Introduction to Single Cell RNA Sequencing

Sarah Boswell

Director of the Single Cell Core, Harvard Medical School
Director of Sequencing Technologies, Laboratory of Systems Pharmacology

Staff Scientist/Sequencing Specialist, Systems Biology, Springer Lab

https://singlecellcore.nms.harvard.edu/

sarah_boswell@hms.harvard.edu

AU ADAABAADAVADAABANADANADAY




Introduction to Single Cell RNA Sequencing

Common applications of single cell RNA sequencing.
Overview of single cell RNA sequencing platforms.
Modified scRNA-seq workflows

Sample preparation and experimental design.

Effects of sample prep and sample type on analysis.




Bulk vs Single Cell RNA Sequencing (SCRNA-seq)
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Transcriptome Coverage (MRNA)

1. mMRNA: TruSeqg RNA-Seq (gold standard)

* ~20,000 transcripts

More when consider splice variants / isoforms

* Observe 80-95% of transcripts depending on
sequencing depth

2. Low Input Methods
* 4000-6000 transcripts per sample

Limiting to transcripts observed across all samples

* Observe 20-60% of the transcriptome

3. Single Cell Methods
« 200 -10,000 transcripts per cell

* Observe 10-50% of the transcriptome

* Many transcripts will show up with zero
counts in every cell (eg. GAPDH, ACTB).

If you only looked at transcripts observed in
all cells numbers drop dramatically.




The World Between Bulk & scRNA-seq
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Common Applications of SCRNA-seq

Studying heterogeneity Lineage tracing study Stochastic gene expression
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Liu S and Trapnell C. Single-cell transcriptome sequencing: recent advances and remaining challenges, F1000 Research 2016 (doi: 10.12688/f1000research.7223.1)
Junker and van Oudenaarden; Every Cell Is Special: Genome-wide Studies Add a New Dimension to Single-Cell Biology, Cell 2014 (doi: 10.1016/j.cell.2014.02.010)



Tumor, Tissue, Organoid Heterogeneity
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JA. Briggs et al. The dynamics of gene expression in vertebrate embryogenesis at single-cell resolution, Science 01 Jun 2018 (DOI: 10.1126/science.aar5780)
DE Wagner et al. Single-cell mapping of gene expression landscapes and lineage in the zebrafish embryo, Science 01 Jun 2018 (DOI: 10.1126/science.aar4362)
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JA. Briggs et al. The dynamics of gene expression in vertebrate embryogenesis at single-cell resolution, Science 01 Jun 2018 (DOI: 10.1126/science.aar5780)
JA. Griffiths et al. Using single-cell genomics to understand developmental processes and cell fate decisions, MSB (2018) (DOl 10.15252/msb.20178046)




Time Course or Development Experiment

‘Start 3

‘Start 2

®Start 1

» Collect all samples and prep libraries together in one batch.

 Biological duplicates (at minimum)




Stochastic Gene Expression

Gene expression is heterogeneous and “bursty”.

Genes fluctuate between “On” and “Off” promoter
states.

Stochastic expression of one gene can propagate to
generate more stochasticity in downstream genes.

Target mRNA

Time (cell cycles)

Eldar & Elowitz; Functional roles for noise in genetic circuits, Nature 2010 (doi: 10.1038/nature09326)
B Hwang et al. Single-cell RNA sequencing technologies and bioinformatics pipelines, EMM 07 Aug 2018 (doi: 10.1038/s12276-018-0071-8)




Stochastic Gene Expression

Can single-cell RNA-seq capture the distribution of gene expression of
individual genes?
Actual cell population Subsampled cell population

. single-cell
aw oy RNA-seq -

g T - > -y ™ & « Low mRNA capture efficiency of
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o Estimated gene scBNA-seq makes it difficult to draw

Gene expression .
Only cells with high

distributions across ~ expression All cells ; e g ; -
distibutions of the | ;g seq | transeriptome definitive conclusions about expression at

the actual cell
population estimated ~ Subsampled cell coverage analyzed

bR e i the single-cell level.

Cipression e Eopresion e Erprossion vl Ngmber of cells and erth of sequencing
- critical for understanding rare gene
expression phenotypes.




More Cells or More Sequencing Reads”

Required number of cells increases with complexity of the sample.

As the number of genes involved in the biology decrease then the
coverage requirements increase (more reads).

Cell-type classification of a mixed population usually requires lower
read depth and can be sequenced at 10,000-50,000 reads per cell.

Suggest starting with 25,000-55,000 reads per cell. Can always re-
seguence your samples.

A. Hague et al. A practical guide to single-cell RNA-sequencing for biomedical research and clinical applications, Genome Med 2017 (DOI: 10.1186/s13073-017-0467-4)
JA. Griffiths et al. Using single-cell genomics to understand developmental processes and cell fate decisions, MSB (2018) (DOl 10.15252/msb.20178046)




https://satijalab.org/howmanycells

Assumed number of cell types Minimum fraction (of rarest cell type) Minimum desired cells per type

6 01 30

Probability of seeing at least 30 cells from each cluster

0.99 reached at 4823
0.95 reached at 4424 !

4000 4500

Number of cells sampled




Common Applications of SCRNA-seq

Studying heterogeneity Lineage tracing study Stochastic gene expression
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Liu S and Trapnell C. Single-cell transcriptome sequencing: recent advances and remaining challenges, F1000 Research 2016 (doi: 10.12688/f1000research.7223.1)
Junker and van Oudenaarden; Every Cell Is Special: Genome-wide Studies Add a New Dimension to Single-Cell Biology, Cell 2014 (doi: 10.1016/j.cell.2014.02.010)



Introduction to Single Cell RNA Sequencing

» Overview of single cell RNA sequencing platforms.




Comparison of Single Cell Methods
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Comparison of Single Cell Methods

inDrops

10x Genomics

Drop-seq

Seg-well (Honeycomb)

SMART-seq

Cell capture
efficiency

~70-80%

~50-70%

~10%

~80%

~80%

Time to capture 10k
cells

~30min

10min

1-2 hours

5-10min

Encapsulation type

Droplet

Bt

Droplet

Droplet

e
o[~

Nanolitre well
00
D&

Plate-based

Library prep

CEL-seq
Linear amplification by VT

SMART-seq
Exponential PCR based
amplification

SMART-seq
Exponential PCR based
amplification

SMART-seq
Exponential PCR based
amplification

SMART-seq
Exponential PCR based
amplification

Commercial

Yes

Yes

Yes (Summer 2020)

Yes

Cost (~$ per cell)

~0.06

~0.2

~0.06

~0.15

1

Strengths

Good cell capture
Cost-effective
Real-time monitoring
Customizable

Good cell capture

Fast and easy to run
Parallel sample collection
High gene / cell counts

Cost-effective
Customizable

Good cell capture
Cost-effective
Real-time monitoring
Customizable

Good cell capture
Good mRNA capture
Full-length transcript
No UMI

Weaknesses

Difficult to run

Expensive

Difficult to run & low cell
capture efficiency

Available Soon

Expensive

C. Ziegenhain et al., Comparative Analysis of Single-Cell RNA Sequencing Methods, Molecular Cell 2017 (doi: 10.1016/j.molcel.2017.01.023)



Full Length Transcripts: SMART-seq (v3)

Sort cells of interest into single well.

Only single cell method that gives
S—— full transcript information.

1 celliwell Reverse Transcription

V' 4

Amplification

Currently best option for low cell
number samples. (100’s — 1,000’s)

H Lim et al, Profiling Individual Human Embryonic Stem Cells by Quantitative RT-PCR. J. Vis. Exp. (87), €51408, 2014 (doi:10.3791/51408)
M Hagemann-Jensen et al, Single-cell RNA counting at allele- and isoform-resolution using Smart-seq3 bioRxiv 2019 (doi: https://doi.org/10.1101/817924)




Seg-Well: Honeycomb Biotechnologies

Complex Tissue Component Cells Loaded Microwell Array Sealed Array

®
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4. Cell Lysis & RNA Hybridization )

Data Analysis
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8. Sequence

UMI  Cell
Barcode

* Up to Tml of sample is loaded into nanowells (100’s — 1,000’s of cells)

«  Samples settle by gravity into wells.

« Uses Drop-seq STAMP beads for barcoding.

TM Gierahn et al, Seg-Well: portable, low-cost RNA sequencing of single cells at high throughput. Nat Methods. 2017 Apr;14(4):395-398. doi: 10.1038/nmeth.4179




Seg-Well: Honeycomb Biotechnologies

» Honeycomb devices require no complex
equipment or training so samples can be
can be collected in almost any setting.

»  (Gentle stabilization process allows even
the most fragile cells to be captured.

https://honeycomb.bio/




Droplet scRNA-seo

Droplet methods give single cell information, BUT require
nigh cell numbers to achieve best results. (>10,000 cells)

Capture 50-80% of the input cells depending on the
platform used.

Extreme 3’-bias in standard data.

Can not look at splicing / isoforms with standard methods.




iINnDrops Method Overview

» Single cell suspension injected at density of ~80,000 cells / ml

RT Lysis Mix

Outlet

» Matching the speed of bead injection with the speed of droplet

generation it is possible to set conditions in which nearly every
droplet would be loaded.




iINnDrops Method Overview

Encapsulation Reverse transcription . )
in droplets reaction in droplets Library preparation

primer mRNA droplet
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T7 RNAP cell barcode Al Sequencing and Analysis

promoter Each read assigned to cell
mRNA according to barcode identity

cleavable barcode
linker

Lysis and reverse transcription occurs in the beads

Samples are frozen after RT as RNA:DNA hybrid in gel
Library prep is based on CEL-seg method (for now!)

Moving to template-switching (SMART-seq) style library prep

A. M. Klein et al., Droplet barcoding for single-cell transcriptomics applied to embryonic stem cells, Cell 2015 (doi: 10.1016/j.cell.2015.04.044)
R. Zilionis et al., Single-cell barcoding and sequencing using droplet microfluidics, Nature Protocols 2016 (doi: 10.1038/nprot.2016.154 )




ScRNA-seq Library Structure (inDrops)

Rd1 Seq Primer Index 1 primer

b5 INDEX S > Barcode  mmmm— - >
#WDEX

S “--=-=-=--
Jawud g xepu J}ew“d bss zpy
|

Sequence of Interest

Number of

Sequencing Read Description Cycles
Can read longer into transcript if

desired
|7 index Single Cell Barcode Reads first half of barcode

Read1 Insert (Transcript)

15 Index Library Index Distinguish multiplexed samples

Reading longer will read into

Read 2 Single Cell Barcode & UM PolyA tail




10x Genomics Method Overview

C—> Pool —
Remove Oil

%

10x Barcoded

..:. eo0e eo0e
.0.0
Gel Beads
Bulk

Single Cell 10x Barcoded 10x Barcoded
GEMs cDNA cDNA

Lysis and reverse transcription occurs in the beads
Samples are frozen after RT as RNA:DNA hybrid in gel
Library prep is similar to SMART-seg method

GEM = Gel Beads-in-emulsion

Cell Lysis

Poly(A) + RNA

Enzymatic Fragmentation,
End Repair, A-Tail, Ligation, Sample Index PCR

10x UMI Poly(dT)VN Read2 Sample
Barcode Index




Read 1

R1: 26
10XBC + UMI

10x UMI
Barcode

Poly(dT)VN

10x Genomics Method Overview

e

Read 2: 98*
Insert

Read 2 i7:8
Sample
Index

Sequencing Read

Description

Recommended

Number of Cycles Notes

Read 1

10x Barcode Read (Cell)
and
Randomer Read (UMI)

It cannot be shorter than 26 bp
If longer than 26 bp it will be
ignored by Cell Ranger

26 cycles

i7 Index

Sample Index Read

If longer than 8 bp it will need
to be trimmed during base
calling

8 cycles

i5 Index

N/A

0 cycles N/A

Read 2

Insert Read (Transcript)

98 cycles Can be adjusted*

*User controlled trade-off between read length and mapping rate




Doublets / Cell Density

» Rate of doublets depends on the cell density and the flow rate used
for encapsulation.

Multiplet Rate (%) # of Cells Loaded # of Cells Recovered
~0.4% ~870 ~500
~0.8% ~1700 ~1000
~1.6% ~3500 ~2000
~2.3% ~5300 ~3000
~3.1% ~7000 ~4000
~3.9% ~8700 ~5000
~4.6% ~10500 ~6000
~5.4% ~12200 ~7000
~6.1% ~14000 ~8000
~6.9% ~15700 ~9000
~7.6% ~17400 ~10000

« “Sweet spot” for loading a 10x is recovery of 5000-6000 cells.

https://support.10xgenomics.com/single-cell-gene-expression/sample-prep/doc/user-guide-chromium-single-cell-3-reagent-kit-v2-chemistry




Scrublet: Computational Identification of Doublets

Doublet formation Effect of doublets
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S. Wolock et al. Scrublet: computational identification of cell doublets in single-cell transcriptomic data, bioRxiv 2018 (DOI: 10.1101/357368)




iNDrops vs. 10x Genomics

e | ower price than 10x
e Higher price, reduced with hashing.
e Sample cost depends on number of cells and libraries

prepped. e Sample cost is per sample, number of cells not

- part of cost.
e Ability to collect sample backups at reduced cost per

selntlole e Backup samples come at full sample cost.
e Samples run 1 at a time for ~20 minutes per 6000 cell

sample e Up to 8 samples run in parallel in 10 minutes
e Observe ~1/2 the genes/cell of 10x (old library prep

e Observe 2x genes/cell than inDrops
method)

10x Genomics

e Qut-of-the-Box

e Customizable




Comparison of Single Cell Methods

inDrops

10x Genomics

Drop-seq

Seg-well (Honeycomb)

SMART-seq

Cell capture
efficiency

~70-80%

~50-70%

~10%

~80%

~80%

Time to capture 10k
cells

~30min

10min

1-2 hours

5-10min

Encapsulation type

Droplet

Bt

Droplet

Droplet

e
o[~

Nanolitre well
00
D&

Plate-based

Library prep

CEL-seq
Linear amplification by VT

SMART-seq
Exponential PCR based
amplification

SMART-seq
Exponential PCR based
amplification

SMART-seq
Exponential PCR based
amplification

SMART-seq
Exponential PCR based
amplification

Commercial

Yes

Yes

Yes (Summer 2020)

Yes

Cost (~$ per cell)

~0.06

~0.2

~0.06

~0.15

1

Strengths

Good cell capture
Cost-effective
Real-time monitoring
Customizable

Good cell capture

Fast and easy to run
Parallel sample collection
High gene / cell counts

Cost-effective
Customizable

Good cell capture
Cost-effective
Real-time monitoring
Customizable

Good cell capture
Good mRNA capture
Full-length transcript
No UMI

Weaknesses

Difficult to run

Expensive

Difficult to run & low cell
capture efficiency

Available Soon

Expensive

C. Ziegenhain et al., Comparative Analysis of Single-Cell RNA Sequencing Methods, Molecular Cell 2017 (doi: 10.1016/j.molcel.2017.01.023)



On the Horizon: Spatial Transcriptomics

A cosscoomion sty onn | All methods are In their infancy.

10 Total time ~ 3 hours
pm
i 4

. ™ @@ Tr?ﬁ%jtube S . . .
. . - @/\ —— Require fresh-frozen tissue sections.

Section tissue RT, tissue digestion

- Y Kharchenko lalb working on setting up

& Ty O Ependymal
@ Choroid
OHabenula

@Oligo

A Slide-seq (10 micron resolution)

&

N,

Slide-seq recovers 100’s genes/cell

10x Visium (50-100 micron resolution)

Hippocampus

Rodriques et al, Slide-seq: A scalable technology for measuring genome-wide expression at high spatial resolution.
Science. 2019 Mar 29;363(6434):1463-1467.




Introduction to Single Cell RNA Sequencing

» Modified scRNA-seq workflows




Transcript Specific Library Prep

| | GFP labeled population
|dentify cells in pooled CRISPR screens

|[dentity barcoded cells

V(D)J immune cell profiling
| dentify labeled (GFP, mCherry) cells.

Enrich for genes of particular interest for your experiment.




Transcript Specific Library Prep

CRISPR pool vector backbone must contain a transcribed poly-
adenylated unique guide index (UGI), which can include a fluorescent
marker

Cas9-GFP Genotype: gRNA sequencing
NAA HAB WAC NAD WAE mw.t.

Phenotype: single-cell RNA-seq

* scRNA-seq library to phenotype cellular transcriptome
* gRNA-targeted library to ensure proper cell identification

D.A. Jaitin et al., Dissecting Immune Circuits by Linking CRISPR Pooled Screens with Single-Cell RNA-Seq, Cell 2016 (doi: 10.1016/j.cell.2016.11.039)
A. Dixit et al., Perturb-Seq: Dissecting Molecular Circuits with Scalable Single-Cell RNA Profiling of Pooled Genetic Screens, Cell 2016 (doi10.1016/j.cell.2016.11.038)




Transcript Specific Library Prep

A

A B .. Guides @ @ @ @ Selection corl;;tt)rrgc%on
QQ Viruses L — Q
mm. Gl | ) Mol @ @ }‘cells @

Guide-
BIE .. associated| Pooled sgRNA Transduce cells Barcoded droplet

barcodes libraries mRNA capture

Anti-parallel
cassettes GBC
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I I
mRNA

L PolyT
Reverse transcription l y

Barcoded ful|-|ength cDNA S = S

Enrichment PCR o e

F

A. Dixit et al., Perturb-Seq: Dissecting Molecular Circuits with Scalable Single-Cell RNA Profiling of Pooled Genetic Screens, Cell 2016 (doi10.1016/j.cell.2016.11.038)




Transcript Specific Library Prep

* Make standard library

*  NextSeg/HiSeg/NovaSeq sequencing to identify cell barcodes in
sample

 Make transcript specific library with aliquot of partially
prepped library

« MiSeq to identify cells with transcripts of interest or spike back into full
transcriptome sample

« (Can also spike the transcript specific library back into full transcriptome
library.

« Match barcodes identitied in both sequencing runs




Transcript Specific Library Prep

GFP cells from GFP
transcript library

@@

@

pSEI|
@@ 1

Integration Events Lineage

* Transcript of interest often not observed all cells it was expressed in.

« Specifically amplify desired transcript to identify more cells of interest.

*  Recover double the number of GFP cells with the addition of a transcript
specific library.

Wagner DE et al., Single-cell mapping of gene expression landscapes and lineage in the zebrafish embryo. Science. 2018 Jun 1;360(6392):981-987 (doi: 10.1126/science.aar4362)




(Antibody binding, \( Single cell droplet encapsulation
washing cells

™ .( » Cellular Indexing of Transcriptomes and
2‘\\|=' Epitopes by Sequencing (CITE-seq)
\—

h

[ Cell lysis in droplet mRNAs and antibody-oligos | [  Size selected cDNA |

hybridze to RT oligos and | | for sandard ibray prep  CITE-seq uses DNA-barcoded antibodies

are indexed with cell barcode/ | __________

S | —— to convert detection of proteins into a
TTTTTTTTTTTTT " Size selected antibody )

olgo procucis forfuther quantitative, sequenceable readout.

\W / TTTTTTTTTTTTT library prep
(_AAAAAAAAAAAA

N T T T TTTTTT] |
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https://cite-seq.com/




Cell Hashing / CITE-seq

Sample multiplexing schematic:

n X Cell Hashing is the same idea as CITE-seq

just using ubiquitously expressed surface

nroteins.

g = g Allows for multiplexing samples into a single
.J

(HTO)

encapsulation.

Sample super-loading schematic:

) By sequencing tags alongside the cellular

transcriptome, we can assign each cell to its

sample of origin, and robustly identify

—
Cell pooling Super-loading

e doublets originating from multiple samples.

CITE-seq staining hashtag ./
oligos
(HTO)

https://cite-seq.com/




| abel-Free Multiplexing of Patient Samples

Single-Cell input * ﬂ ’l“.//

Each cell type has a distinct expression variability of
expression profile thousands of cells

Genetic differences between patient samples are inferred
directly from scRNA-seq data to demultiplex samples.

Wil not be able to link patient data back unless have
data on patient SNPs.

Allows for super-loading and doublet identification.

Xu J. et al., Genotype-free demultiplexing of pooled single-cell RNA-seq. bioRxiv 2019 Mar. 7 (http://dx.doi.org/10.1101/570614)




10x Capture Sequence / Feature Barcode

Barcoded Antibody

Capture

Barcode Sequence

)Irs_

N

V3 10x kits offer specific capture
seguences you can engineer into
your system.

CITE-seq, CRISPR pools, etc.

https://www.10xgenomics.com/solutions/single-cell/




10x V(D)J Immune Profiling & 5’ gene expression

3’ gene expression assay the polydl sequence
attached to gel bead.

5" assay the polydT is supplied as an RT primer.

5’ VDJ kit: profiles full length (5 UTR to constant
region) paired T-cell receptor (TCR), or B-cell
O immunoglobulin (Ig) transcripts.

* If both T and B cells are expected to be present in the cell
population, TCR and |g transcripts can be enriched in
separate reactions from the same amplified cDNA material.

https://kb.10xgenomics.com/hc/en-us/articles/360000939852-\What-is-the-difference-between-Single-Cell-3-and-5-Gene-Expression-libraries-




From the same 10x Barcoded cDNA

10x V(D)J Immune Profiling

c¢cDNA Amplification Target Enrichment from Amplified cDNA

Enrichment Outer Primer
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l Enzymatic Fragmentation /
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https://www.10xgenomics.com/solutions/vdj/




TotalSeq K BioLegend”

Enabling Legendary Discovery™

- TotalSeq — A: captures TotalSeq™-A Poly(dT)-based Systems

using a polyA Tall; 10x 3’ Y:
transcriptome V2 or V3 S CEEm—————_—

umi  ( polyldn)
! ! TotalSeq™-A

TotalSeq — B: captures foraiseae PN
using sequence 1; 10x 3’ %‘i O - — ‘°“"5“‘""BJ
(RTINS NNNNNNNNNGC TTTAAGGCCGGTCCTAGC AA 1 url Sequelntel'

transcriptome V3

TotalSeq™-C 10x Genomics 5’

- Totalseq — C: captures . “ “"?"”"%ﬂta.smuj
US|ng Seq uence TSO, 1 OX G ISR NNNNNNNNNCCCATATAAGA*A®A 3 _—

5’ transcriptome V3

https://kb.10xgenomics.com/hc/en-us/articles/360019665352-What-is-the-difference-between-TotalSeq-A-B-and-C-
https://www.biolegend.com/en-us/totalseq




Introduction to Single Cell RNA Sequencing

» Sample preparation and experimental design.




Single Cell Core Workflow

» (Good sample prep is the key to success.

* A well planned pilot experiment Is essential
for evaluating sample preparation and for

understanding the required number of cells.

» Do not rush to the final experiment.

Consult

Sample
Prep

Pilot Experiment

Data
Analysis

Final
Experiment




Single Cell Core Sample Repertoire

Multi-cellular animals

Radial tissue organization

Bilateral tissue organization
I

Acoellomates

Coelenterata Ctenophora

(Cnidaria) Eg.

Platyhelminthes

(flatworms)
Acoels, Planaria

I
Pseudocoelomates

Aschelminthes

Annelida ‘

Mollusca

| Hemichordata

Arthropoda

Echinodermata |

Chordata

Amphibian

Mammal




Single Cell Core Sample Repertoire

Primary cell/ tissue:
Whole embryo
Blood (immune cells)
Bone marrow (hematopoietic stem cells)
Embryonic stem cells
Gut, Lung, Stomach, Colon (epithelium)
Adipose tissue (non-adipocytes)
Hepatocytes
Brain and spinal cord (neurons, microglia, astrocytes)
Thymus
Various patient samples

Cells/ tissues grown in Vitro:
 Differentiated cells from iPSCs
« Organoids

Single nuclear samples:
* Brain and Kidney

Standard Library

Fly / Arthropod Library

$1-1.1PC

[FU] |

| N, :

|L . P PR ._.;—«’ e —— 4 |y, S
L | o rer orrorl

35 150 300 500 1000 10380 [bp]




Key to Success: Sample Preparation

High cell viability (>90-95% preferred)
Minimal free-floating RNA

Single cell suspension

Dissociation protocol is cell type dependent
Primary samples are much more difficult

Cryopreservation or Nuc-seq are optional for some samples




Key to Success: Sample Preparation

Good single cell suspension. No clumps and minimal debris.

More than 90% viability is ideal.

Cell membrane integrity is required until they are encapsulated.

A of | of (1 af] ErIEnlEREs

Nanowell-based barcoding platform Droplet-based barcoding platform

More background = More wasted reads

% of cell gopulation

Reads/ cell barcode Reads/ cell barcode Reads/ cell barcode

|deal data Free-floating BNA




Key to Success: Sample Preparation

* What is your sample of interest”? And how would you obtain that”?

« Which population in a tissue should be examined”?

* Does it require some sort of enrichment?

Solid tissue
} Dissociation
Adherent cell culture \—

Enrichment Quality check

Suspended cell culture T

Liquid tissue




Sample preparation protocol varies by cell-type

Enzyme-lbased dissociation- trypsin, collagenase, liberase, accutase.

Gentle wash

eS.

Dead cell removal kit, filtering out the debris.

Density gradient (Ficoll, Optiprep)

I

Dissociation

Solid tissue }
Adherent cell culture

Suspended cell culture \

Liquid tissue

Note: the final
sample buffer
should be
devoid of
heparin, Ca+,
Mg?* and EDTA

Enrichment

Quality check

3

« Magnetic bead selection (MACS)

« FAC sorting

e Cell concentration
« Cell Viability (Trypan Blue)

2.Microparticle
and lysis buffer

§ o




Sample Preparation Varies by Cell-Type

SAMPLE
COLLECTION SAMPLE

o resection COLLECTION

{ biopsy fresh frozen

) remove fat and
sample cleaning xeed> necrotic tissue

Q assess size [B{<05cm=1mL )

0 scale dissociation E—[> 05-2cm=5 ml_)
media volume

@ chop tissue C remove OCT

= (razors ' ',7UC/9{
scissors & media isolation

dissociation =s=ssssssss > EREYILES /time 1 . SC/SI'I TOOl bOX 0 ChOp E-[%Llsﬂﬁ5séST/ TS T]

optimize to tissue . . .
Tumors Tissue Protocols Sequencing Analysis
> spin 8} {350 xg - 0 wash
4 min resection | — fresh —— dis. enzymes —>  scRNA-Seq
. . ; protocol
if supernatant cloudy assess pellet (size and RBCs) biopsy luati .
ascites | 5 frozen ——> EZ/SThbuffers —»  snRNA-Seq evaluation Q filter
N . sl ACK buffer
/E > RBCs lysis 1 min; 4°C

O spin R 500 x g
if not sufficient lysis spin

5 min
Q resuspend in PBS

2. Protocol selection and comparison criteria

i. Cell / nucleus quality ii. Recovered vs. expected sc/sn iii. Cellular composition 0 resuspend pellet

e Q filter

S add trypan blue, visualize and assess
contamination

viability > 65% — 0 visualize and assess
enrichment for

IIVe Ce”s i

filtering debris pipetting - filtering aggregates
filtering — trypLE doublets
aggregates e .

) ggreg ) _ filtering debris

> spin

conditions 9 snRNA - Seq

9 scRNA - Seq
conditions g tools %) spin

Slyper M., et. Al., A single-cell and single-nucleus RNA-seq toolbox for fresh and frozen human tumors. bioRxiv. doi: https://doi.org/10.1101/761429




Sample Preparation: increasing cell viability

Mild dissociation reagent (TrypLE, StemPro, Accutase, Liberase)
Shorten dissociation time

Reduce dissociation temperature

Adding a DNAse step can help reduce clumping of dead cells.

Using ROCK inhibitor/ apoptosis inhibitor (esp. epithelial cells)

Avoid cell pelleting
Avoid FACS sorting on more fragile cell types

Miltenyi Biotec

Try magnetic activated cell sorting (MACS)




Sample Preparation: single cell suspension

» Use appropriate cell strainer to get rid off clumps.

» Use metabolically inert, non-toxic density gradient media to fractionate cells.

«  We routinely use 15% Opti-prep to keep cells in single cell suspension while loading
sample, but the concentration might vary from cell to cell.

Cell suspension

800g

15 min

Viable cells
1.15-1.16
g/ml
Non-viable cells

» Make sure final buffer does not contain calcium, EDTA, or heparin (inhibit RT).




Enrichment Methods: pros & cons

FACS (Fluorescence activated cell sorting)

Pros:
*  Enrichment is robust.

* Yields good single cell suspension.

» Live/dead sorting by DNA stains, eg. DAPI.

Cons:

» Uses high pressure to sort the cells.

« Can introduce bias in the experiment.
* Long sample prep protocol.

MACS (Magnetic activated cell sorting)

Pros:

« Gentile on cells and faster protocol

« Greater number of cells can be processed.
« Not limited by FACS sorter availability.

cons:

Number of available surface marker-
conjugated to magnet is limited.

Enrichment is not precise. Not applicable for
rare population.




Enrichment Methods: cell staining

Standard staining used for FACS
DAPI staining to remove dead cells in sorting
Live cell sorting: 7-AAD from Biolegend and Live 488 from Thermo

Biotium’s NucSpot 470 for nuclear staining; requires cell permeation

Can always test if your dye of interest will inhibit RT in a mock tube based

reaction.




Sample Preparation: cell numbers

Droplet methods have a 10,000-25,000 cell minimum
* need ~50-100 cells with a unique transcriptome to identify a population cluster
* 100-1000 cells per ul = 100,000-1,000,000 cells per ml

Count cells by hemocytometer — do not trust sorter counts

* counts from the sorter are often 2 of actual cell counts

Try negative selection to remove unwanted cells

Sort on a broader marker to increase cell numbers

For unavoidably low density samples

+ spike the sample with cells with distinct expression profile




Sample Preparation: buffers

* Suggest final sample prepared in:
PBS with 0.1-1% BSA

Defined media without calcium, magnesium, or EDTA

e 2% FBS in defined media without calcium or EDTA.

Make sure buffer does not contain calcium, magnesium,
DTA, or heparin (inhibit RT).




Sample Preparation: viability checks

»  Check viability of sample over time

* |f viability decreases over a short period of time this will be reflected in transcriptional data.

*  Will see high mitochondrial read counts.

» Check single cell suspension supernatant for the presence of free floating
RNA (Ribogreen)

« Creates background noise in all samples and complicates analysis.

*  Number of trypan positive cells «« number of wasted sequencing reads

« [f 30% of your cells are dead at the time of encapsulation then at most you will be able to use
70% of your sequencing data.




Sample Preparation: dead cell removal

 FACS out dead cells

* Will have all associated complications of FACS.

* Miltenyl dead cell removal kit

* Magnetic beads used to remove dead cells & debris.

Food For Thought

* How many dead cells are you removing?
» What does this mean for the biology you are studying?

* Record your sample prep metadata!!!




Sample Preparation: cryopreservation

Several papers have come out using various cryopreservation
techniques on samples (PBMC's or cell lines).

Success of cryopreservation is dependent on the sample type.
Have seen this worked well on blood and immune cells.
Key Is the viability of the cells upon rehydration.

Consider Nuc-seq as an option from cryopreserved cells.

Alles, J. et al. Cell fixation and preservation for droplet-based single-cell transcriptomics. BMC Biol. 2017 (doi: 10.1186/s12915-017-0383-5)
Guillaumet-Adkins, A. et al. Single-cell transcriptome conservation in cryopreserved cells and tissues. Genome Biol. 2017 (doi: 10.1186/s13059-017-1171-9)
Habib, N. et al. Massively parallel single-nucleus RNA-seq with DroNc-seq. Nat. Methods 2017 (doi: 10.1038/nmeth.4407)




Sample Preparation: cryopreservation

* The quality of the tissue at the time of freezing is a major factor in the quality
of data downstream.

» Single Cell Core has seen best results will cells frozen in their standard
growth media supplemented with 5% DMSO.

* Primary cells observed to have 20% cell death upon thawing.

 |f freezing tissue for use later, you may want to consider cryopreserving 50
Mg tissue chunks in BAM Banker cryopreservative. (Core has not tested yet)

https://www.protocols.io/view/isolation-of-nuclei-from-frozen-tissue-for-atac-se-6t8herw/guidelines
Corces MR, et al. An improved ATAC-seq protocol reduces background and enables interrogation of frozen tissues. Nat Methods. 2017 Oct;14(10):959-962.



https://www.protocols.io/view/isolation-of-nuclei-from-frozen-tissue-for-atac-se-6t8herw/guidelines

Sample Preparation: cryopreservation

BAMBANKER cell freezing media has been tested with numerous cell types and
shown to deliver excellent cell recovery rates.

Cryopreservation tests with human gastric epithelial cells, PC12 (rat-derived
pheochromocytoma) cell line, activated human y3T Cells and Monkey B Cell
lines show improved cell survival using BAMBANKER cell freezing media when
compared to another serum-free media.

Cryopreservation with BAMBANKER ™

I BAMBANKER

Other SF Media N
Also tested with Daudi (human

B cell line), P3U1 (mouse
myeloma cell line), K5625
(human leukaemia cell line),
OKT4 (mouse hybridoma),
activated lymphocytes derived
from human peripheral blood
and activated lymphocytes

from mouse spleen.

Human gastric PC12 Human ydT Monkey B
epithelial cells Cell line Cell line

BAMBANKER cell freezing media is available in two pack sizes to suit different usage = Ready-to-use
patterns. For high volume users storing large batches of cells we recommend the
120ml pack size. Alternatively the pack of 5 smaller 20ml vials is ideal for individual
use. To minimise cross contamination of cultures or culture facilities, separate vials = Quality assured*
could also be dedicated for use with specific cell lines or culture areas.

m Freeze & store at -80 C




Sample Preparation: single nuclei RNA-seo

Extract nuclel from sample of interest.
Removes transcriptional noise from dead/dying cells.
Most often used for neuronal samples.
Good for flash frozen clinical samples.

Several studies have shown nuclear transcripts represent
a considerable portion of the whole cell transcripts.

Analysis is more difficult due to presence of introns and
non-coding RNA.

https://www.frontiersin.org/articles/10.3389/fcell.2018.00108/full#B12




Single nuclel RNA-seq

* Most often used for neuronal samples (difficult to isolate)

« Good for flash frozen clinical samples (low viability)

Patient Tumor Single Cell Suspension




Sample Preparation: single nuclei RNA-seq

Good single nuclei suspension. No clumps and minimal debris.

Nuclear membrane integrity is required until cells are encapsulated.

May need to DNase treat nuclear prep.

A of | of (1 af] ErIEnlEREs

Nanowell-based barcoding platform Droplet-based barcoding platform

o reads

% of cell gopulation

3 e i ; / F i : ; ; oy ; ?‘
Reads/ cell barcode Reads/ cell barcode Reads/ cell barcode Qs

Ideal data Free-floating R)IA




Sample Preparation: single nuclei RNA-seq

Nuclei Quality

60x Magnification/Brightfield

A: High-quality nuclei have well-resolved edges. Optimal quality for single cell ATAC libraries.
B: Mostly intact nuclei with minor evidence of blebbing. Quality single cell ATAC libraries can still be produced.
C: Nuclei with strong evidence of blebbing. Proceed at your own risk.

D: Nuclei are no longer intact. Do not proceed!

https://support.10xgenomics.com/single-cell-atac/sample-prep/doc/demonstrated-protocol-nuclei-isolation-for-single-cell-atac-sequencing




Single Nuclel Sample Preparation

‘Frankenstein’ protocol for nuclei isolation from fresh and frozen

tissue for snRNAseq < ~ Protocol has worked well for many

Luciano Martelotto!

"University of Melbourne u Se rS .

Jun 01, 2019
Works for me dx.doi.org/10.17504/protocols.io.3fkgjkw

& Run
Y% Bookmark

A Luciano Martelotto ~
¢ Copy/ Fork £ University of Melbourne o DC

Human Cell Atlas Method Development Community

Can use fluorescence activated
nuclei sorting (FANS) to select for
B,EIFI()sZ!Er:;;:ZTIa:Z reagents are kept on ice or at 4 °C (wet ice). g OOd n U C | ei '

Prepare all buffers and reagents as described in the "Materials" section.

Steps Abstract Guidelines Warnings Materials Forks Metadata More

Tissue Homogenization

1 Mince/chop tissue with a razor blade to small pieces. The tissue may be as small as a grain of rice. S U g g eSted Stal ﬂ S .
E For mincing the tissue, you may take the tube out of ice, however, be quick and return to DAP | : 7 —AAD : D RAQ - 7 , SY O

ICe.

https://www.protocols.io/view/frankenstein-protocol-for-nuclei-isolation-from-f-3fkgjkw




Nuclear Preparation

Dissociate Sample

Extract Nuclel

SCATAC-seq sSCRNA-seg
/N

.
— - ﬁ, - s
.:’.“v_':}' .

) ey . o L
it - \
e P

o b .
".t. -
g~ ¥
o ’
~ :

single-cell ATAC-seq single-cell RNA-sfq -

AR~

JD Buenrostro et al. Integrated Single-Cell Analysis Maps the Continuous Regulatory Landscape of Human Hematopoietic Differentiation Cell. 2018 May 31;173(6):1535-1548.e16.
doi: 10.1016/j.cell.2018.03.074.




10x Genomics scCATAC-seq Method Overview

Inside Individual GEMs

P5 Read 1N

10x N—

bnear Poot Barcode

Collect Amplification Remove Oil

10x Barcoded > . . .

Gel Beads

Denaturation, Linear Amplification l

/l\

= :
5 . [ ) Linear Amplification Product |
Single Nuclei 10x Barcoded Accessible 10x Barcoded Accessible

GEMs DNA Fragments DNA Fragments | e e——|
| ——

10x Read 1N Insert Read 2N
Barcode

10x Barcoded DNA Fragments

Transposition of ; P5
Nuclei in bulk '

~ 50,000 possible 10x barcodes

https://www.10xgenomics.com/solutions/single-cell-atac/




10x Genomics scATAC-seq Method Overview

Read IN ~_

AN
BN 4

AN
L
I

Insert '
pr Balgc)n(de Read N NSet < Read 2N Read 2N

Number of
Sequencing Read Description Cycles

Read1 Insert (genomic) Can read longer if desired

17 index Sample Index Sample Index

15 index Nuclel barcode Nuclel barcode

Read 2 Insert (genomic) Can read longer if desired




10x Genomics scATAC-seq Method Overview

<& | Tape Station

* 10x Example

» Single Cell Core




Sample Preparation: 10x crude nuclel protocol

1. Thaw Cells 2. Nuclei Isolation @

(For fresh cells, wash cells with PBS + 0.04% BSA, .
determine cell count, and proceed to Nuclei Isolation) Add cell suspension to 2-ml tube

Based on cell type, thaw cells using the protocol for
thawing cell lines or primary cells/fragile cells

1)

Resuspend cell pellet Add Lysis Buffer to pellet
(in 1T mlPBS + 0.04% BSA) Pipette mix

Determine cell concentration Incubate on ice (3-5 min*)
¢ A *Optimize time for complete cell lysis

v
Add Wash Buffer
See Appendix for Pipette mix

Low Cell Input Nuclei Isolation protocol

Centrifuge (300 rcf, 5 min)
Remove Silpernatant

>100,0007?

Centrifuge (500 rcf, 5 min)
Remove Supernatant
DO NOT diiturb pellet

A Resuspend in Diluted Nuclei Buffer
DNase See Appendix for Critical for optimal assay performance

Treatment?

R DNase Treatment protocol ¢

Determine final nuclei concentration
No¢ v

2 Nuclei Isolation @ Proceed to Chromium Single Cell ATAC Solution User Guide (see References)

https://support.10xgenomics.com/single-cell-atac/sample-prep/doc/demonstrated-protocol-nuclei-isolation-for-single-cell-atac-sequencing




SCATAC-seq Sample Preparation

Test lysis time

Assess level of free floating DNA
» DNase treat to remove background DNA

*  Only for primary cells

Visualize nuclel to asses clumping & debris

«  Use BSA up to 2% to minimize clumping

Count nuclel — needs to be accurate

https://support.10xgenomics.com/single-cell-atac/sample-prep/doc/demonstrated-protocol-nuclei-isolation-for-single-cell-atac-sequencing




Single-nucleus chromatin accessibility and mRNA
expression sequencing (SNARE-seq)

Nuclel tagmentation /addition of
POlyA sequence.

10x Genomics releasing kit for this
“in H2” (2"9 half of the year)

Analysis will be challenging!

Chen et al. High-throughput sequencing of the transcriptome and chromatin accessibility in the same cell, Nature Biotech Dec 2019 (DOI: 10.1038/s41587-019-0290-0)




Dual scATAC-seq & snRNA-seg

* Success of method highly Dissociate Sample
dependent on sample quality!

* Need to strike the balance between . .| Extract Nuclel
over and under lysis. B

* Wil loose 50-60% of the nuclei in ,
. single-cell ATAC-seq single-cell RNA-seq -
the sample processing. w s W N

-W.




Best practices to obtain high quality sample

Optimize a dissociation protocol that is best-suited for your
cell type of interest.

Short sample prep time.
Maintaining low temperature.

Gentle treatment

* gentle lysis condition (low temp, short time)

« short FACS time, slow sorting, bigger nozzle (in certain cases)
« Gentle centrifugation (300-500xg) and resuspension

*  Removing debris by filter or density medium

Include BSA (up to 1%) or FBS (up to 2%) in final buffer.




Resources for scRNA-seq Sample Prep

https://www.protocols.io/

https://support. 10xgenomics.com/single-cell-gene-
expression/sample-prep

https://community. 10xgenomics.com/



https://www.protocols.io/
https://support.10xgenomics.com/single-cell-gene-expression/sample-prep
https://community.10xgenomics.com/

Single Cell Core Workflow

» (Good sample prep is the key to success.

* A well planned pilot experiment Is essential
for evaluating sample preparation and for

understanding the required number of cells.

» Do not rush to the final experiment.

Consult

Sample
Prep

Pilot Experiment

Data
Analysis

Final
Experiment




Best Practices for Experimental Design

Include biological replicates.

Perform drug/treatment/model vs control on the same day.
Randomize the order of samples run on different days.

Use same sex littermates as controls in mouse experiments.

Our experience is that library prep is the largest source of batch effect.

«  Collect all your samples in one study together then prep as one large library group.




Best Practices for Experimental Design

Pilot Study Experimental Design

Control vs diseased animal
Each sample requires pooling several animals.
« Control and diseased littermates pooled for a single sample.

Both control and diseased samples run on same day.

The entire experiment Is repeated on a second day running samples.
* Load samples in opposite order.

Libraries from the four single cell samples are prepared as one batch.
Sequencing and analysis performed

« Check that sample prep was of good quality.
«  Determine that the desired information can be obtained from the experiment.




Introduction to Single Cell RNA Sequencing

» Effects of sample prep and sample type on analysis.




How Sample Prep Effects Data

|deal sample Messier Distribution Failled Run
common free floating RNA

Y

O <~
%.Q
£ ®
Oj
o Q
o O
- O
an

Log10 reads per cell barcode

Cut off usually remove any cell with < 10,000 / 20,000 barcodes per cell

It is normal for single cell RNA-seq data to contain a large number of low
complexity barcodes.

Exact threshold will depend on sample

Provided by the Harvard School of Public Health Chan Bioinformatics Core




How Sample Type can Effect Data

@
O
O
Y
O
C
O
e
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o
Q.
O
-
al

Logo1 0 F%eadzs pe:r CeII4 baré:ode
« Bimodal peak is due to sample type. (infiltrating immune cells in tumor)
* Lower peak can get filtered out in analysis.
* May want to analyzer each peak separately.

Provided by the Harvard School of Public Health Chan Bioinformatics Core




Data Analysis: Quality Control (QC) metrics

Reads per cell: How many reads assigned to a given cell barcode
UMI per cell: “Novelty” score looks for greater diversity genes per UMI
Genes detected: Genes with a non-zero count measurement per cell

Mitochondrial counts ratio: Biomarker for cellular stress

Filter Parameters (vary per experiment)
> =500 UMI counts per cell
«  >= 500 genes per cell

<=0.1% relative mitochondrial abundance

*  >=0.8 novelty score

Provided by the Harvard School of Public Health Chan Bioinformatics Core




Data Analysis: filtering & correction

Pre-Filtering

16625

Post-Filtering

14472

610
1446

cell count

cell count

237
| I

2
9
L

1] =

2084
2000
6802
1000
- 4017 4157
o

(3 o [3 e o 3
[ [ [
c c c
8 8 8 T <} T
o o o c c c
*x x * o o o
[} o 5} 5 5 5

1]
sample

sample
genotype . Flox control  Socs3 neuronal KO

genotype - Flox control Socs3 neuronal KO

Libraries were of 3,000 cells. Post-filtering retains 50-80% of cells

Provided by the Harvard School of Public Health Chan Bioinformatics Core




Data Analysis: single cell vs. single nuclel

Distributions of pairwise correlations

Read alignment Genes detected B Top correlate alrs

Exonic Intronic Intergenic Exonic Intronic
Gene dropouts

12000+

Nucleus 2

D Unweighted
100004 # ) . ¢ 15/ i_--j Weighted

80004 : . 4 Nucleus 1

60004 1 Samples

4000-

20004

50 75

Cell 1 Pairwise correlation

N

Nucleus-enriched Cell-enriched

\oltage-gated ~ Glutamate Axon Proteasome mRNA Immediate
ion channels  receptors guidance & Ribosome  processing  early genes
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Genes
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Proportion of nuclei (CPM > 0) Cells vs. Nuclei (log2 fold change)

Snrpd1 Egr1

¥l

Proportion of cells (CPM > 0)
Significance (-log10 P-value)

Expression (log2 CPM + 1)

Expression (log2 CPM + 1)

n =159 f n=8614
Nuclei > Cells & > Cells > Nuclei

TE Bakken, et al., Single-nucleus and single-cell transcriptomes compared in matched cortical cell types. PLoS One 13, e0209648 (2018)




Data Analysis: single cell vs. single nuclel

Nuclel are more stable to expression changes from dissociation.

Data from nucleil detects fewer genes per cell.

Nuclel data has much higher percentage of intronic reads.

Single nuclel sequencing seems to recapitulate the cell type

classifications observed from single cell data.

TE Bakken, et al., Single-nucleus and single-cell transcriptomes compared in matched cortical cell types. PLoS One 13, e0209648 (2018)




Final thoughts on scRNA-seq

Practice your sample prep protocol. KEY to SUCCESS

Start with a pilot sample set to ensure your protocol is working.

Do not make your scRNA-seq run day the first day you run

through the whole protocol.

Be sure sequencing core understands the specific sequencing

parameters needed for your sCcRNA-seo

qPCR

library.

Precise quantitation is key to good clustering / sequencing




