chr start stop
Peak Annotation

Motifs SNPs Features




Why use ArchR?

Pre-processing

Data import / base file type creation
QC filter cells

Matrix creation

Doublet removal

Data imputation with MAGIC
Genome-wide gene score matrix
Dimensionality reduction and clustering
UMAP and tSNE plotting

Cluster peak calling

Cluster-based peak matrix creation
Motif enrichment

chromVAR motif deviations
Footprinting

Feature set annotation

Track plotting

Co-accessibility

Interactive genome browser

Cellular trajectory analysis

Project bulk data into scATAC embedding
Integration of RNA-seq and ATAC-seq

Genome-wide peak-to-gene links

i

Signac

SnapATAC

NA

NA

v

(Tile)

v (Peak)

(Tile)

NP

NN

NP

v

v

NP

NP

v

NP

NP

NP

R EEEERA R R AR RR R ERR L

NP

=
o

v

v

AR R R AR R R R R R R R R R R R AN E

NP

NP

NR = Not Required NA = Not Applicable NP = Not Possible

Standard
ATAC-seq
Analyses

Data
Visualization

Advanced
ATAC-seq
Analyses
Integrafion of
RNA-seq and
ATAC-seq

e Comprehensive

o Fast

e Doesn’t need to be
run on HPC but
provides easy export
options if desired



ArchR Arrow file creation

(1) Access as small

Fragments or Bam File Temporary Files (HDF5)

chromosome
chr  start stop cell id (string) chunks (parallel) -
chrl 10007 10285 TACGCAAAGGCAAGGG-1 start stop cellid (RLE)
"ACGCAAAGGCAAGGG-
chrl 10012 10162 GCGATTAGTGCACCCA-1 10007 10285 T 1
chrl 10013 10119 CACAACACAACTCCCT-1 184997 185033

188457 188485
8
.

82982107 82982223

chrl 10013 10120 CACTAAGCATTGAACC-1

chrl 10013 10151 ATGTTTCCATTAGCCA-1
.
.

chrl 248946323 248946375 A T-1

start stop cell id (RLE)

10012 10162 GCGATTAGTGCACCCA-1
. ;
.

82981308 82981521

start stop cell id (RLE)

10013 10119 CACAACACAACTCCCT-1
.
.

82981608 82981735

chr  start stop cell id
chr2 1895645 1895786 AGACA. ..
.
.
chr  start stop cell id
chr3 1895645 1895786 AGACA. ..
.

chr1; chunk1
(All Cells, sorted by cell id, then position)

chr  start stop cellid
chrd4 1895645 1895786 AGACA. ..
.
.
chr  start stop cell id
chr5 1895645 1895786  AGACA...

chr  start stop cell id

chri1;

(2) Link temporary
arrow filesto a
singular arrow file

Arrow Files (HDF5)

(3) Filtration
of lowly abundant
cell id barcodes
(user-defined)

(4) Fragments from

abundant cells are

accessed and and
combined into
an arrow file

»—)

(5) Cells are further
filtered for low TSS
enrichment scores

»—p
Archi Arrow File

chré 1895645 1895786 AGACA. ..

eselene

A A AN A A DN

chr  start stop cell id o %

chrX 1895645 1895786  AGACA... 3 .
. X
: £ |
. o

« All cells represented « All cells represented

« Large tab-delimited text file « Small temporary HDF5 files

« Sorted by chromosome + No chromosome string

« Large string size due to cell id « Sorted by cell id as run-length encoding

« Only cells passing QC
« Small HDF5 file

* No chromosome string
« Sorted by cell id (RLE)



Information access

Parallel Addition of Data to Arrow Files

Arrow Filesﬁ

Accessible Fragments || F——11 |
chr1 Archi
Operation
chr2 (i.e addTileMatrix())
AL/
chr3 OQutput Matrices
Cells —»
chr1
o | chr2
chrX §| cr:ra }
E ll ch.rX }
i

Parallel Addition of Matrix Data to Original Arrow Files

Parallel Retrieval of Data from Arrow Files

Arrow Filesﬁ

Archi

Parallel Feature

Filtration

_ﬂvl

—>
3 |
o |

AN

Matrix Blocks

YYVYY

Filtered Matrix

Cells —»
chr1

chr2

<«— Features
(]
_:; ..
x

chr3

chrX

<«—— Features

Reading and writing into arrows is done in a parallel fashion



Demo

Input data

e Cryopreserved human peripheral blood mononuclear cells (PBMCs) from a healthy female donor aged 25
were obtained by 10x Genomics.
e Nuclei Isolation for Single Cell Multiome ATAC + Gene Expression Sequencing
e Pbmc _unsorted 3k.fragments.tsv.gz
o allPBMCs
o 3,009 cells identified by cellranger
e pbmc_sorted 3k.fragments.tsv.gz
o  Granulocytes were removed by cell sorting

o 2,711 cells identified by cellranger


https://www.dropbox.com/s/6l8oc771r4ovabc/hands-on.zip?dl=0

Helpful resources

e Wynton Slack channel
e ucsf-wynton.slack.com

e Gladstone Bioinformatics Core slack channel
e https://gladstoneinstitutes.slack.com/archives/C0145F1L7QS

e Wynton tutorials
o https://github.com/ucsf-wynton/tutorials/wiki

For questions:

avushi.agrawal@qgladstone.ucsf.edu
reuben.thomas@gladstone.ucsf.edu
michela.traglia@gladstone.ucsf.edu



https://gladstoneinstitutes.slack.com/archives/C0145F1L7QS
mailto:ayushi.agrawal@gladstone.ucsf.edu
mailto:reuben.thomas@gladstone.ucsf.edu
mailto:michela.traglia@gladstone.ucsf.edu

Please take our survey to improve our
workshops

o https://www.surveymonkey.com/r/F75J6VZ
~3 min.



https://www.surveymonkey.com/r/F75J6VZ

DATA SCIENCE TRAINING PROGRAM:

December 11 | Single Cell ATAC-Seq Data Analysis Part 2
2024:
January 8 and 9 Introduction to RNA-Seq Analysis

January 22 Introduction to R for Data Analysis

January 25 and 25 | Introduction to Statistics, Experimental Design,
and Hypothesis Testing
February 1 | Intermediate RNA-Seq Analysis Using R


https://gladstone.org/events?series=data-science-training-program
https://gladstone.org/events/single-cell-atac-seq-data-analysis-part-1-0
https://gladstone.org/events/introduction-rna-seq-analysis-6
https://gladstone.org/events/introduction-r-data-analysis-6
https://gladstone.org/events/introduction-statistics-experimental-design-and-hypothesis-testing-0
https://gladstone.org/events/introduction-statistics-experimental-design-and-hypothesis-testing-0
https://gladstone.org/events/intermediate-rna-seq-analysis-using-r-4

WhICh tool is the best?

ArchR Signac SnapATAC
Creation of Arrow fles Identification of barcodes Sort fragment files based on barcodes
é 0 e et T3S et || s ot b on 155 e Grstn ot ra e
g megsc"m“m Peak counts matrix based on input s e Pt i
- 500-bp genome-wide tile matrix creation peak set QC filter colis based on FIP
§ @|  Nerstve latent semantic indexing Creation of merged Seurat object Add 5-kb Tile matrix to Snap object
g_s (500-bp Tile matrix) with cell x peak matrix followed by LS| then runDiffusionMaps
2% Cluster entication Cluster ktentification Cluster dentfication
. O
g-e UMAP and t-SNE embedding generation | | UMAP and t-SNE embedding generation UMAP and 1-SNE embedding generation
%§ Tile-based gene score calculation Counting-based gene score Tile-based gene score
> ¥ with advanced gene models calculation based on fragment files calculation dependent
§§ (-\depu\dmxolpv&wwmmuix) and extending gene body of pre-compiled 5-kb tile matnix
e SnapATAC - https://github.com/r3fang/SnapATAC
e Signac - https://stuartlab.org/signac/index.html
e Comparison between Signac and ArchR
e Generally linear increase in runtime with the addition of more cells for most steps
e ArchR requires a large amount of time to create the files needed to run an analysis
e Signac requires substantially less time for the object creation step.
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