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Read 1: unique cell barcode (16 nt) + UMI (12 nt)

Read 2: RNA 3’ sequence
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Read 1: unique cell barcode (16 nt) + UMI (12 nt)

Read 2: RNA 3’ sequence

The sequenced library

Quizz 2

How are the reads from 10x Genomics organised ?

fastq

fastq

Read 1

Read 2
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Organisation of the scRNA-seq course

● From cells to nucleotide sequences (reads)
○ focus on the 10X genomics technology
○ how are the reads organised

● Preprocessing : from reads to raw count matrix
○ quality check (FASTQC)
○ mapping (STAR)
○ how is annotation used
○ barcode and UMI treatment
○ visualizing the reads
○ constructing the count matrix
○ call cells / empty droplets filtering

12
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What is the count matrix ?

Genes are in rows 
Cells are in columns

 Cell 1  Cell 2  Cell 3  Cell 4  Cell 5
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What is the count matrix ?

Genes are in rows 
Cells are in columns

Content of the table :
gene counts (expression levels)

 Cell 1  Cell 2  Cell 3  Cell 4  Cell 5
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 Cell 1  Cell 2  Cell 3  Cell 4  Cell 5
Barcodes

Each cell is represented by a valid barcode (read1)
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Each read2 is assigned to a gene after the mapping

 Cell 2  Cell 3

 Cell 
1
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Gene names are taken from your annotation

 Cell 2  Cell 3  Cell 4 Cell 
1

Structure of a GFF3 file (annotation file)

chromosome

annotation source 
/ version

type

start / end

strand attributes (eg. gene 
names, gene ID)

general informations
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How are the reads counted ?
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read1 read2
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How are the reads counted ?

TTTTTT

BC UMI cDNA

TTTTTT

TTTTTT

TTTTTT

TTTTTT

TTTTTT

TTTTTT

TTTTTT

TTTTTT

One cell (1 BC)

One gene, detected 9 times
(1 cDNA - 9 UMI)
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How are the reads counted ?

TTTTTT

BC UMI cDNA

TTTTTT

TTTTTT

TTTTTT

TTTTTT

TTTTTT

TTTTTT

TTTTTT

TTTTTT

3 cells (3 BC)

2 genes (2 cDNA)

In practice, the count in the matrix corresponds to the 
number of UMI per barcode per gene
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How are the reads counted ?

TTTTTT

BC UMI cDNA

TTTTTT

TTTTTT

TTTTTT

TTTTTT

TTTTTT

TTTTTT

TTTTTT

TTTTTT

3 cells (3 BC)

2 genes (2 cDNA)

Cell 1 Cell 2 Cell 3

Gene 1

Gene 2
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How are the reads counted ?
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How are the reads counted ?

TTTTTT

BC UMI cDNA

TTTTTT

TTTTTT

TTTTTT

TTTTTT

TTTTTT

TTTTTT

TTTTTT

TTTTTT

TTTTTT

TTTTTT

Reads with the same BC+UMIs are assigned to the 
same gene (originate from 1 unique RNA molecule) : 

they count as 1

The UMIs are used to correct for
amplification artefacts
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How are the reads counted ?

TTTTTT

BC UMI cDNA

TTTTTT

TTTTTT

TTTTTT

TTTTTT

TTTTTT

TTTTTT

TTTTTT

TTTTTT

TTTTTT

TTTTTT

Reads with the same BC+UMIs are assigned to the 
same gene (originate from 1 unique RNA molecule) : 

they count as 1

Cell 1 Cell 2 Cell 3

Gene 1 3 1 2

Gene 2 2 1 0

Same count matrix as before
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Counting the cells

There is RNA here too 
(but no cells…)

There is RNA here
(and a cell !)

 circulating RNA (outside of cells) 

● A million of droplets to recover ~10k cells
● Problem : RNA from dead cells circulates and is encapsulated in droplets
● Question : how to differentiate between “real cells” and “droplets with RNA” ?
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Empty droplets filtering

● Need to filter the count matrix to retain the droplets most likely containing a true 
cell, removing the “empty” droplets containing only ambient RNA
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Empty droplets filtering

● Need to filter the count matrix to retain the droplets most likely containing a true 
cell, removing the “empty” droplets containing only ambient RNA

● Problem: we have no prior knowledge about whether a barcode corresponds to 
cell-containing or empty droplets. We need to call cells from empty droplets based 
on the observed expression profiles. 

?
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Empty droplets filtering

● Need to filter the count matrix to retain the droplets most likely containing a true 
cell, removing the “empty” droplets containing only ambient RNA

● Problem: we have no prior knowledge about whether a barcode corresponds to 
cell-containing or empty droplets. We need to call cells from empty droplets based 
on the observed expression profiles. 

● Principle : true cells will contain many different RNA molecules, compared to empty 
droplets containing few ambient RNA

=> translates into : barcodes associated to many UMI are more likely to be true 
cells than barcodes associated to few UMIs
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Cell 1 Cell 2 Cell 3

Gene 1 3 1 2

Gene 2 2 1 0

Total 5 2 2

Identification of the “true” cells depends on UMI diversity

1 UMI = 1 single RNA molecule  
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Identification of the “true” cells depends on UMI diversity

Gene 1 30 1 2 1 0 6 7 0 0 2 0 9 2 0 0 1 2

Gene 2 8 1 0 4 0 2 1 4 1 3 0 3 15 1 0 1 0

Total 38 2 2 5 0 8 8 4 1 5 0 12 17 1 0 2 2
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“Low UMI cells” ~ “empty droplets”
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Identification of the “true” cells depends on UMI diversity

Gene 1 30 1 2 1 0 6 7 0 0 2 0 9 2 0 0 1 2

Gene 2 8 1 0 4 0 2 1 4 1 3 0 3 15 1 0 1 0

Total 38 2 2 5 0 8 8 4 1 5 0 12 17 1 0 2 2

How do we set the threshold between “true” cells and “droplets” ?

“Low UMI cells” ~ “empty droplets”... ???
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Identification of the “true” cells depends on UMI diversity

“True” cells

“Empty” droplets 
(background)

Knee plot :
used to find the threshold 
separating the “true” cells 
from empty drops

UMI +++ UMI  - - -

Threshold
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barcodes ranks  

The knee plot (or barcode rank plot) is used 
for filtering the droplets

Steps : 
1. Keep all barcodes over first knee point
2. Deduce background from low content 

droplets
3. Select droplets under knee point if the 

composition is very different from the 
background (cells with low-content RNA)

Knee plot

UMI +++ UMI  - - -
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Cellranger

BC UMIs

● Final number of cells can be < targeted cells
● With 10x Genomics data, cell capture is usually 

around 50% - 60%

● A second round of cell filtering step is necessary. It is 
performed at the beginning of the data analyses (we 
will see that later in the course)

Cell identification with CellRanger
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input output

Call cells
Construct 

matrix
Align 
(R2)

Correct and 
filter 

barcodes

BC

filter 
and aggregate

UMIs

UMIs

Build 
index

Principle

fastq

fastq

Read1: unique cell barcode (16 nt) + UMI (12 nt)

Read2: RNA 3’ sequence

barcodes

genes

counts

tsv

tsv

mtx

Output of CellRanger
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Ambient RNA can be present in “true cells”

There is RNA here too 
(but no cells…)

There is RNA here
(and a cell !)

 circulating RNA (outside of cells) 

● Ambient RNA may also be encapsulated within droplets containing a cell (“true cells”)
● There are tools that allow to correct for this biais
● Ex : SoupX - that infers ambient RNA “soup” and removes it from the gene counting
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CellRanger output report 

Cellranger
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Cellranger

● Turnkey solution

● Many QC-metrics in 1 html summary

● Some secondary analysis

● More complex experiences : VDJ analysis, 
feature-barcoding

● Versions for ATAC-Seq, multi-omics

● Proprietary

● Only 10X product (cannot customize 
BC and UMI patterns)

● Not highly configurable

● (A lot of resource and time)                                  
but less true for recent versions

CellRanger output report 
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There are other alternatives than CellRanger

● The matrix must then be filtered: e.g. EmptyDrops (Lun et al., Genome Biol 2019).● The matrix must then be filtered: e.g. EmptyDrops (Lun et al., Genome Biol 2019).

R. S. Brüning et al., Gigascience (2022)
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● Take time to visualize the scRNA-seq signal in a genome browser (IGV)
● Results can be hugely affected by the annotation
● Exotic /poorly-annotated / non-model organisms : generate a new annotation from bulk data 

with long-read sequencing (or reconstruct with short-reads)

● Count matrix = nb of UMI per barcode (columns) per gene (row)

● Call the cells : remove the empty droplets containing ambient RNA => use of the knee plot 
to decide on the threshold and obtain the number of “true” cells

● Sometimes, need to lower this threshold for small cells/low-RNA content
● More filters will be applied in the downstream analysis

Take-home messages
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