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technologies & libraries



Evolution of scRNAseq techniques
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Methods for single

cell isolation
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Some scRNAseq strategies
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Sequencing cDNA: length limitations

Genomic DNA  e——

l Fragmentation
NGS max sequencing capabilities:

Adapters

HiSeq2500 : 2 x 300 bp (rapid run v2) e
NovaSeq : 2 x 250 bp Lo

Sequencing
Library

NGS library is prepared by fragmenting a gDNA sample and
ligating specialized adapters to bath fragment ends.



Unique Molecular Identifiers
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UMI correction:

1 edit distance can be confidently corrected

Different strategies exists, integration of UMI + CB + mapped read, network based methods.

UMI-tools: Modelling sequencing errors in Unique Molecular Identifiers to improve quantification accuracy
(Smith et al. Genome Research 2017)




fragmentation associated to UMI increases coverage for a given mRNA
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CB UMI poly(T) MRNA fragment

In 3’ libraries, actual coverage vary according to the level of duplication of a given cDNA.



A dichotomous overview of scRNAseq technologies

number of genes

SMART-seq2
droplet-RNAseq
o—
-
SMART-seq2: Droplet-based
~ 100 cells (eg. 10x):
~1MRPC ~ 10000 cells
~ 50 k RPC
3’ librairies

full-length libraries UMl



More cells, or more genes?
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Transcript coverage

droplet-based (10x): SMARTseq2:
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Application: TCRseq

« 3’ libraries : detection of rearranged TCR is possible in 1-2 % or enriched T cells

* 5’libraries : detection is possible in 100 % of the cells.

Pooled amplified cDNA processed in bulk
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Application: splicing variants

Depending on the location of the splice locus + the transcript coverage,
Isoforms can be detected (see velocyto for specific applications).
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Comparative sensitivity of scRNAseq technologies
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Comparative sensitivity of scRNAseq technologies
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Drop-out across technologies
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Key point : whatever the sc technology, not detecting any
transcript is not a proof the gene isn’'t expressed.



A practical consideration

Table 1. Cost Efficiency Extrapolation for Single-Cell RNA-Seq Experiments

Method
CEL-seg2/C1
Drop-seq
MARS-seq
SCRB-seq
Smart-seq/C1

Smart-seq2

(commercial)

Smart-seq2 (in-house

Tn5)

FD R.I

TPR® (%)

Cell per
Group” (S)

86/100/110  ~9
99135254  ~0.1
110/135/160  ~13

64/90/166

95/105/128

95/105/128

Library Cost

Minimal Cost" ($)
~2,420(2,310/2,250
~1,010/700/690
~1,380/1,030/820
~900/810/1,080
/9,440/11,290

~10,470/11,040

/13,160

~1,520/1,160/1,090

Ziegenhain et al. Molecular Cell (2017)



primary analysis & data generation



QC pre-check: quality of sequenced reads

nger / llumina 1.9 encoding) Qualty scores across all bases (Sanger / lllumina 1.8 encading} qualty scores acrass all bases [Sanger / llumina 1.9 encading)
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Positional quality of the sequenced reads (Phred scores). Bottom-left: experiment with a flowcell issue.
Inspecting the quality of the sequencing (eg. fastqc, reads above Q30 in CR report...) is recommended.



Cell calling in droplet-based technologies
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Mapping or transcript quantification

mapping engines:
* tophat, bowtie2, STAR

alignment-free transcript quantification:
 RNASKiIm, eXpress, kallisto, salmon



Transcript mapping (eg. STAR)
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1. Sequenced reads (fastq file) + reference genome = alignements (SAM/BAM file)
2. Feature quantification (eg. FeatureCounts, HTseq)



Transcript quantification, quasi-mapping (eg. Salmon)

Reference transcripts
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1. Sequenced reads (fastq file) + reference transcriptome = count matrix (usually TPM)



RNAseq expression units
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Summary of primary analysis

(BCL folders) (base calling)
|
fastq sequencing QC quality trimming
cell calling

(.sam .bam) alignement +
expression counting UMI deduplication

OR transcript quantification

COUNT MATRIX
— downstream analysis

.rds, .h5, .csy, ...



downstream applications



Data partitioning and cell clustering
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Application: cell heterogeneity

e How to define a cell subset? Correlation with a cell cluster?

* Any matrix can be mathematically partitioned

* Adiscrete partitioning of the data is not always desirable: continuous
scales are more adapted to dynamic processes such as cell

differentiation.



Application: transcriptional dynamics and differentiation processes
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Application: identification of gene regulatory modules (SCENIC, Aerts lab)
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Application: scRNAseq & scATACseq
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experimental and technical biases



Observed transcript counts are the combination of factors
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Confounded designs in scRNAseq

Confounded design Balanced design
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Using cell hashing to resolve confounding experimental designs

barcoded (HashTagOligo)
1 antibody per batch/pool (eg. ubiquitous epitope) A o
1 HTO per sample %’
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Doublets in heterogenous samples

nGene nUMI fractMito fractRibo
a.

1SME 2

211111
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doublets cells are defined by co-expression of both T- and APC- restricted genes (an
Immune synapse has been captured)



Estimating the appropriate sequencing depth
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Transcripts coding for Ribosomal Proteins are abundant in cells

human sample - myeloid cells

Top 50 account for 30, 79 of total
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murine sample - lymphoid cells

Top 50 account for 30.3% of total
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Ribosome biogenesis is quickly regulated by the cellular environment
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Technical artifacts: effect(s) of sample processing on gene detection
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Batch effect in technical replicates (mouse littermates)
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Artifacts, variations and technical limitations in scRNAseq experiments

l. Tissue Procurement

Source: Key considerations: Study design:
- Primary human - Biological variation - Biological replicates
- Model organism - Sampling/handling variation - Technical replicates
- Cell culture - Duration of sourcing - Cell number calculation
- Workflow optimization
Il. Tissue Dissociation v
@ B @ Method: Key considerations: Quality control:
0 @@ ® - Mechanical mincing - Experimental consistency - FACS analysis
< (®)_< . Enzymatic digestion - Shortest duration - gPCR for marker genes
B8 @ -Automated blending - Highest cell/inucleus quality - Imaging of cell integrity
< (1) - Microfluidics devices - Representation of all cell types - RNA quality (RIN)
lll. Cell Enrichment (optional)
Method: Key considerations:
@@@ - Differential centrifugation, sedimentation, filtration - Additional ha_ndling
@ @) @® . antibody labeling for positive/negative selection - Longer duration
@® ®@ - Flow cytometry or bead-based enrichment - Loss of RNA quality
= - Dead cell removal - Transcriptome changes

IV. Single Cell RNAseq Platform

Method: Key considerations:

- Droplet-based - Cell throughput and handling time

- Tube-based after FACS - Gene coverage and cell type detection
- Microwell-based - Whole transcript versus 3’end counting
- Microfluidics-enabled - Imaging capability for doublet detection

V. Library Sequencing

T Method: Sequencing depth considerations:
é,@f&‘ié _ lllumina NGS - 3’end counting: Iow_r depth ~50K RPC
s ﬁ:?"&df - Compatible with cDNA library - Whole transcn_p_t: high depth ~1M RPC
e ler - Alternative splicing: ~20-30M RPC

= GC - lterative optimization for biological system

VI. Computational Analysis

Key considerations: Sample Batch correction approaches:
- Separation of batch and condition - (D39” HaISTinQ
5 - Technical vs. biological variation - Démuxie i i
d - Canonical correlation analysis (CCA) Nguyen et al ' Frontlers In Ce"

- MAST Developmental Biology (2018)




Summary (1)

* scRNAseq has inherent technological limitations:

— data are noisy (dropouts)

- lowly expressed genes can remains undetected

— samples can be contaminated by unexpected cell types

- samples will contain (homotypic and heterotypic) doublets

- only specific experimental set-ups can resolve confounding design
— replicates without any technical/batch effect are (very) unlikely



Summary (2)

* key points to consider during pre-processing of scRNAseq:

- a good understanding of the nature of the sample is essential
(sampling conditions, preparation, purity)

- 1dentifying the source of technical effects helps resolving them

- before any correction of multiple batches, an individual exploration of
single samples is highly recommended
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