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• Single-cell genomics: Why?
• Single-cell genomics: How?
• Single-cell RNA-seq preprocessing and analysis 
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Lung

Altorki et. al., 2019
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Hoffman et. al., 2020
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Codeluppi et. al., 2018
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Lawson et. al., 2018
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Single-cell GenomicsBulk Genomics
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Klein et al Cell 2015
Macosko et al Cell 2015

Moved throughput from hundreds to thousands of cells
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Moved throughput from hundreds to thousands of cells

Klein et al Cell 2015
Macosko et al Cell 2015

● Droplet-based processing using microfluidics
● Nanoliter scale aqueous drops in oil
● 3' End
● Bead based for cell barcoding
● Uses UMI (Unique Molecular Identifier).
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Moved throughput from hundreds to thousands of cells

Klein et al Cell 2015
Macosko et al Cell 2015



>*55?@*+* /+-*.$8-/4*(-""5
cellxgene launch 10x_pbmc.h5ad

http://localhost:5005
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Klein et al Cell 2015
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• Cell Barcode: Unique cell identifier – Whitelist
• UMI: Unique molecular identifier – Random 8mer
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import scanpy as sc

ad = sc.read( <counts file> )

sc.pp.normalize_total(ad)
sc.pp.log1p(ad)

sc.pp.highly_variable_genes(ad)
sc.pp.pca(ad)

sc.pp.neighbors(ad)
sc.tl.leiden(ad)

sc.tl.umap(ad)

Click here for an example
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• Most droplets do not have cells!
• Ambient RNA

Klein et al Cell 2015
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All rows are not real cells

Ce
lls

Genes



'89:;7'*<H(9*2"4$5("6(*2G-%(#."G5*-'

log10 (Total UMIS per cell) 

Ce
lls

Genes
Likely 
Empty Droplets

Modeling approaches:
- EmptyDrops (Lun et al 2019)
- SoupX (Young et al 2020)
- DecontX (Yang et al 2020)
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• Cell encapsulation follows a Poisson distribution – are there 

reasons beyond ambient RNA, that can lead to misleading 
biology
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Wolock et al 2019
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• Assume:
• Multiplets / Doublets are rare
• Constituent singlets are present 
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• Assume:
• Multiplets / Doublets are rare
• Constituent singlets are present 

• Can this detect all possible multiplets?
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- Calculate fraction 
of molecules 
from MT genes

- Exclude cells with 
> 20% (optional)
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Cell identification
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• Larger skew in distribution of total molecules (UMIs) per cell, i.e. 

library size
• Expression values not comparable across cells
• Measuring distance between cells

Histogram of UMI count in 
example SC dataset

From Zeisel, Science 2014
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• Global normalization:
• Divide counts by total molecules in each cell
• Multiply by median [To avoid numerical issues]

• Log transform of the data

CD34+ Human bone marrow cells

No normalization Post normalization
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• Cell states are defined by expression of subsets of genes
• Goal of feature selection: Select genes that inform the 

biology rather than genes that represent random noise
• Possible Solution: How variable is the gene across cells?
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𝐷𝑖𝑠𝑝𝑒𝑟𝑠𝑖𝑜𝑛 =
𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒
𝑀𝑒𝑎𝑛
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𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝐷𝑖𝑠𝑝𝑒𝑟𝑠𝑖𝑜𝑛

=
(𝐷𝑖𝑠𝑝𝑒𝑟𝑠𝑖𝑜𝑛 − 𝑀𝑒𝑎𝑛(𝐷𝑖𝑠𝑝𝑒𝑟𝑠𝑖𝑜𝑛 𝑖𝑛 𝑒𝑥𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛 𝑚𝑒𝑎𝑛 𝑏𝑖𝑛)

𝑆𝑡𝑑(𝐷𝑖𝑠𝑝𝑒𝑟𝑠𝑖𝑜𝑛 𝑖𝑛 𝑒𝑥𝑝𝑟𝑒𝑠𝑖𝑜𝑛 𝑚𝑒𝑎𝑛 𝑏𝑖𝑛)
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𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝐷𝑖𝑠𝑝𝑒𝑟𝑠𝑖𝑜𝑛

=
(𝐷𝑖𝑠𝑝𝑒𝑟𝑠𝑖𝑜𝑛 − 𝑀𝑒𝑎𝑛(𝐷𝑖𝑠𝑝𝑒𝑟𝑠𝑖𝑜𝑛 𝑖𝑛 𝑒𝑥𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛 𝑚𝑒𝑎𝑛 𝑏𝑖𝑛)

𝑆𝑡𝑑(𝐷𝑖𝑠𝑝𝑒𝑟𝑠𝑖𝑜𝑛 𝑖𝑛 𝑒𝑥𝑝𝑟𝑒𝑠𝑖𝑜𝑛 𝑚𝑒𝑎𝑛 𝑏𝑖𝑛)
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CD34+ Human bone marrow cells

No normalization Post normalization Feature selection
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• Possible Solution: Euclidean distance between normalized, 

selected genes

Feature selection Euclidean distance 
In gene expression space

CD34+ Human bone marrow cells
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• ~5-10% of transcripts in a cell are 

captured
• Further loss during reverse 

transcription

• Genes with higher expression 
have fewer zeros 
• Non-zero values are also under-

estimates of true counts
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• Cell states are defined by co-regulated gene modules 
• PCA as a proxy to identify these genes modules 

• Selection of subset of PCs: Dimensionality reduction
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• Reduce the number of dimensions of data while preserving 
high dimensional information

• Overcome noise in high dimensions
• Computational efficiency 
• Visualization
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CD34+ Human bone marrow cells

• Two axes can only capture so much information
• Not explicitly modeled to capture as much of higher order 

information in 2D
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• SNE: Stochastic Neighborhood Embedding
• Goal: Compute a low dimensional representation that best 

preserves the local neighborhoods of cells

Linear method preserve 
larger distance

SNE preserves
local neighborhoods
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David Amir et. al, 2013
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• Claim: Better preservation of global structure compared to 

tSNE while also preserving local structure

Becht et. al., 2019
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Buttner et. al, 2018

Evaluate mixing of 
samples
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Buttner et. al, 2018

Select random 
neighborhoods of 
fixed size

Compute Shannon 
Entropy of 
distribution across 
samples
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Buttner et. al, 2018

kBET:
Chi-squared test in 
random 
neighborhoods, 
followed by 
averaging of binary 
test results
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Luecken et. al, 2020
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• Cell cycle correction 
• Gene expression imputation
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ICM
PrE
VE
Gut tube: VE
EPI
DE
Gut tube: DE

I/+)5*78*55(#$-$

Discrete clusters Continuous trajectories
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• For each point, find k nearest points using Euclidean 

distance
𝐺𝑟𝑎𝑝ℎ 𝐺 = (𝑉, 𝐸)
𝑉: 𝑆𝑒𝑡 𝑜𝑓 𝑣𝑒𝑟𝑡𝑖𝑐𝑒𝑠
𝐸: 𝑆𝑒𝑡 𝑜𝑓 𝑒𝑑𝑔𝑒𝑠
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• Graph can also be a represented as an adjacency matrix o

𝐺𝑟𝑎𝑝ℎ 𝐺 = (𝑉, 𝐸)
𝐴𝑑𝑗𝑎𝑐𝑒𝑛𝑐𝑦 𝑚𝑎𝑡𝑟𝑖𝑥 𝐴 ∈ ℝ|"|×|"|
𝐴$% = 𝐸(𝑖, 𝑗)
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• Community detection

• Identify clusters of nodes or 
“communities” with high 
density of edges within and 
low density of edges across 
communities 

Fortunato 2009
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Butler et. al. 2018
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• Marker based identification
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• Differential expression
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• Supervised approaches: Train on manually labeled cells
• Superscan

Shasha et. al. 2021



'89:;7'*<($+$5%'/'('-*G'

Cell identification

• Empty Droplets 
• Doublets
• Mitochondrial filter

Normalization

• Bias correction

Variable genes

• Feature selection

Dimensionality 
reduction/Visualization

• PCA
• tSNE/UMAP/Force 

directed layouts

Batch correction

• Comparison across 
samples

Downstream 
Analysis

• Clustering – cell type 
identification

It
er

at
iv

e 
pr

oc
es

s



='>*9:9*>&'($%&'()*+,*))$
<;>;



C+-*.G.*-/+)('/+)5*78*55(#$-$

Trajectory analysis Cell communication Regulatory Networks
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• Human Cell Atlas
• Fetal Cell Atlas

• Tabular Muris
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Count matrices (post QC) and metadata are 
typically made available
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Mouse endoderm atlas

endoderm-explorer.com

A large number of studies set up webapps for 
interacting with the data
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• Hands-on fun with single-cell RNA-seq data!


