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Aim for today

To provide an introductory overview of the current computational tools used
In scRNA-seq, with an emphasis on breadth rather than depth.

Please feel free to ask questions!
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Today’s presentation

* 1) Introduction to single-cell RNA-sequencing (scRNA-seq)
* Motivation
« Technology

» 2) scRNA-seq of healthy tonsillar B cells
* Motivation
« Overview of common analysis practices
« UMAP, t-SNE, and trajectory inference
 Trajectory inference in B cell maturation

« 3) CITE-seq of peripheral blood cells in MS before/after treatment
* Multimodal data
* Integration of multimodal data

* Fin) Further reading and useful references
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Introduction to scRNA-seq
Motivation




Why do we use scRNA-seq?
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Why do we use scRNA-seq?

RNA ultimately provides one
approach” at gaining insight into
cellular function and processes

*whether this approach is sufficient to show insight
depends on the context... and the reviewer @&

Part 1: Introduction to single-cell RNA-sequencing (scRNA-seq) Pereliman



Why do we use scRNA-seq?
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Why do we use scRNA-seq?
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Why do we use scRNA-seq?
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Introduction to scRNA-seq
Technology




How do we perform scRNA-seq?
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How do we perform scRNA-seq?
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How do we perform scRNA-seq?
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1000s of DNA-barcoded single-cell transcriptomes
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Correspondence
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In Brief

Capturing single cells along with sets of
uniquely barcoded primer beads together
in tiny droplets enables large-scale,
highly parallel single-cell transcriptomics.
Applying this analysis to cells in mouse
retinal tissue revealed transcriptionally
distinct cell populations along with
molecular markers of each type.
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How do we perform scRNA-seq?
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How do we perform scRNA-seq?

Initially and now: re-explore difficult to study systems with these
tools and build "atlases” or “landscapes” of these tissues

nature

IMMUNOGENOMICS Explore Content v Journal Information v  Publish With Us v

A cell atlas of human thymic development defines

T cell repertoire formation SINGLE-CELL ANALYSIS nature > articles > article

Jong-Eun Park, Rachel A. Botting, Cecilia Domi: z Conde, Dorin-Mirel P , Marieke Lavaert, °

b e o, e e, s i o s o Cell type atlas and lineage tree of i | Pt 25 202

arsresermry-veny ey arent= sy byl a whole complex animal by Construction of a human cell landscape at single-
Kourosh Saeb-Parsy, Steven Lisgo, Deborah Henderson, Roser Vento-Tormo, Omer A. Bayraktar, cell level

T e b e, e e it S St M . single-cell transcriptomics

Xiaoping Han £, Ziming Zhou, [...] Guoji Guo &2

Mireya Plass,’* Jordi Solana,'*t F. Alexander Wolf,? Salah Ayoub,’

Aristotelis Misios,' Petar GlaZar,' Benedikt Obermayer,'t Fabian J. Theis,>* Nature 581, 303-309(2020) | Cite this article

nature Christine Kocks," Nikolaus Rajewsky'§ 68k Accesses | 53 Citations | 406 Altmetric | Metrics
Explore Content v  Journal Information v  Publish With Us v
RESEARCH ARTICLE SUMMARY
articles > article
DEVELOPMENT
Article | Open Ac Published: 24 September 2020 .
Cells of the adult human heart Ce“ A lmeage-resolved molecular atlas
Monika Litvisukovs, Carlos Talavera-L6pez, ..] Sarah A, Teichman Single-cell landscape of the ecosystem in early- of C. elegans embryogenes;s at
at. ccems | ot | 1808 At | e relapse hepatocellular carcinoma sing]e-ce[] resolution

Jonathan S. Packer*, Qin Zhu*, Chau Huynh, Priya Sivaramakrishnan, Elicia Preston,
Hannah Dueck, Derek Stefanik, Kai Tan, Cole Trapnell, Junhyong Kimf,
Robert H. Waterstont, John I. Murrayf

Part 1: Introduction to single-cell RNA-sequencing (scRNA-seq) Perelman

UNIVERSITY 0f PENNSYLVANIA



How do we perform scRNA-seq?

Emerging: leverage these tools for more traditional
“hypothesis-driven” questions
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How do we perform scRNA-seq?

Datasets continue to increase in size (more cells detected and better sensitivity)...
and a parallel increase in tool development to make sense of these data
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Only so many old methods that can be repackaged...

1.3 million murine brain cells

Figure credit: Valentine Svennson and Lior Pachter
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scRNA-seq of healthy tonsillar B cells
Motivation




Tonsillar B cells: an atlas-type approach

Memory B cells
’ Plasma cells

S |

Lymph node
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Tonsillar B cells: an atlas-type approach

Tonsil (~ lymph node) 10X Chromium
from 3 healthy donors

B cells (recovered 43K Ce”S)
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scRNA-seq of healthy tonsillar B cells
Overview of common analysis practices




Overview of data processing

An example of one tonsil’s dataset (8,828 cells)

Number of unique mRNA species Number of RNA molecules _ _ .
detected per cell (median = 1,066) detected per cell (median = 2,860) Result is a relatively sparse matrix
30000 A
Cell | Cell [ Cell | Cell | ... | Cell
1 2 3 4 N
3000 -
Gene 1 10| 0| 10| o0
10000 -
Gene 2 0 0 39 0
Gene 3 87 11 4 0
1000 -
3000 - Gene 4 0 0 0 41
Gene 16,000
1000 -
300 -
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Data processing overview

. ) center PCA
scale by library size, variable feature & scale
Single cell log1p transform Single cell selection (x = 3000) Single cell Scaled single Single cells
matrix matrix matrix cell matrix in PC space
(n x p) (n x p) (n x 3000) (n x 3000) (n X Npcs)
n =cells
p =genes

Typically, selection using variance stabilizing
transformation: LOESS. log(var) ~ log(mean) and
standardize variance

Most common workflow
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Data processing overview

center PCA
& scale

scale by library size,
log1p transform

variable feature
selection (x = 3000)

Single cell Single cell Single cell Scaled single Single cells
matrix matrix matrix cell matrix in PC space
(n x p) (n x p) (n x 3000) (n x 3000) (n X Npg,)

n =cells
p =genes
sctransform
model counts using regularized
. . . PCA
negative binomial and use Pearson
residuals as scaled values Scaled single Single cells
cell matrix in PC space
(n x 3000) (n X Npcs)
I Genome Biology
Home About Articles Submission Guidelines
N . see aISO

Method | Open Access | Published: 23 December 2019 _____“Genome Biology

Normalization and variance stabilization of single-cell -

RNA-seq data using regularized negative binomial

° Method | Open Access | Published: 23 December 2019

regression Feature selection and dimension reduction for single-

hii remeister & & Satia & cell RNA-Seq based on a multinomial model
E. William Townes, Stephanie C, Hicks, Martin J, Aryee & Rafael A, Irizarry &

Genome Biology 20, Article number: 296 (2019) | Cite this article Genome Biology 20, Articke number: 295 (2019) | Cite this article

29k Accesses | 144 Citations | 65 Altmetric | Metrics 18k Accesses | 24 Ciations [ 114 Attmetric | Matrca
O This.article has been updated
© The Correction to this article has been published in Genome Biology 2020 21:179
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Data processing overview

scale by library size,
log1p transform

center PCA
& scale

variable feature

Single cell Single cell selection (x = 3000) Single cell Scaled single Single cells
matrix matrix matrix cell matrix in PC space
(nxp) (nxp) (n x 3000) (n x 3000) (n X Npgs)

n = cells

p = genes

sctransform

model counts using regularized
negative binomial and use Pearson
residuals as scaled values

PCA

Scaled single Single cells
cell matrix in PC space
(n x 3000) (n x Npgs)

scVi

Bayesian variational inference model :
Single cells
in latent

space
(nx N)
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Data processing overview

scale by library size,
log1p transform

center PCA
& scale

variable feature

Single cell Single cell selection (x = 3000) Single cell Scaled single Single cells
matrix matrix matrix cell matrix in PC space
(nxp) (nxp) (n x 3000) (n x 3000) (n X Npgs)

n = cells

p = genes

sctransform

model counts using regularized
negative binomial and use Pearson
residuals as scaled values

PCA

Scaled single Single cells
cell matrix in PC space
(n x 3000) (n x Npgs)

scVI

Bayesian variational inference model

Single cells
in latent

space
(nx N)
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Data processing overview

Single cells

in PC space
(n X Npcs)
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Data processing overview

k-nearest neighbors
construction
(typically k = 20 to 40)

Single cells Single cell KNN
in PC space (nxn)
(n X Npcs) (if adjacency matrix)

(approximate NN)
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Data processing overview

k-nearest neighbors
construction
(typically k = 20 to 40)

Single cells Single cell KNN
in PC space (nxn)
(n X Npcs) (if adjacency matrix)

(approximate NN)

2-dimensional visualizations (UMAP can do 3+)
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Data processing overview

k-nearest neighbors
construction
(typically k = 20 to 40)

Single cells

in PC space
(n X Npg)

(approximate NN)

2-dimensional visualizations (UMAP can do 3+)

Single cell KNN
(nxn)
(if adjacency matrix)

5
UMAP_1 -50

Part 2: scRNA-seq of healthy tonsillar B cells

50

Graph-based
clustering methods
using an SNN
(Louvain, Leiden)

Identify genes
enriched in clusters

Annotate clusters with
determined identities

Louvain and Leiden modularity
clustering are almost exclusively
used in the single-cell literature

This step requires knowledge of
the literature of your system and
manual curation.
Supervised classifiers are
growing in use, however.
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Graph-based .
clustering methods A. Publishable atlas-level

Data processing overview using an SNN annotation resource

(Louvain, Leiden)

B. Compositional or

k-nearest neighbors differential expression

construction

. _ analyses for condition-
(typically k = 20 to 40) based experiments

|dentify genes C. Network analyses:
enriched in clusters cell-cell and gene-gene
interactions network
analysis

Single cells Single cell KNN

in PC space
(n X Npcs)

(nxn)
(if adjacency matrix)

(approximate NN)

D. Trajectory inference

Annotate clusters with e pséil;cliostg;nporal
determined identities y

2-dimensional visualizations (UMAP can do 3+)

50

5
UMAP_1 -50

UMAP_1
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Graph-based .
clustering methods A. Publishable atlas-level

Data processing overview using an SNN annotation resource

(Louvain, Leiden)

B. Compositional or

k-nearest neighbors differential expression

construction

. _ analyses for condition-
(typically k = 20 to 40) based experiments

|dentify genes C. Network analyses:
enriched in clusters cell-cell and gene-gene
interactions network
analysis

Single cells Single cell KNN

in PC space
(n X Npcs)

(nxn)
(if adjacency matrix)

(approximate NN)

D. Trajectory inference

Annotate clusters with e pséil;cliostg;nporal
determined identities y

2-dimensional visualizations (UMAP can do 3+)

50

5
UMAP_1 -50

UMAP_1
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scRNA-seq of healthy tonsillar B cells
UMAP, t-SNE, and trajectory inference




Clusters and dimensional reduction in tonsillar B cell dataset

UMAP and t-SNE are traditionally used as visualization tools ...

801

UMAP_2

Pereliman
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Clusters and dimensional reduction in tonsillar B cell dataset

UMAP in pan‘icular has gained most l\ https://umap-learn.readthedocs.io/en/latest/index.html
UMAP

traction in scRNA-seq field

How to Use UMAP 1 fuo

3 Basic UMAP Parameters 1 i .
. ; . £ )
[BPLCG2 Plotting UMAP results | 2 N gt % [

UMAP Reproducibility

101

Transforming New Data with UMAP
Inverse transforms

Parametric Embedding

5 _ . PP IETI S, UMAP on sparse data

UMAP for Supervised Dimension
Reduction and Metric Learning

Using UMAP for Clustering

UMAP_2

Outlier detection using UMAP

Combining multiple UMAP models

Better Preserving Local Density with
DensMAP

Document embedding using UMAP

Embedding to non-Euclidean spaces

How to use AlignedUMAP

57 AlignedUMAP for Time Varying Data

Release Notes

Frequently Asked Questions
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Clusters and dimensional reduction in tonsillar B cell dataset

These reductions are largely for visual use...
with the exception of their utility in trajectory inference methods

Key assumption: chosen dimensionality reduction (UMAP. t-SNE, whatever you use) captures
continuum of cell states across paths of maturation, transition, or development

Part 2: scRNA-seq of healthy tonsillar B cells Perei@nan

Sl lf\1l



Clusters and dimensional reduction in tonsillar B cell dataset

Stem cell PCA, UMAP, t-SNE, ICA, DDRTree,
. PHATE, Diffusion maps, etc...
" ...‘ O
® @ %e° %
O o 09
o ® 2
‘ Cell fate A
° o
‘ Cell fate B
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Clusters and dimensional reduction in tonsillar B cell dataset

PCA., UMAP, t-SNE, ICA, DDRTree, As of 2019, 70+ Tl methods developed,
PHATE, Diffusion maps, etc... with differing performance...
o
: e %
o® %o
o0 :o
o
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Clusters and dimensional reduction in tonsillar B cell dataset

Use the trajectory as a “pseudo-time” axis and project cells to this time axis:
each cell will now have an associated “pseudotime” (and trajectory membership)

Manual assighment to time =0

Gene A expression

o090 pseudotime

pseudotime
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Clusters and dimensional reduction in tonsillar B cell dataset

Unlike previous analyses, very little consensus within the field for choosing a single method

nature biotechnology

Explore Content v  Journal Information v  Publish With Us v

nature > nature biotechnology > articles > article

Article | Published: 01 April 2019

A comparison of single-cell trajectory inference
methods

Wouter Saelens, Robrecht Cannoodt, Helena Todorov & Yvan Saeys &

Nature Biotechnology 37, 547-554(2019) | Cite this article
35k Accesses | 195 Citations | 228 Altmetric | Metrics
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Clusters and dimensional reduction in tonsillar B cell dataset
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Clusters and dimensional reduction in tonsillar B cell dataset

IDENTIFIED TRAJECTORIES DO NOT ALWAYS IMPLY CELL LINEAGE RELATIONSHIPS!

Wilk et al, 2020, Nature Medicine (Figure 4a)
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No evidence that plasmablasts transdifferentiate into developing neutrophils in severe
COVID-19 disease

José Alquicira-Hernandez', Joseph E Powell"**, Tri Giang Phan'**

! Garvan Institute of Medical Research, 384 Victoria St, Darlinghurst NSW 2010, Sydney, Australia
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“UMAP embeddings may reflect the expression of similar genes but not necessarily direct

cell lineage relationships”

(this should be obvious but there exist plenty of examples of this in the literature .Q)
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scRNA-seq of healthy tonsillar B cells
Trajectory inference in B cell maturation




Clusters and dimensional reduction in tonsillar B cell dataset

Memory B cells

7 Plasma cells
Naive B cells

101

5.
NI
<
5
-54
Part 2: scRNA-seq of healthy tonsillar B cells Eﬁg%ﬁlmlang

UNIVERSITY 0f PENNSYLVANIA



Clusters and dimensional reduction in tonsillar B cell dataset
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Clusters and dimensional reduction in tonsillar B cell dataset
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CITE-seq of peripheral blood cells in MS

before/after treatment
Multimodal data




Why do we use scRNA-seq?

RNA ultimately provides one approach at
gaining insight into cellular function and
processes

But we know that cell function is defined
by more than just RNA...
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Multimodal data analyses (slide already dated...)
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CITE-seq perhaps most commonly used (and commercially
available) method
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What are the advantages?

These 4 CD4 T cell populations functionally 4 populations poorly captured using solely RNA

different based on decades of study information...
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What are the advantages?

These 4 CD4 T cell populations functionally Adding surface protein expression information

different based on decades of study helps in population discrimination.
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Building in an additional data modality into our analysis

Single cell matrix
(n x m)

Single cell matrix
(nxd)

n = number of cells
m = number of genes
d = number of protein markers
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Further reading and useful references




References

« Software packages
« Seurat (R): https://satijalab.org/seurat
« scanpy (python): https://scanpy.readthedocs.io/en/stable/
« scVi (python): https://www.scvi-tools.org/en/stable/

 Single cell technologies

« Droplet-based 10X profiling (RNA, surface protein, immune repertoire, perturbation)
https://www.10xgenomics.com/products/single-cell-gene-expression

« SeqWell http://shaleklab.com/resource/seq-well/
« NYGC: https://www.nygenome.org/labs/technology-innovation-lab/
« Combinatorial indexing: https://cole-trapnell-lab.qgithub.io/projects/sc-rna/

* Preprocessing techniques
« Doublet detection with scrublet (Wolock SL et al. https://www.cell.com/cell-
systems/pdfExtended/S2405-4712(18)30474-5 )

« Background RNA with SoupX (Young MD et al.
https://academic.oup.com/gigascience/article/9/12/giaa151/6049831)
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 Count data transformation

 sctransform (part of Seurat now, Hafemeister et al.
https://genomebiology.biomedcentral.com/articles/10.1186/s13059-019-1874-1 )

 GLM-PCA (Townes FW et al. _
https://genomebiology.biomedcentral.com/articles/10.1186/s13059-019-1861-6 )

« Data integration (aka batch correction)

« Seurat v3 (Stuart T et al. https://www.cell.com/cell/pdf/S0092-8674(19)30559-8.pdf )

. I6I6a1rgl%n)y (in Seurat now, Korsunsky | et al. https://www.nature.com/articles/s41592-019-
* bbKNN (in scanpy now, Polanski Ketal.
https://academic.oup.com/bioinformatics/article/36/3/964/5545955 )
* Clustering
* Louvain & Leiden modularitK detection _ _
(http://bioconductor.org/books/release/OSCA/clustering.html#clustering-graph )
* Machine learning methods

e scVI
« DESC (Li X et al. https://www.nature.com/articles/s41467-020-15851-3 )
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e Data visualization

« UMAP (in Seurat and scanpy now, also at https://umap-learn.readthedocs.io/en/latest/
and R https://cran.r-project.org/web/packages/uwot/index.himl)

* t-SNE (in Seurat)
« PHATE (Moon KR et al. https://www.nature.com/articles/s41587-019-0336-3 )
* ForceAtlas2 (in scanpy)

 Trajectory inference

« Slingshot (Street K et al. _
https://bmcgenomics.biomedcentral.com/articles/10.1186/s12864-018-4772-0 )

. 8%3'10\6%}/30” )FA et al. https://genomebiology.biomedcentral.com/articles/10.1186/s13059-
- -X

* RNA velocity (part of scVelo package in 8¥thon, most recent pub at Bergen V et al.
https://www.nature.com/articles/s41587-020-0591-3 )
« Multi-modal data anlysis

« Weighted nearest neighbors (in Seurat now, Hao Y et al.
https://www.biorxiv.org/content/10.1101/2020.10.12.335331v1.full )

« totalVI (part of scVI, Gayoso A et al.
https://www.biorxiv.org/content/10.1101/2020.05.08.083337v2 )
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» Useful reference dictionary: http://bioconductor.org/books/release/OSCA/
Orchestrating Single-Cell Analysis with

Bioconductor

Authors: Robert Amezquita [aut], Aaron Lun [aut, cre], Stephanie Hicks [aut], Raphael Gottardo [aut]
Version: 1.0.6

Modified: 2020-11-13

Compiled: 2020-12-08

Environment: R version 4.0.3 (2020-10-10), Bioconductor 3.12

License: CC BY-NC-ND 3.0 US

Copyright: Bioconductor, 2020

Source: https://github.com/Bioconductor/OrchestratingSingleCellAnalysis
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On cyclical structures, RNA velocity, and trajectory inference

» Gene expression dynamics of cyclical structures in dimension reductions:
« See Figure 2 of https://www.nature.com/articles/s41590-018-0181-4

« Other packages exist amenable to or specific to cyclical analyses:
« See Figure 2 of https://www.nature.com/articles/s41587-019-0071-9

 Incorporation of RNA velocity into cell cycle and visualization
« See preprint at https://twitter.com/lylaatta/status/1355161798845095936

* RNA velocity pre-processing matters
« https://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi. 1008585

» Latest RNA velocity publication
* https://www.nature.com/articles/s41587-020-0591-3
« See scVelo package: https://scvelo.readthedocs.io/

* Framework for gene expression analyses in trajectory inference
« See tradeSeq package: https://www.nature.com/articles/s41467-020-14766-3
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Thanks!
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