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I Why do we study the epigenome?
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I Why do we study the epigenome?
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A Epigenetic transitions occur on different time scales
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Epigenetic layers of gene regulation

DNA modifications

Oc @ s5mc

A 5hmC /5fC / 5caC

Transcription factor binding

TF binding interacts with DNA
methylation and chromatin accessibility

Histone modifications

Modifications can be active marks
(e.g.,H3K4me3 in green) or repressive
marks (e.g., H2K27m3 in red)

Chromosome organization

Higher-order chromatin organization
into LADs and TADs
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Why do we study the epigenome?

B Lineage tracing using genetic or epigenetic memory
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Epigenetic layers of gene regulation
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Single-cell epigenome profiling
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I Single cell DNA accessibility
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Single cell Histone modifications and
Chromosome organization

Published: 06 July 2017

Cell-cycle dynamics of chromosomal organization at
single-cell resolution
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I Single cell DNA accessibility

Published: 20 July 2014

Single-cell genome-wide bisulfite sequencing for
assessing epigenetic heterogeneity
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Single-cell epigenome profiling
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I Single-cell ATAC-seq library preparation

SO o
Assay for transposase-accessible ;15 ns

chromatin sequencing (ATAC-Seq) M Chromatin

employs a hyperactive form of Tn5

transposase to identify regions of open

chromatin, which are important for WW
global epigenetic control of gene

expression.

TnS simultaneously cleaves and adds m\‘-’\‘g\‘-’\‘g —
adapters to nucleosome-free regions

of DNA, priming them for sequencing. “—~— “~— ~e~—_ Fragmented DNA
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Single-cell ATAC-seq library preparation

Prepare sample:

Start with a nuclei
suspension isolated from
cell culture, primary cells,
or fresh or frozen tissue.
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library. Each cell is
encapsulated in a Gel
Bead.
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Sequence:

The resulting Barcoded
single cell ATAC-seq
library is compatible with
standard NGS short-read
sequencing.

Analysis:

Identify clusters of cells
with similar profiles and
calls peaks.
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I Single-cell ATAC-seq library preparation

ATAC trace:

The peaks of the final trace are
indicative of the periodicity of the
chromatin structure and show
nucleosome-free,
mononucleosome, dinucleosome
and multinucleosome fragments.
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I Single-cell ATAC-seq library preparation

Effects Due to Cryopreservation

ATAC trace variations:

Some variation in the ATAC traces e SRS 1FU_ E18 Fresh Brain
may be observed due to sample 500 —
preservation or biological 0
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differences. 35 150 300 500 10380 [bp] 35 150 300 500 10380  [bp]
The periOdiCity of the chromatin is :FU:_ Adult Flash Frozen Brain :FU:_ E18 Flash Frozen Brain
still observed, although the 1000 1000
intensity of peaks changes. 5'?5-4__/\[\/\1-\“_ 5@@—M

0 0

3I5I Iléol J(I)DIH!)DHI H1IOI380 [bp] 3|5| |1;0| 3‘(l)o|5(|)o”| ||1|°580 [bp]

HEDELBERG  Nttpsi//kb.10xgenomics.com/hc/en-us/cat

FACULTY OF egories/360001072491-Single-Cell-ATAC 17
MEDICINE

data
sovan. sCcience

Andres Quintero




ISingIe-ceII ATAC-seq library preparation pitfalls

Presence of neutrophils:

Activated Neutrophils can participate in
NETosis.

Forming complexes of proteins and chromatin
that trap pathogens (neutrophil extracellular
traps (NETSs)).
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increased granulocyte content

I # 11: BMMC 5pct granulocyte

| # 10: BMMC Opct granulocyte
BMMC unsorted

/

/Increased
mononucleosome
fragments

[

500+

During NETosis, neutrophils experience n L\ / \%/\;\L
chromatin swelling. & /\/\-’\
. . . . 35 100 200 300 400 500 700 2000 10380 [bp]
NETosis results in lysed neutrophil cells with lots ’
of open chromatin. Nucleosome = O D @
Structure 0 1 2 3 multiple
data HEDELBERG  Nttpsi//kb.10xgenomics.com/hc/en-us/cat

Andres Quintero -

science

: FACULTY OF egories/360001072491-Single-Cell-ATAC

MEDICINE

18



ISingIe-ceII ATAC-seq library preparation pitfalls

Loss of chromatin structure:

When the sample has lost all chromatin
structure and is completely open,
nucleosome-free fragments will make up the
majority of the recovered products.
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ISingIe-ceII ATAC-seq library preparation pitfalls

Over tagmentation:

Most problems arise from not
determining the appropriate
number of cells to use in the
tagmentation reaction. A low cell
to transposase enzyme ratio can
result in over-tagmentation, which
produces a library mainly
represented by small DNA
fragments
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Single-cell ATAC-seq analysis
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ATAC-seq
analysis
steps

>
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Pre-analysis

Pre-alignment QC Alignment Post alignment processing & QC
Remove duplicated / low quality / mtDNA reads / black listed regions
Sequence quality 2 i' ,‘I I
gc ‘I’O"te"t Unique mapping % £ 33 E’ . R
uplication Duplicated reads % 3 i 5o o) B S ;
Length distribution % Fragment length > 3 i ) "é ° ¢ '-,‘}" [ M| > Shiftreads = 3
Komer distribution £ o
Adapter GC bias 0 200 400 600 800 1000 g % g § g§°888¢88
Fragment length (bp) T Po'smm ©p) -
Fragment length distribution TSS enrichment
Core analysis Advanced analysis
I
Peak calling Peak differential analysis Footprinting analysis
a R 2 ® E > Peak based or slide-window De novo or motif-centric
Consensus peaks Supervised or unsupervised
l | O I I I | Ilhl dl I Peak shape information Bias correction 4

Count or shape based
No input control
Paired-end or shift-extend
Tn5 bias
Replicates

\4
Peak annotation

Enriched pathways
Visualization

Integration with multiomics data

Nucleosome positioning

A

All or nucleosomal fragments
Motif enrichment analysis

Low coverage beyond peaks

Motif database
Overrepresentation or motif activity

I
Integration with ChiP-seq

Integrate with TF or

Integration with RNA-seq

Overlap DEGs and differential peaks

histone marker ChlP-seq = Regression (expression ~ accessibility) —>
HEIDELBERG
- data % FACULTY OF
Bio science MEDICINE

Regulatory network reconstruction

Nondirectional (ChIP-seq) or directional (RNA-seq)
Enhancer promoter interaction

Yan et al 2020. Genome Biol.
DOI: 10.1186/s13059-020-1929-3
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Cell Ranger ATAC pipeline

Cell
Sample Chromium Chip GEM Well Library Sequencing = --mmmmmm—ee- Cell Ranger Pipeling ------------

7 BCL FASTQ

OOOOOOO® ‘ mkfastq count

0000000 O % —> —> — — Output
00000060 [: I L 5 j C 5 J
00000000 - - 25 < L

https://support.10xgenomics.com/single-c
HEDELBERG  ©ll-atac/software/pipelines/latest/what-is-c
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I Cell Ranger ATAC pipeline

It takes FASTQ files from mkfastq and

------------ Cell Ranger Pipeling ------------ performs ATAC analysis, including:
{ mkfastq ] FSQ [ count w S Output Read filtering and alignment
L 5 J L ; J Barcode counting
= = |dentification of transposase cut sites
Detection of accessible chromatin peaks
Demultiplexes raw base call (BCL) Cell calling
files generated by lllumina® Count matrix generation for peaks and
Dimensionality reduction
Cell clustering
Cluster differential accessibility
https://support.10xgenomics.com/single-c
data -  HEIDELBERG ell-atac/software/pipelines/latest/what-is-c

. FACULTY OF ell-ranger-atac
MEDICINE
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Cell Ranger ATAC fragments

Column
BED-like tabular file Number
Each line represents a unique ;
ATAC-seq fragment.

The transposase cuts the two DNA

strands with a 9bp overhang, 4

fragments positions are adjusted:
Moved forward by 4bp from a
left-most alignment position
Moved backward 5bp from the
right-most alignment position

Andres Quintero
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Name

chrom

chromStart

chromEnd

barcode

readSupport

Description

Reference genome chromosome of fragment
Adjusted start position of fragment on chromosome.

Adjusted end position of fragment on chromosome. The end position is
exclusive, so represents the position immediately following the fragment
interval.

The 10x cell barcode of this fragment. This corresponds to the CB tag
attached to the corresponding BAM file records for this fragment.

The total number of read pairs associated with this fragment. This includes
the read pair marked unique and all duplicate read pairs.

GACCTGATCAGCTAAC-1
ATAACGACACACCAAC-1
TTTAGCTTCCGCAACA-1
CATCATAAGGATCACT-1

AGTAGCTTCGGGATTT-1
TAGCTAGGTGTTGCTT-1
GCTGATCCAACCTAAT-1

CGCAATGTCGTTATCT-1
https://support.10xgenomics.com/single-c
ell-atac/software/pipelines/latest/what-is-c

WWwWwNWE A~

... HEIDELBERG
%% FACULTY OF ell-ranger-atac

“ MEDICINE

25



scATAC-seq QC - Fragment size

(?

= DNA pitch > Single nucleosome
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Buenrostro et al. 2013. Nature Methods.
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scATAC-seq QC - TSS enrichment

Signal around a window of TSS enrichment
2,000 bases around TSSs. High Low

This profile is helpful to assess )&*
the signal-to-noise ratio of the |
library.

TSSs and the promoter regions
around them have, on average,
a high degree of chromatin

accessibility compared to the | / \\N 'MF
intergenic and intronic regions - | WWWH WWW

of the genome. -1000 -500 0 500 1000 -1000 -500 0 500 1000
Distance from TSS (bp)

Mean TSS enrichment score
()]
T —

https://support.10xgenomics.com/single-cell-atac/soft

ware/pipelines/latest/what-is-cell-ranger-atac https:/satijalab.org/signac/articles/pbmc
HEIDELBERG

FACULTY OF _vignette.html
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sCcATAC-seq QC - Metrics

pct_reads_in_peaks peak_region_fragments TSS.enrichment blacklist_ratio nucleosome_signal
10.04
30
751 |
1e+05 0:3
7.5
20+
50 0.2
5.0
5e+04 1
251 0.14 104
2.5 1.
04 0e+00 - . 0.0+ 04
fog (o fod (od (o
R4 R R 4 &
& & & e &
> ol > @ @
S S S N S
2 X2 X2 X2 X2
Identity Identity Identity Identity Identity

Fraction of fragments in peaks: Represents the fraction of all fragments that fall within ATAC-seq
peaks. Cells with low values (i.e. <15-20%) often represent low-quality cells or technical artifacts that
should be removed. Note that this value can be sensitive to the set of peaks used.

HEIDELBERG https://satijalab.org/signac/articles/pbmc

% FACULTY OF _vignette.html
' MEDICINE 28
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sCcATAC-seq QC - Metrics

pct_reads_in_peaks peak_region_fragments TSS.enrichment blacklist_ratio nucleosome_signal
10.04
30
751
1e+05 031
7.5
20+
50 0.2
5.0
5e+04 1
251 0.14 104
2.5 1.
04 0e+00 - . 0.0+ 04
fog (o fod (od (o
R4 R R 4 &
& & & e &
> ol > @ @
S S S N S
2 X2 X2 X2 X2
Identity Identity Identity Identity Identity

Ratio reads in genomic blacklist regions: The ENCODE project has provided a list of blacklist regions,
representing reads which are often associated with artifactual signal. Cells with a high proportion of
reads mapping to these areas (compared to reads mapping to peaks) often represent technical

artifacts and should be removed. HEIDELBERG https://satijalab.org/signac/articles/pbmc
Andres Quintero . data % FACULTY OF _vignette.html
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I Single-cell ATAC-seq dimension reduction

Latent Semantic Indexing (LSI) is an approach from natural language
processing that was originally designed to assess document similarity
based on word counts.

101
SCATAC-seq: documents=samples, words=regions/peaks.
scRNA-seq: documents=samples, words=genes.

Calculate word frequency by depth normalization per single cell.
Normalize word frequency by the inverse document frequency which
weights features by how often they occur. 51
Results in a word frequency-inverse document frequency (TF-IDF)
matrix, which reflects how important a word (aka region/peak) is to a ‘ | | , .
document (aka sample). '10 T i B
Perform singular value decomposition (SVD) on the TF-IDF matrix.

UMAP_2

HEIDELBERG  Nttpsi//www.archrproject.com/bookdown/

» FACULTY OF dimensionality-reduction-with-archr.html
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Single-cell ATAC-seq peak calling

Raw Overlap, Variable-Width

c Cell Type A l\{\
bulk cell l l A /\
ATAC-seq_| 2 1 L Peak Calls| ==+ — —
SCATAC-seq.. — s 1 L Peak Calls — — -
W HH .“ -"HH\ e _HH genes Cell Type C /\
n - S ~=s Peak Calls| =+ = - -
2 |3 i 1| fragments '
8 |:- - 2 v
o | . K E . 1 Overlap and Merge (Non-Fixed-Width)
2 |:- i e 0 y
£ |3 "3's = Y
@t 232 KT e s N
— = —
ey = == m peaks e -~ -
Finalize Meréed Peak Set
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I Single-cell ATAC-seq gene activity

ATAC-seq
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I SsCATAC-seq & scRNA-seq integration
Label transfer

|dentify shared correlation A S T . ¢

patterns in the gene activity Reference @ ¥ ghon, - Reference
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HEIDELBERG Stuart et al. 2019. Cell.

FACULTY OF DOI: 10.1016/j.cell.2019.05.031
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Single-cell ATAC-seq Footprinting

Insertions
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TF footprinting allows for the prediction of the precise binding location of a TF at a particular locus.
The DNA bases that are bound by the TF are protected from the Tn5 while the DNA bases
immediately adjacent to TF binding are accessible.
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I Single-cell ATAC-seq Footprinting

Hexamer Position Tn5 Kmer
Frequency Table Frequencies
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Bentsen et al. 2020. Nature Com. Center

DOI: 10.1038/541467-020-18035-1
The Tn5 has an insertion bias which needs to be corrected for; if not, false positive/negative predictions!

HEIDELBERG  Nttpsi//www.archrproject.com/bookdown/f

FACULTY OF ootprinting-with-archr.html
MEDICINE

Andres Quintero ‘ 3 data
Bio science

35



Perspectives

Archﬁ Signac

https://satijalab.org/signac/index.html

https://www.archrproject.com/

EpiScanpy Cell Ranger ATAC

https://github.com/colomemaria/epiScanpy https://support.10xgenomics.com/single-cell-atac
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I Session 1 - scATAC-seq analysis

Hands-on sessions:

https://www.hdsu.org/sincellTE 2022/

RStudio server:

https://rstudio-singlecell.sb-roscoff.fr/

Andres Quintero
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